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Highlights

What are the main findings?

e A SAM-based automated framework was developed for oyster reef extraction from
UAV (Unmanned Aerial Vehicle) DOM (Digital Orthophoto Map) imagery.

e  Optimized parameters significantly improved segmentation accuracy under both
illuminated and shaded conditions.

What are the implications of the main findings?

e  The proposed method enhances the robustness of intertidal habitat monitoring under
complex environmental conditions.

e It provides a scalable solution for high-precision coastal ecological assessment using
UAV remote sensing.

Abstract

Monitoring the spatial distribution of oyster reefs in an accurate, efficient, and flexible man-
ner is crucial for assessing changes in nearshore fishery habitat environments. However,
traditional optical remote sensing methods are often affected by illumination variation,
tidal fluctuation, and spectral confusion in complex intertidal environments. An auto-
mated extraction framework based on the SAM (Segment Anything Model) using UAV
(Unmanned Aerial Vehicle) DOM (Digital Orthophoto Map) imagery is proposed to achieve
high-precision oyster reef identification and area estimation. Multi-resolution UAV imagery
was processed, and key SAM parameters were systematically optimized under different
illumination conditions. The results show that spatial resolution significantly influences
segmentation accuracy, and appropriate resolution selection improves both stability and
reliability. Based on UAV data acquired in 2025, the total oyster reef area in the study
region was estimated to be 2.24 ha. After parameter optimization, segmentation accuracy
improved from 93.22% to 97.61% in illuminated areas and from 93.30% to 96.67% in shaded
areas. The proposed method demonstrates strong robustness under varying environmental
conditions and effectively enhances boundary detection accuracy. A scalable and reliable
approach is provided for coastal habitat monitoring and offers new insights into automated
object extraction in complex remote sensing imagery.
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1. Introduction

Opyster reefs not only provide crucial habitat spaces for various marine organisms and
fishery resources in the nearshore area but also play important ecological service functions
through processes such as water filtration, carbon sequestration, nitrogen removal, and
coastal stability [1-5]. Therefore, based on their ecological and resource value, high-
precision monitoring of the spatial distribution pattern of oyster reefs has become one of
the important means for assessing environmental changes in the nearshore fishery habitats.
In the main distribution area of oyster reefs, the Oyster Hill National Marine Park in
Nantong City, Jiangsu Province, houses the largest intertidal live oyster reef in China,
which has significant scientific research and ecological protection value.

However, under the combined influence of overfishing, coastal development, and
climate change, the habitat of oyster reefs is showing a continuous-degradation and rapid-
reduction trend [6-8]. The increase in sea temperature, rise in sea level, and frequent
occurrence of extreme weather events caused by climate change have further exacerbated
the instability of the ecosystem [9,10]. At the same time, environmental pressures such
as water eutrophication, sediment accumulation, and pollutant input have significantly
affected the growth of oysters and the stability of the reef structure [11]. Therefore, it
is urgent to establish a high-precision, repeatable, and spatially quantitative monitoring
method to achieve refined assessment of the spatial distribution and area changes of
oyster reefs.

In recent years, with the development of remote sensing technology and geographic
spatial analysis methods, multi-source data have been increasingly applied to extract
information about oyster reef habitats [12-15].

Previous studies have demonstrated the feasibility of remote sensing techniques for
oyster reef mapping using both satellite and UAV imagery. Satellite remote sensing has
been widely applied for large-scale coastal habitat monitoring and provides an effective
means for mapping oyster reef distribution over broad spatial extents. However, its
application to intertidal oyster reefs remains limited by relatively coarse spatial resolution,
cloud contamination, fixed revisit intervals, and the mismatch between satellite overpass
times and favorable low-tide conditions, which often reduce the visibility of exposed
oyster reefs [16,17]. Compared with satellite imagery, UAV-based remote sensing provides
centimeter-level spatial resolution and flexible data acquisition, making it particularly
suitable for detailed oyster reef mapping and quantitative area estimation. Recent studies
have demonstrated that UAV imagery can effectively improve the identification of oyster
reef boundaries and habitat characteristics [16,18,19]. Nevertheless, most existing methods
still rely on manual interpretation, object-based image analysis, or conventional machine
learning algorithms, which remain sensitive to illumination variation, shadow interference,
and complex sediment backgrounds, especially when delineating fine reef boundaries.

However, due to factors such as tidal changes, sedimentary environment, meteorologi-
cal conditions, and satellite revisit cycle, the application of high-resolution satellite images
in the intertidal zone still faces problems such as poor timeliness of acquisition and insuffi-
cient spatial accuracy, making it difficult to meet the requirements for precise boundary
identification and quantitative estimation of the area of oyster reefs [20]. Therefore, UAV
(Unmanned Aerial Vehicle) technology, due to its advantages of ultra-high spatial resolu-
tion, flexible deployment, and rapid data acquisition, has gradually become an important
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means for nearshore ecological monitoring [20,21]. Especially of note, the DOM (Digital
Orthophoto Map) images constructed based on UAV images, through geometric correction
and image stitching, can provide high-precision spatial data with a real geographical scale,
enabling the extraction of target areas to have clear physical meaning and high quantitative
reliability [12-16]. Therefore, UAV DOM images provide key data support for the spatial
distribution and precise estimation of the area of oyster reefs [22-24].

Although the images captured by drones have significant advantages in terms of
spatial resolution, in the complex intertidal environment, they are affected by factors
such as light changes, shadow effects, sediment background, and water body reflection.
Only by relying on traditional threshold-based or rule-based segmentation methods can
the boundary of the oyster reef be highly accurately identified. Especially in small-scale
structures and boundary transition areas, this process is prone to false segmentation or
missed segmentation, thereby directly affecting the accuracy of area extraction [25]. The
edge of the oyster reef is usually located in the transitional area between the reef body and
the surrounding tidal flats or sediment environment, with weak spectral feature differences
and a complex spatial structure [26]. Under the combined effect of sediment coverage and
light changes, the reef boundary often presents blurred or broken characteristics, leading to
significant uncertainty in area estimation based on traditional methods. Therefore, how to
achieve high-precision boundary identification and stable segmentation under complex
environmental conditions has become a key issue to improve the accuracy of oyster reef
area extraction.

With the development of deep learning technology, segmentation methods based on
visual foundation models have gradually become an important direction for remote sensing
information extraction [25,27]. Among them, the SAM (Segment Anything Model) is a
universal segmentation model with strong generalization ability which can achieve high-
quality target-level segmentation without the need for re-training for specific tasks [28].
Compared with traditional methods, the SAM shows stronger boundary perception ability
and structural expression ability in complex scenes and is particularly suitable for intertidal
environments with complex target shapes and significant background interference.

