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Abstract: The accurate extraction of individual tree positions is key to forest structure
quantification, and Unmanned Aerial Vehicle (UAV) visible light data have become the
primary data source for extracting individual tree locations. Compared to deep learning
methods, classical detection methods require lower computational resources and have
stronger interpretability and applicability. However, in closed-canopy forests, challenges
such as crown overlap and uneven light distribution hinder extraction accuracy. To address
this, the study improves the existing Revised Local Maxima (RLM) method and proposes
a Multi-Source Local Maxima (MSLM) method, based on UAV visible light data, which
integrates Canopy Height Models (CHMs) and Digital Orthophoto Mosaics (DOMs). Both
the MSLM and RLM methods were used to extract individual tree positions from three
different types of closed-canopy stands, and the extraction results of the two methods were
compared. The results show that the MSLM method outperforms the RLM in terms of
Accuracy Rate (85.59%), Overall Accuracy (99.09%), and F1 score (85.21%), with stable
performance across different forest stand types. This demonstrates that the MSLM method
can effectively overcome the challenges posed by closed-canopy stands, significantly im-
proving extraction precision. These findings provide a cost-effective and efficient approach
for forest resource monitoring and offer valuable insights for forest structure optimization
and management.

Keywords: individual tree position; local maxima method; improved algorithm; multi
source; closed-canopy stands

1. Introduction
The quantification of forest structure has emerged as a prominent focus in modern

forest management research, with the accurate acquisition of individual tree positions
serving as a critical component [1,2]. Accurate individual tree position monitoring plays
a crucial role in quantifying forest structure; uncovering the relationships between forest
structure, tree competition, and the spatial diversity of tree species; and facilitating the
development of targeted strategies for optimizing forest structure [3,4]. Due to the com-
plexity of forest environments and terrain, traditional field measurements face challenges
such as large workloads, high costs, low efficiency, and poor timeliness, making them
unsuitable for modern precision forestry requirements [5]. In contrast to traditional field
measurements, satellite remote sensing allows for the collection of broader spatial data in a
shorter time frame, improving fieldwork efficiency. However, it is constrained by issues
such as low resolution, long revisit cycles, and cloud cover affecting clarity [6]. In recent
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years, the parallel development of Unmanned Aerial Vehicle (UAV) technology, sensors,
and computer vision has facilitated the application of low-altitude UAV remote sensing in
forestry resource monitoring [7]. Although airborne Light Detection and Ranging (LiDAR)
data from UAVs provide high accuracy, their widespread use is limited by high costs and
technical complexity [8]. In comparison, UAV visible light remote sensing data offer ad-
vantages such as simplicity in processing and low acquisition costs, making it the primary
data source for individual tree position extraction [9].

The key to accurately extracting individual tree positions lies in the precise identifica-
tion of tree crown apices [10]. Currently, mainstream approaches encompass deep learning
and classical detection methods, each excelling in different scenarios. Deep learning meth-
ods leverage multi-source data to extract key features and accurately locate tree crown
apices, but they require significant computational resources and extensive, high-quality
training samples, with their accuracy being highly dependent on sample quality [11–13].
In contrast, classical detection methods require fewer computational resources, do not rely
on large datasets, and offer better interpretability and broader applicability [14]. Widely
used classical detection methods include the local maxima method [15], marker-controlled
watershed segmentation method [16], template matching method [17], region-growing
method [18], and edge detection method [19]. Classical detection methods excel in simple
scenarios, such as orchards, urban street trees, and artificial young forests, where trees are
sparsely distributed, have clear contours, and lack crown overlaps [20–23]. However, in
closed-canopy stands with canopy closure exceeding 0.7, challenges such as crown overlap
and uneven lighting significantly hinder existing classical detection methods, highlighting
the need for further refinement [24–26].

The local maxima method is one of the most commonly used classical detection meth-
ods, with its core challenge being the identification of the pixel with the highest value
within a localized image area. Traditional local maxima methods employ a moving window
to search for local maxima; however, when the window size is too small, misclassification is
likely to occur, whereas an overly large window may result in omissions. The window size
thus requires repeated trial and error, making parameter selection a persistent difficulty [27].
The Revised Local Maxima (RLM) method proposed by Xu et al. [24] replaces the moving
window approach with the identification of local maxima along feature curves. This allows
users to visually inspect and set parameters, optimizing the parameterization process. How-
ever, this method utilizes only single-band data, which leads to significant commission and
omission errors when processing complex closed-canopy stands. Extensive research has
demonstrated that using a single type of remote sensing data for individual tree detection
yields limited performance. Combining RGB imagery with additional spectral or structural
information has proven effective in addressing errors caused by overlapping tree crowns,
shadows, and background noise [28]. For example, Qin et al. [29] used a combination
of UAV LiDAR, hyperspectral, and ultra-high-resolution RGB data to detect individual
trees in subtropical broadleaf forests. This approach achieved an accuracy improvement
of 10.2% to 19.0% compared to using single-source data alone. Similarly, Chen et al. [10]
integrated spectral imagery with LiDAR data for individual tree detection in mixed needle-
leaf and broadleaf forests. They reported an accuracy of 96% when combining the two
data sources, as opposed to 83% when using only LiDAR data. These results highlight
the potential of multi-source data to significantly enhance the accuracy of individual tree
position extraction.

Canopy Height Models (CHMs) and Digital Orthophoto Mosaics (DOMs) are com-
monly used data sources for individual tree position extraction through the local maxima
method. These datasets can be derived from UAV visible light imagery using photogram-
metric processing techniques, such as