Recently, the Segment Anything Model (SAM) has attracted considerable attention in
remote sensing owing to its excellent zero-shot segmentation capability. Previous studies
have successfully applied the SAM to seafloor mapping [29], river-water extraction [30],
and multispectral image labeling [31], demonstrating its strong adaptability in complex
natural environment. However, to the best of our knowledge, the SAM has not yet been
applied to automated oyster reef segmentation, and its performance under varying tidal
conditions, illumination, and multi-resolution UAV imagery remains largely unexplored.

In addition, the SAM can be flexibly adapted in different spatial scales and light condi-
tions through a multi-parameter regulation mechanism, thereby improving the stability of
the results while maintaining the accuracy of segmentation. Based on the orthophoto im-
ages from the drone, the system analyzes and optimizes the parameters of the SAM, which
is expected to significantly improve the accuracy of oyster reef boundary identification
and further enhance the reliability and consistency of area extraction results. Therefore,
based on the orthophoto image data from the drone, this study constructs an automated
oyster reef extraction framework that integrates the SAM. Through systematic parameter
optimization and accuracy evaluation, it focuses on analyzing the performance changes
of the model under different light conditions and target scales, thereby achieving high-
precision extraction and quantitative estimation of the spatial distribution of oyster reefs.
Not only does this research provide an effective method for target extraction in complex
coastal environments, but it also offers a new technical path for the application of drone
remote sensing in ecological monitoring.

https://doi.org/10.3390/drones10080564


https://doi.org/10.3390/drones10080564

Drones 2026, 10, 564

4 of 27

2. Materials and Methods
2.1. Research Area

A field survey campaign was conducted from 3 to 8 December 2025 in Nantong City,
Jiangsu Province, China. During this period, UAV image acquisition and field investigations
were carried out under different tidal and weather conditions. The research area is located
within the Haimen Liya Mountain National Marine Park (121°32/15” E, 32°9'5” N; see
Figure 1), which hosts the largest known intertidal natural oyster reef in China, with a
formation history exceeding 1400 years and significant ecological protection and scientific
research value [32-34].
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Figure 1. Map of the study water area in Nantong City, Jiangsu Province (the icon in the bottom right
corner represents a lighthouse).

The oyster reef system consists of multiple oyster species, primarily Crassostrea angulata,
Crassostrea ariakensis, Crassostrea sikamea, Crassostrea gigas, and Crassostrea tolonata [35,36].
Among these, C. angulata and C. gigas are also important economically valuable aquacul-
ture species along Chinas coast. The study area lies in an open intertidal zone approxi-
mately 1-2 km beyond the Longgiao coastline, with terrain conditions conducive to UAV
remote sensing observations. The relatively close coastal distance enables efficient acquisi-
tion of high-resolution data despite limited UAV endurance, supporting multi-temporal
repeated observations [20,21].

The study area exhibits a dense distribution of oyster reefs with significant spatial
variability, with individual reef patches ranging from several square meters to more than
100 square [32,33]. Although high-resolution satellite imagery can provide sufficient spatial
resolution for oyster reef identification, satellite overpass times are fixed and often do
not coincide with favorable low-tide conditions in intertidal environments [12-15]. As
a result, oyster reefs may not be adequately exposed during image acquisition, limiting
the applicability of satellite imagery for routine monitoring [37-39]. In contrast, UAV
observations can be flexibly scheduled according to both tidal conditions and illumination
requirements, making them more suitable for high-precision oyster reef mapping.
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The study area is characterized by a typical semi-diurnal tidal regime, with two high
tides and two low tides each day [40,41]. The tidal variations in the Liya Mountain area
during the study period are shown in Figure 2. The x-axis represents observation dates,
the y-axis represents time (hours), and the color scale indicates tidal elevation (mm). The
two white horizontal lines denote the local sunrise and sunset times, respectively. The
red ellipse highlights the period with relatively low tidal levels, during which the oyster
reefs are more exposed. The yellow hatched area indicates the overlap between daylight
hours (after sunrise and before sunset) and low-tide conditions, representing the optimal
time window when the oyster reefs are both well illuminated and sufficiently exposed.
Unlike a simple low-tide requirement, the periods of maximum oyster reef exposure do
not completely coincide with daylight hours. Consequently, the UAV survey time was
determined by jointly considering tidal level and solar illumination to ensure that the oyster
reefs were sufficiently exposed while maintaining favorable imaging conditions [12,15,16].
Following image quality assessment, including tidal exposure, illumination conditions, and
image clarity, the UAV imagery acquired on December 5 was selected for the subsequent
SAM-based segmentation and quantitative analysis because it provided the best overall

imaging quality.
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Figure 2. The tidal level variation during the UAV survey period.

2.2. Data Acquisition and Preprocessing

Figure 3 illustrates the workflow of UAV image acquisition and preprocessing adopted
in this study. To obtain remote sensing data with both high spatial resolution and multi-
scale information, a multi-resolution imaging strategy was implemented using a single
multi-rotor UAV operated at different flight altitudes. During flight planning, both flight
route design and flight parameters were optimized, while environmental factors, including
tidal conditions and weather, were jointly considered to determine the appropriate survey
time and ensure high-quality image acquisition.

During the image acquisition phase, all data were collected using a DJI Matrice
300 RTK multi-rotor UAV (DJI Technology Co., Ltd., Shenzhen, China) equipped with an
RGB camera. No LiDAR data were used in this study, and all analyses were based on
RGB orthophoto imagery. UAV flights were conducted at four different altitudes (50, 100,
200, and 300 m), generating images with spatial resolutions (GSDs) of 1.36 cm, 2.73 cm,
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5.46 cm, and 8.19 cm, respectively, to construct a multi-resolution dataset. Nine Ground
Control Points (GCPs) were deployed across the study area and measured using an RTK-
GNSS system, providing centimeter-level positioning accuracy and improving geometric
correction together with onboard RTK data.
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Figure 3. Flow chart of UAV images acquiring. Note: Some graphical elements in this figure were
created or enhanced using Al-assisted tools, while the scientific content, workflow design, and
interpretation were developed by the authors.

The UAV images were processed in DJI Terra to generate high-resolution orthophoto
mosaics (DOMs), including radiometric correction, geometric correction, image stitching,
and feature matching using the SIFT algorithm with weighted blending to ensure mosaic
consistency. The resulting DOMs served as the input data for subsequent oyster reef
segmentation and analysis. Figure 3 illustrates the overall UAV data acquisition and
processing workflow.

Prior to data acquisition, the drone flight path was designed based on the topographic
features and tidal variation patterns of the study area. To evaluate the influence of spatial
resolution on oyster reef extraction, UAV surveys were conducted at four flight altitudes
(50, 100, 200, and 300 m), corresponding to different image resolutions (Table 1). For
each flight mission, forward and side overlap rates were maintained at 80% and 70%,
respectively, to ensure sufficient image overlap and geometric consistency during image
stitching. Given the significant influence of light and tidal levels on intertidal zones,
drone operations were scheduled between 16:30 and 17:30 daily to obtain image data
of oyster reefs under low-tide exposure conditions. After data collection, the acquired
imagery and flight records underwent quality assessment, while meteorological conditions
and tidal level information were simultaneously recorded to improve the reliability and
reproducibility of data interpretation.

During the data-processing phase, DOM (Digital Orthophoto Map) images and their
corresponding positioning information are first processed. Geometric correction of the
images is performed using AT (aerial triangulation) and bundle adjustment methods,
yielding high-precision orthophotos. Throughout this process, RTK positioning data from
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drones enhances spatial positioning accuracy, ensuring geometric consistency and spatial
precision of the data.

To produce high-quality imaging products, unified Ortho photogrammetric correction
and spatial registration were applied to the UAV RGB images acquired by the D]JI Matrice
300 RTK. A total of nine Ground Control Points (GCPs) were evenly distributed across the
study area, including both the boundary and central regions, and their coordinates were
measured using a Real-Time Kinematic Global Navigation Satellite System (RTK-GNSS),
providing centimeter-level positioning accuracy. During image processing, D]I Terra (Ver-
sion 4.0) combined the onboard RTK positioning data with the GCPs to perform aerial
triangulation and geometric optimization, thereby improving the absolute positional accu-
racy of the orthophoto products. The Scale-Invariant Feature Transform (SIFT) algorithm
was employed to automatically identify and match tie points between overlapping images,
ensuring robust image alignment and geometric consistency. Weighted blending was sub-
sequently applied to minimize brightness differences and stitching seams in overlapping
regions. Finally, orthorectification, projection transformation, and geometric correction
were performed to generate high-precision digital orthophoto maps (DOMs).

To validate the remote sensing interpretation results, field surveys were conducted
during low tide, when the oyster reefs were fully exposed. Close-range photographs
of representative oyster reef patches were acquired, and their locations were recorded
using a handheld RTK-GNSS receiver. The field investigation focused on documenting
reef boundary characteristics, shell accumulation patterns, and their spatial relationship
with the surrounding tidal flats. As shown in Figure 4, small-scale oyster reefs generally
exhibit compact structures with well-defined boundaries, whereas large-scale oyster reefs
display gradual transitions between the reef margins and adjacent sediments, resulting in
relatively diffuse boundaries. These field observations were qualitatively compared with
the UAV-derived orthophotos and the SAM segmentation results to verify the consistency
of reef morphology and boundary delineation, thereby providing ground-truth reference
data for the interpretation of the remote sensing imagery.

Figure 4. Field photographs illustrating the boundary characteristics of small and large oyster reefs in
the study area. (A) The boundary of the small oyster reef; (B) The boundary of the large oyster reef.

https://doi.org/10.3390/drones10080564


https://doi.org/10.3390/drones10080564

Drones 2026, 10, 564

8 of 27

Table 1. UAV Experimental Operation Parameters.

Mission Parameter Value
Area (ha) 96.9
Forward Overlap (%) 80
Side Overlap (%) 70
Flight Altitude (m) 50/100/200/300

2.3. Segment Anything Model

The SAM, developed by Meta Al (Meta Artificial Intelligence), is a deep learning image
segmentation framework designed for general-purpose scenarios [42]. Unlike traditional
segmentation methods that rely on task-specific training data, the SAM demonstrates
zero-shot segmentation capability, enabling direct application to unseen data without
additional task-specific training or parameter tuning. The SAM was pre-trained on the
SA-1B dataset, which contains more than 1 billion segmentation masks generated from
approximately 11 million diverse, licensed images covering a wide range of natural scenes,
objects, and imaging conditions [43,44]. Although this dataset does not specifically include
UAV imagery of oyster reefs or intertidal environments, its diversity enables the SAM
to learn general object representations and boundary characteristics, providing strong
generalization ability across different image domains. Structurally, as shown in Figure 5,
the SAM consists of three key modules: the Image Encoder, the Prompt Encoder, and
the Mask Decoder. The Image Encoder extracts feature from the input image, mapping
it to a high-dimensional feature space to capture rich visual semantic information. The
Prompt Encoder processes various auxiliary inputs—including points, bounding boxes,
and existing masks—to enable interactive segmentation control based on prompts. The
Mask Decoder then generates the final segmentation result by integrating image features
with prompt information.

%ﬁf{ Multi-Resolution Input

Low Altitude

? Input Imagery |~ > @Point | | Box Mask () Text
y v
@ Image Encoder Prompt Encoder
|

J’W Lightweight Encoder-Decoder

Figure 5. Working Principle of the SAM. Note: Some graphical elements in this figure were created or
enhanced using Al-assisted tools, while the scientific content, workflow design, and interpretation
were developed by the authors.
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Specifically, the mask-decoding process integrates global semantic information from
the image encoder with local constraint information provided by the prompt encoder to
extract target regions from high-dimensional feature spaces, producing segmentation masks
with excellent spatial consistency and clear boundaries. Through the synergistic interaction
of these three modules, the SAM rapidly generates high-quality segmentation results
across diverse input formats and complex scenarios, demonstrating strong adaptability
and application potential in various fields such as remote sensing analysis [28].

Recently, the SAM has been increasingly applied in remote sensing image analysis due
to its strong zero-shot segmentation capability. Luo et al. [45] further adapted the SAM for
remote sensing instance segmentation and demonstrated that appropriate fine-tuning and
prompt design significantly improve segmentation performance on high-resolution remote
sensing imagery. Moghimi et al. [30] successfully applied the SAM to river water extraction
under complex environmental conditions. Gallagher et al. [31] further extended the SAM
to multispectral image labeling, highlighting its potential for remote sensing applications
beyond conventional RGB imagery. These studies demonstrate the adaptability of the SAM
across diverse remote sensing scenarios. However, its application to intertidal oyster reef
extraction remains limited, particularly under complex tidal and illumination conditions,
which motivates the present study.

2.4. Random Forest Classification Methodology

In the automated extraction framework based on the SAM proposed in this study,
the RF (Random Forest) algorithm is employed to further refine the segmentation results,
thereby enhancing the accuracy and stability of oyster reef spatial distribution extraction.
Compared to target recognition methods that rely solely on segmentation outputs, this
approach integrates multidimensional feature information to conduct a secondary screening
of candidate regions identified by the SAM, effectively mitigating the impact of incorrect
segmentation, as shown in Figure 6.
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Figure 6. Flowchart of the Random Forest Algorithm. Note: Some graphical elements in this figure
were created or enhanced using Al-assisted tools, while the scientific content, workflow design, and
interpretation were developed by the authors.

First, the segmentation masks generated by the SAM were used to identify potential
candidate areas of oyster reefs. To refine these candidate regions, the SAM candidate masks
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were divided into 16 x 16-pixel tiles, and spectral and texture features were extracted from
each tile-level sample for Random Forest classification. Candidate tiles containing fewer
than 12 SAM pixels were excluded to avoid unstable feature statistics caused by insuffi-
cient target pixels. In total, 1365 tile-level samples were used for RF training, including
673 positive oyster reef samples and 692 negative non-reef/background samples, with a
positive-to-negative ratio of 673:692. Positive and negative labels were assigned according
to the spatial overlap between the SAM candidate tiles and the manually interpreted oyster
reef reference masks.

Each RF sample was represented by a 9-dimensional feature vector. The spectral
features included the mean digital values of the red (R), green (G), and blue (B) channels,
as well as the mean image brightness of each candidate tile. For texture characterization,
Gray-Level Co-occurrence Matrix (GLCM)-based texture descriptors, including contrast,
homogeneity, entropy, correlation, and angular second moment (ASM), were extracted to
describe the spatial structural characteristics of oyster reefs. These spectral and texture
features were subsequently combined to establish a comprehensive feature set integrating
spectral and spatial structural information, thereby improving the discrimination between
oyster reefs and surrounding tidal flat backgrounds [46].

The Random Forest classification model was implemented using Scikit-learn (ver-
sion 1.4.0) [47,48]. Bootstrap sampling was enabled during model training, and an indi-
vidual decision tree was trained based on each bootstrap sample. The maximum number
of features considered at each node was set to the square root of the input feature dimen-
sion to improve model generalization and reduce the risk of overfitting. To determine an
appropriate number of decision trees and evaluate the stability of the RF classifier, the
Out-of-Bag (OOB) error was calculated for RF models with 10-200 trees. As shown in
Figure 7, the OOB error decreased rapidly when the number of trees increased from 10
to 30 and then fluctuated within a relatively narrow range. After approximately 60 trees,
the OOB error remained generally stable, indicating that further increasing the number of
trees contributed limited additional improvement. Therefore, 60 trees, marked by the red
dashed line in Figure 7, were selected for the final RF model. The final classification result
was determined by majority voting among all decision trees [49,50].
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OOB Error
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25 50 75 100 125 150 175 200
Number of Trees

Figure 7. Variation in Out-of-Bag (OOB) error with the number of decision trees in the Random
Forest model.
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In the overall workflow, SAM segmentation and Random Forest classification form a
two-stage collaborative processing strategy. The SAM first extracts potential target regions
from complex backgrounds, while the random forest model further utilizes multidimen-
sional features to perform precise discrimination of these regions. This approach effectively
narrows the classification scope, enabling the model to identify only candidate regions,
thereby reducing interference from non-target areas, improving classification accuracy, and
lowering computational complexity [51]. Accuracy evaluation using test data and unsam-
pled samples further validates the stability and generalization capability of the model.

To evaluate the individual contribution of the RF component, an ablation experiment
was conducted by comparing SAM-only segmentation with the proposed SAM + RF
framework, as shown in Table 2. SAM-only segmentation achieved an IoU of 79.52%,
Precision of 97.03%, Recall of 81.51%, F1-score of 88.59%, and Kappa of 0.871. After RF-
based candidate screening, the SAM + RF framework achieved an IoU of 80.51%, Precision
of 98.68%, Recall of 81.38%, F1-score of 89.20%, and Kappa of 0.878. Compared with the
SAM alone, the RF stage reduced false-positive detections and improved Precision and F1-
score, indicating that RF provides an effective secondary screening mechanism for removing
non-reef candidate regions caused by spectral similarity and shadow interference. The
quantitative comparison between SAM-only segmentation and the SAM + RF framework
is presented in Table 2.

Table 2. Ablation comparison between SAM-only and SAM + RFE.

Method IoU (%)  Precision (%) Recall (%)  F1-Score (%) Kappa

SAM only 79.52 97.03 81.51 88.59 0.871
SAM + RF 80.51 98.68 81.38 89.20 0.878

2.5. Oyster Reef Extraction Method

The extraction process for the spatial distribution of oyster reefs is illustrated in
Figure 8. The overall methodology comprises three main stages: data preparation, model
optimization and segmentation, and result evaluation and analysis. During the data prepa-
ration stage, multi-spectral imagery obtained via drone platforms serves as the primary
source, supplemented by field survey data for reference. All original images undergo
radiation and geometric correction to enhance data consistency and spatial accuracy. Sub-
sequently, the Region of Interest (ROI) was manually delineated according to the boundary
of the study area using the orthophoto imagery. The ROI was then used to crop the images,
excluding irrelevant regions such as open water, coastal infrastructure, and non-study areas,
thereby reducing background interference and improving the efficiency of the subsequent
segmentation process.

During the model optimization and segmentation phase, the preprocessed DOM
images were fed into the SAM for segmentation. To account for the impact of varying
oyster reef scales and lighting conditions on segmentation accuracy, this study employed a
control variable approach to systematically optimize key parameters—including sampling
density, IoU threshold, prediction IoU threshold, and stability threshold—and analyzed
how parameter changes affected segmentation precision [52,53]. Ground-truth masks
were manually delineated from UAV orthophotos based on field survey observations of
oyster reef boundaries and served as reference data for model validation [54]. A total
of 35 representative validation samples were used for the accuracy assessment. These
ground-truth masks were used exclusively for the final accuracy assessment and were not
involved in either the Random Forest training process or SAM parameter optimization. By
comparing the SAM-generated masks with the ground-truth masks, the Intersection over
Union (IoU) was calculated to quantitatively evaluate segmentation accuracy. Based on
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these validation results, the optimal parameter combination was selected to achieve precise
extraction of oyster reef boundaries and generate high-quality segmentation masks.
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Figure 8. The extraction flowchart of oyster reefs. Note: Some graphical elements in this figure
were created or enhanced using Al-assisted tools, while the scientific content, workflow design, and
interpretation were developed by the authors.

During the result analysis phase, UAV flights were conducted at four altitudes (50,
100, 200, and 300 m), producing spatial resolutions of 1.36 cm, 2.73 cm, 5.46 cm, and
8.19 cm. Additionally, the RF classification method was employed to further assess the
SAM segmentation results. By integrating spectral and texture features, candidate regions
were meticulously screened to minimize the impact of incorrect segmentation. Extraction
accuracy was evaluated for oyster reefs of varying scales (small, medium, and large) to
reveal the models performance differences across distinct spatial structures. These analyses
further confirm the effectiveness of the proposed method in enhancing extraction accuracy
and stability.

In remote sensing applications, the SAM demonstrates strong adaptability when pro-
cessing high-resolution drone imagery. Its prompt-based segmentation mechanism enables
rapid extraction of complex targets while reducing reliance on manual annotation [55].
Compared to traditional threshold-or rule-based methods [56,57], the proposed framework
is more robust to tidal variation, illumination changes, and spectral confusion, provid-
ing an efficient approach for automated oyster reef extraction. The IoU was adopted as
the primary evaluation metric because it directly measures the spatial overlap between
the predicted segmentation and the ground-truth masks. It is defined as the ratio of the
intersection area to the union area between the predicted region and the actual region [58].

|Bp N Bg|

IoU =
|Bp U Bg|

)

https://doi.org/10.3390/drones10080564


https://doi.org/10.3390/drones10080564

Drones 2026, 10, 564

13 of 27

121°32'10"E
|

Among them, B, represents the set of pixels in the predicted segmentation, and By
represents the set of pixels in the ground truth. The IoU metric can simultaneously reflect
the accuracy of target area positioning and the degree of boundary matching. It has good
stability and interpretability in remote sensing target extraction tasks.

3. Results and Analysis
3.1. Aviation Image Analysis

Due to limitations in drone endurance, flight altitude, and sensor field of view, the
imagery obtained in this study exhibits spatial constraints in its coverage. Consequently,
representative subregions within the study area were selected for detailed analysis to
ensure the reliability and comparability of the results. As shown in Figure 9, the study area
is divided into two distinct zones: the illuminated area and the shaded area.
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Figure 9. UAV orthophoto with shaded and illuminated areas.

Under low solar elevation conditions, a dark band-like structure distributed diagonally
is visible in the central part of the study area. This phenomenon is primarily caused by
the shadow cast by a lighthouse located in the lower-right area of the experimental site,
which partially blocked sunlight under low solar elevation angle conditions, resulting in
a long linear shadow over the reef area. In shaded areas, images exhibit reduced overall
brightness, diminished texture contrast, and relatively blurred boundaries of the oyster reef
structure, whereas in fully illuminated regions, the spatial structure and texture features of
the oyster reef are clearly discernible.

The variation in image characteristics caused by differences in lighting poses a signifi-
cant challenge for target extraction in optical remote sensing and is one of the key factors
affecting segmentation accuracy. Therefore, this study employs the SAM to perform param-
eter optimization and accuracy evaluation under different lighting conditions (shaded and
illuminated areas), systematically analyzing how lighting variations impact the extraction
of oyster reef spatial distribution and thereby enhancing the adaptability of model and
stability in complex environmental settings.

Building upon the above classification of typical illumination conditions, a detailed
comparative analysis was conducted between the shaded and illuminated zones, with results
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presented in Figure 9 and Figure 10, respectively. Figure 10 demonstrates the segmentation
results within the illuminated region. Under uniform lighting conditions, a more pronounced
reflectivity difference is observed between the oyster reef and its surrounding environment,
with clearer structural contours and texture features, facilitating precise target boundary
localization by the model. The segmentation outcomes reveal well-defined reef contours and

continuous boundaries, with significantly reduced misclassification and omission rates.

Figure 10. Oyster reef segmentation results in illuminated area. (a) The original DOM image; (b) The
segmentation results of the oyster reef based on the SAM.

In contrast, Figure 11 displays the original image and segmentation results of the
oyster reef within the shaded area. The image reveals that under insufficient illumination,
the spectral contrast between the oyster reef and the surrounding substrate diminishes,
with some reef boundaries appearing blurred or even fractured, resulting in incomplete
target morphology. Nevertheless, the segmentation achieved using the SAM effectively
identifies the primary reef structures while maintaining high spatial consistency [59] across
complex backgrounds, demonstrating the methods robustness even under low-light or
shadow interference conditions.

Figure 11. Oyster reef segmentation results in shaded area. (a) The original DOM image; (b) The
segmentation results of the oyster reef based on the SAM.
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A comparison of Figures 10 and 11 reveals that lighting conditions significantly affect
the recognizability of oyster reefs: shaded areas exhibit blurred boundaries and missing
details, whereas illuminated areas display clear structures and stable segmentation. This
difference further underscores the importance of parameter optimization in complex coastal
environments—adjusting SAM parameters under varying lighting conditions effectively
improves segmentation accuracy and result stability. Consequently, this study will system-
atically optimize parameter settings for both shaded and illuminated regions in subsequent
analyses to achieve more accurate extraction of oyster reef spatial distribution.

3.2. Analysis of Optimal Partition Parameters

During the optimization of SAM segmentation parameters, it is essential to compre-
hensively consider both image resolution and the scale variations of oyster reef targets
to achieve a balance between segmentation accuracy and computational efficiency. The
SAM provides a set of adjustable parameters, including sampling number, prompt points
number, predicted IoU threshold, stability score threshold, crop layers, point downscaling
factor, minimum mask region area, and bounding box NMS (Non-Maximum Suppression)
threshold. Based on systematic parameter sensitivity analysis, this study identified an
optimal parameter combination 64 sampling points, 128-prompt points, with both the pre-
diction IoU threshold and stability threshold set to 0.9 (Table 3). The number of cropping
layers is 0, the point down sampling factor is 4, the minimum mask area is 50, and the
NMS threshold for bounding boxes is 0.7. Under this parameter configuration, the model
demonstrates excellent segmentation stability and accuracy across various lighting con-
ditions and scale variations, indicating that this parameter combination possesses strong
generalization capabilities.

Table 3. Optimal Segmentation Parameter for Different Area.

Satellite Default Parameter Illuminated Area Shaded Area

Sampling Number 32 64 32
Prompt Points Number 64 128 128
Predicted IoU Threshold 0.88 0.85 0.85
Stability Score Threshold 0.95 0.9 0.9

Crop layer 1 0 0

Crop Point Downscale Factor 1 4 4
Minimum Mask Region Area 100 50 50
bounding box NMS threshold 0.7 0.7 0.7

Specifically, the number of sampling points determines the spatial sampling density,
with its square corresponding to the total number of input reference points; the prompt
points number controls the number of points processed per segmentation batch. Increasing
these parameters within reasonable ranges enhances object recognition accuracy but signif-
icantly increases computational complexity and memory consumption. The IoU prediction
threshold screens out low-quality masks, while the bounding box NMS threshold further re-
duces redundant overlapping segmentation results; the stability threshold filters outcomes
based on internal mask consistency. In contrast, our study demonstrates that under current
data conditions, multi-scale cropping (i.e., crop layers = 0) is unnecessary—appropriate
point down sampling (factor = 4) achieves high segmentation precision while maintaining
efficiency. Additionally, the minimum mask area parameter effectively removes noise and
small-scale false-detection targets, playing a crucial role in improving spatial consistency.
Overall, this optimal parameter combination enables stable extraction of oyster reef spa-
tial distribution in complex coastal environments and provides a reliable foundation for
subsequent partitioning optimization analyses under varying lighting conditions.
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Based on the determined optimal parameter combination, to further quantify the
improvement in parameter optimization on segmentation accuracy, a comparative analysis
was conducted on the overall classification results of illuminated and shaded regions, with
the results presented in Table 4. It is evident that under the unified parameter optimization
strategy, the segmentation accuracy for both region types has been significantly enhanced.

Table 4. Mean IoU of SAM segmentation after parameter optimization under different illumina-
tion conditions.

Area SAM Segmentation Result Result After Parameter Optimization
IMluminated Area 93.22% 97.61%
Shaded Area 93.30% 96.67%

The results demonstrate that the proposed parameter optimization strategy not only
significantly enhances the segmentation performance of the model under ideal lighting
conditions but also maintains strong adaptability and stability in complex environments
with significant shadow interference. In comparison, the mean IoU in illuminated regions
is slightly higher than in shaded regions due to their clearer spectral characteristics and
structural information; whereas despite illumination constraints, the shaded regions still
achieve effective segmentation enhancement through appropriate parameter configurations,
reducing both misclassification and missed detection incidents.

3.3. Split Parameter Sensitivity Analysis

Based on comparative analyses under different lighting conditions, quantitative evalu-
ations were conducted on the key parameters of the SAM. A one-factor-at-a-time (OFAT)
strategy was adopted for parameter optimization, in which one parameter was varied while
the remaining parameters were fixed at their default or previously optimized values. This
approach facilitated the interpretation of the individual influence of each parameter while
reducing computational complexity. Although potential interactions among parameters
cannot be completely excluded, the OFAT strategy provides a practical and widely adopted
framework for parameter sensitivity analysis.

The dataset used for parameter optimization was independent of the dataset used for
the final accuracy evaluation. The optimized parameter combination was subsequently
validated using an independent test dataset to reduce the risk of overfitting.

Figure 12 presents the sensitivity analysis of sampling number and predicted IoU
threshold under illuminated and shaded conditions. Overall, illuminated regions exhib-
ited more stable parameter responses and higher segmentation performance than shaded
regions. As the sampling number increased, stability scores and final IoU in illuminated
areas gradually improved, whereas shaded areas showed weaker responses and localized
fluctuations. For the predicted IoU threshold, illuminated regions displayed an initial in-
crease followed by stabilization, while shaded regions experienced performance declines at
higher thresholds, indicating that excessive threshold constraints may lead to the omission
of valid targets in low-contrast environments.

Figure 13 illustrates the effects of stability score threshold and minimum mask region
area on segmentation performance. [lluminated regions maintained relatively stable trends,
whereas shaded regions showed stronger volatility. Increasing the stability score threshold
slightly improved segmentation consistency in illuminated areas but produced limited IoU
gains in shaded areas. In contrast, larger minimum mask region areas resulted in overall
declines in stability score and IoU, especially in shaded regions, suggesting that excessive
filtering negatively affects the recognition of small-scale oyster reef targets.

https://doi.org/10.3390/drones10080564


https://doi.org/10.3390/drones10080564

Drones 2026, 10, 564

17 of 27

(2)

0.965

Stability Score

0.959

(b)

Final IoU (%)

Final ToU (%)

0.974

0.960

o
-3
tability Score

£ 0946
17}

O Tlluminated Area

O Tlluminated Area
© Shaded Area

O Shaded Area

0.931

0.88
Predicgey 5 5.91

Sshojq 097

Figure 12. Parameter sensitivity analysis of SAM segmentation in illuminated and shaded areas.
(a) Effect of sampling number; (b) Effect of Predicted IoU Threshold.
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Figure 13. Parameter sensitivity analysis of SAM segmentation in illuminated and shaded areas.
(a) Effect of Stability Score Threshold; (b) Effect of Minimum Mask Region Area.

Figure 14 shows the influence of prompt points number and bounding box NMS
threshold on segmentation performance. Increasing the number of prompt points im-
proved IoU and stability in illuminated regions, while shaded regions exhibited only minor
improvements. For the NMS threshold, moderate values achieved the best segmentation
performance in illuminated areas, indicating that appropriate redundancy suppression
improves extraction integrity. However, shaded regions remained relatively unstable under
different threshold settings.

Figure 15 presents the sensitivity analysis of crop point downscale factor and crop
layers. As the crop point downscale factor increased, stability scores slightly decreased
while IoU remained relatively stable, indicating that moderate downsampling reduces
computational complexity without significantly affecting segmentation accuracy. The
introduction of additional crop layers did not significantly improve performance and, in

some cases, reduced stability, suggesting limited benefits of multi-scale cropping strategies
under high-resolution coastal imagery conditions.
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Figure 15. Parameter sensitivity analysis of SAM segmentation in illuminated and shaded areas.

(a) Effect of Crop Point Downscale Factor; (b) Effect of Crop Layers.

3.4. Comparative Analysis of Segmentation and Extraction Accuracy

To further evaluate the applicability and stability of the proposed parameter optimiza-
tion strategy across oyster reef targets at different scales, reference data were extracted from
the study area through manual visual interpretation of oyster reef patches and compared
with the segmentation results obtained by the SAM. Based on patch area, the oyster reefs
in the study area were classified into three categories: small-scale reefs (0 < Size < 50 m?),
medium-scale reefs (50 < Size < 200 mz), and large-scale reefs (Size > 200 mz). The

classification accuracy statistics are presented in Table 5.

Table 5. Accuracy comparison of oyster classified results.

Area SAM Segmentation Result Result After Parameter Optimization

0 < Size < 50 91.63% 95.32%
50 < Size <200 93.94% 97.92%
Size > 200 91.21% 96.46%

Overall, parameter optimization significantly improved the segmentation accuracy of
oyster reefs across different scales. Specifically, the classification accuracy for small-scale
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reefs increased from 91.63% to 95.32%, a rise of 3.69%; for medium-scale reefs, it rose
from 93.94% to 97.92%, an improvement of 3.98%; and for large-scale reefs, it increased
from 91.21% to 96.46%, a gain of 5.25%. It is evident that parameter optimization exerts a
pronounced positive effect on targets at all scales, with the most significant improvement
observed for large-scale oyster reefs.

From the perspective of scale variation, under default parameter conditions, the classi-
fication accuracy of oyster reefs at different scales exhibits certain fluctuations. Medium-
scale targets demonstrate relatively superior performance, while small-scale and large-scale
targets show slightly lower accuracy. This is primarily attributed to the morphological
complexity and boundary uncertainty arising from changes in target scale. Small-scale
reef structures, due to their smaller dimensions, are susceptible to noise interference and
spatial resolution limitations; conversely, large-scale reef structures present greater chal-
lenges for model segmentation owing to their intricate internal structures and diverse
boundary variations.

After implementing the parameter optimization strategy, the classification accuracy for
oyster reefs across different scales improved overall and became more balanced, consistently
remaining above 95%. This demonstrates that the optimized parameter combination
significantly enhances the adaptability of model to multi-scale targets. Notably, the greatest
mean IoU was observed for large-scale targets, highlighting the parameter optimizations
more pronounced effectiveness in improving segmentation of complex structural features.

Because oyster reefs occupy only a small fraction of the UAV DOM image, relying
only on IoU may not fully reflect model performance under class imbalance. Therefore,
Precision, Recall, F1-score, and Kappa coefficient were added to the accuracy assessment.
Precision measures the reliability of predicted reef regions, Recall reflects the completeness
of reef detection, F1-score balances commission and omission errors, and Kappa evaluates
classification agreement while accounting for chance agreement.

As shown in Table 6, the extraction accuracy varied among oyster reefs of different
size classes. For small reefs with an area of 0 < Size < 50, the Precision reached 97.80%,
indicating that most regions identified as oyster reefs were correct. However, the Recall was
only 67.04%, suggesting that small oyster reefs were more likely to be missed due to their
limited spatial extent, fragmented distribution, and weak boundary characteristics. For
medium-sized reefs with an area of 50 < Size < 200, the Precision increased to 99.07%, while
the Recall improved to 78.59%, resulting in an Fl-score of 87.65% and a Kappa coefficient of
0.832. This indicates that the model achieved a better balance between detection reliability
and completeness for medium-sized reefs. For large reefs with an area of Size > 200,
the Recall further increased to 90.71%, and the F1-score and Kappa coefficient reached
94.50% and 0.922, respectively, demonstrating the best overall extraction performance.
These results indicate that the proposed method performs particularly well for medium
and large oyster reefs, while the omission of small reef patches remains the main source
of uncertainty.

Table 6. Accuracy metrics for oyster reefs of different size classes.

Area Precision (%) Recall (%) F1-Score (%) Kappa

0 < Size < 50 97.80 67.04 79.55 0.767
50 < Size <200 99.07 78.59 87.65 0.832
Size > 200 98.62 90.71 94.50 0.922
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4. Discussion
4.1. Impact of Spatial Resolution on the Extraction Performance of Oyster Reefs

The relationship between spatial resolution and segmentation performance is illus-
trated in Figure 16, exhibiting a distinct non-monotonic variation pattern. The spatial
variability in this analysis originates from UAV observations conducted at different flight
altitudes (50, 100, 200, and 300 m), corresponding to spatial resolutions of 1.36, 2.73, 5.46,
and 8.19 cm, respectively. At higher spatial resolutions, the model effectively preserves
the detailed structure and boundary information of the oyster reef, yielding high final IoU
values and stability scores. When the resolution decreases to moderate levels, segmentation
performance remains robust while achieving an optimal balance between stability and ac-
curacy. However, as resolution further declines, the final IoU drops significantly; although
stability scores remain relatively high in some cases, the loss of spatial detail substantially
limits segmentation accuracy.
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Figure 16. Effect of spatial resolution on segmentation performance.

The phenomenon demonstrates that resolution influences model performance through
a dual mechanism: on one hand, higher resolution enhances target boundary represen-
tation and improves spatial matching accuracy; on the other hand, excessively high or
low resolutions may negatively impact model stability or generalization ability. At low
resolutions, small-scale reef structures tend to be smoothed or merged, resulting in blurred
or even lost target contours and significantly reducing the IoU metric. The spatial resolution
affects oyster reefs across different scales consistently: within optimal resolution ranges, all
targets exhibit high and stable classification accuracy; however, reduced resolution leads
to varying degrees of accuracy decline for both large-scale and small-scale targets. These
findings highlight the critical importance of appropriately selecting spatial resolution for
effective multi-scale target recognition.

Furthermore, in Figure 16, the stability score and the final IoU did not consistently
move in tandem, indicating that a single evaluation metric cannot fully capture seg-
mentation performance. In certain low-resolution scenarios, despite higher stability
scores, the IoU still decreased significantly, suggesting that while the model produced

https://doi.org/10.3390/drones10080564


https://doi.org/10.3390/drones10080564

Drones 2026, 10, 564

21 of 27

Sampling Number

Predicted IoU Threshold

Stability Score Threshold

Minimum Mask Region Area

Point Cloud Number

Bounding Box NMS Threshold

Crop Point Downscale Factor

T

relatively consistent outputs under these conditions, its spatial alignment with the ac-
tual targets remained inadequate. Therefore, in practical applications, both stability and
IoU metrics should be considered comprehensively to achieve an accurate assessment of
segmentation performance.

The result highlights that the proposed workflow is sensitive to image resolution,
which is directly determined by UAV flight altitude or sensor configuration. Therefore, in
practical applications, careful selection of flight altitude or imaging sensor is required to
ensure an optimal balance between spatial detail and segmentation robustness. Overall, the
research findings indicate the existence of an optimal resolution range that balances spatial
detail representation with model stability, enabling high-precision extraction of oyster reef
spatial distribution. This discovery provides crucial guidance for selecting drone image
resolutions and optimizing subsequent parameters.

4.2. Impact of SAM Parameter Optimization on Extraction Accuracy of Oyster Reef

To quantify the relationships between the SAM parameters and segmentation perfor-
mance, Pearson’s correlation coefficient was calculated. Pearson’s correlation was selected
because both the SAM parameter values and the corresponding mean IoU values are
continuous variables, and the analysis aimed to evaluate their linear relationships. The
correlation coefficients shown in Figures 17 and 18 therefore represent Pearson’s r values.

0.99

—-0.92

0.98

| | 1 | | |

1
-1 —-0.8 —0.6 04 02 0 0.2 0.4 0.6 0.8 1

Figure 17. Correlation analysis of SAM parameters to IoU in the illuminated area.

In regions with optimal lighting conditions (Figure 17), a clear correlation structure
emerges between various parameters and segmentation accuracy. Both the number of
sampling points and the volume of prompt points exhibit significant positive correlations,
with correlation coefficients approaching 0.99 and 0.98, respectively. This indicates that
under conditions of sufficient spectral information and well-defined target boundaries,
increasing sampling density and the number of candidate regions effectively enhances the
ability of model to capture spatial details, thereby improving segmentation accuracy. The
bounding box NMS threshold also shows a strong positive correlation, suggesting that an
appropriate redundancy suppression strategy improves the completeness and consistency
of target extraction. In contrast, the predicted IoU threshold exhibits a negative correlation
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with the stability score threshold: the correlation coefficient for the predicted IoU threshold
is approximately —0.40, while that for the stability score threshold is weaker indicating
that excessively high screening criteria may overly exclude valid targets. The minimum
mask area parameter demonstrates the strongest negative correlation, suggesting that an
excessively large area threshold significantly impairs the recognition of small-scale targets.
Additionally, the cropping point down sampling factor shows a weak correlation, indicating
its limited impact on segmentation performance.
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Figure 18. Correlation analysis of SAM parameters to IoU in the shaded area.

In the shaded region (Figure 18), the relationship between parameters and IoU exhibits
a stronger negative correlation trend and lower stability overall. Both the predicted IoU
threshold and stability score threshold show significant negative correlations, while the
minimum mask area maintains a strong negative correlation. This indicates that under
low-contrast conditions, stringent filtering strategies are more prone to erroneously ex-
cluding real target regions, thereby compromising segmentation integrity. Compared to
the illuminated region, the positive correlation of sampling points in the shaded area is
significantly weaker, suggesting limited benefits from increasing sampling density. The
prompt points number retains a moderate positive correlation, though below the level
observed in the illuminated region, indicating its diminished effectiveness in complex
environments. The bounding box NMS threshold and the cropping point down sampling
factor demonstrate moderate positive correlations, indicating that model performance
under shadow conditions relies more heavily on coordinated regulation of redundancy
control and sampling strategies.

The comparative analysis of both illumination conditions reveals that the impact of
the SAM parameters on segmentation performance exhibits distinct environmental depen-
dence. In illuminated areas, model performance is primarily driven by spatial information
representation capabilities, demonstrating high sensitivity to sampling density and the
number of candidates regions, whereas in shaded areas, the model relies more heavily
on threshold parameters for noise and uncertainty suppression. These findings indicate
that a unified parameter configuration struggles to meet segmentation requirements across
varying environmental conditions. Implementing zonal parameter optimization strategies
tailored to illumination variations is crucial for enhancing the accuracy and stability of
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oyster reef spatial distribution extraction. Therefore, practical applications should em-
ploy zonal parameter optimization strategies based on image illumination characteristics.
By adjusting key parameters separately for illuminated and shaded zones, segmentation
precision can be improved while enhancing the stability of the model and generalization
capability in complex coastal environments. This conclusion further validates the central
role of parameter optimization in automated oyster reef extraction processes and provides
critical evidence for developing adaptive parameter adjustment methodologies.

5. Conclusions

An automated framework is proposed for extracting spatial distribution patterns
of oyster reefs based on the SAM combined with drone DOM imagery to achieve high-
precision target recognition in complex coastal environments. Compared to traditional
methods reliant on human expertise or rule-based constraints, this framework employs
a unified model architecture and parameter optimization mechanism that effectively mit-
igates interference from environmental factors such as spectral confusion, tidal varia-
tions, and lighting variations, thereby significantly enhancing segmentation efficiency and
extraction accuracy.

Through systematic parameter sensitivity analysis and optimization, this study eluci-
dated the functional patterns of key SAM parameters under varying illumination conditions
and target scales. The results demonstrate that parameters such as sampling point density,
prediction IoU threshold, and stability score threshold significantly influence segmentation
performance, with optimal configurations exhibiting distinct differences between illumi-
nated and shaded regions. Specifically, the model shows greater sensitivity to spatial
sampling density under adequate lighting conditions, whereas in shaded areas, segmenta-
tion outcomes rely more heavily on the regulatory capacity of threshold-related parameters
for mitigating noise and uncertainty. Based on these findings, the proposed partition pa-
rameter optimization strategy effectively enhances the adaptability and stability of model
in complex environments.

The experimental results further demonstrate a significant correlation between spatial
resolution and segmentation accuracy. Within the optimal resolution range, the model
achieves an optimal balance between stability and IoU; however, when resolution is too low,
the loss of target boundary information significantly reduces extraction accuracy. Based
on multi-spectral imagery data acquired by drones in 2025, the total area of oyster reefs in
the study region was estimated at 2.24 hectares, validating the reliability of this method in
practical applications.

Furthermore, comparative experiments under varying lighting conditions demon-
strate that parameter optimization significantly enhances segmentation performance. In
illuminated areas, accuracy improved from 93.22% to 97.61%, while in shaded areas, it
rose from 93.30% to 96.67%, indicating the method’s robustness and generalization capa-
bility under complex lighting conditions. These results further confirm that appropriate
parameter configurations effectively mitigate the impact of environmental interference on
segmentation performance.

Overall, this study establishes a robust, efficient, and highly scalable automated
method for extracting the spatial distribution of oyster reefs, providing reliable technical
support for refined monitoring of coastal fishery habitats [16,28]. Future research could
further integrate multi-source remote sensing data with time-series observational infor-
mation to enhance identification capabilities and dynamic monitoring performance under
complex environmental conditions [60-62], thereby offering more comprehensive data
support for intertidal ecosystem management and sustainable utilization. In addition,
high-spatial-resolution data and downscaling methods help improve the accuracy of in
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situ temperature and other environmental parameter retrievals [63]. The downlink light
sensor correction and solar trajectory correction models of unmanned aerial vehicle images
can further improve the quality of orthophoto generation and the comparability across
different time phases [64,65]. In addition, studies on the identification of breeding targets
based on unmanned aerial vehicle data and methods for extracting aquaculture information
by integrating multi-source remote sensing data and SAMs also provide methodological
references for the expansion of the automated monitoring framework for oyster reefs [66],
thereby providing more comprehensive data support for the management and sustainable
utilization of intertidal ecosystems.
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UAV Unmanned Aerial Vehicle
SAM Segment Anything Model
DOM Digital Orthophoto Map

RF Random Forest

ToU Intersection over Union

0OOB Out-of-Bag

AT Aerial Triangulation

GCP Ground Control Point

SIFT Scale-Invariant Feature Transform
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RTK Real-Time Kinematic
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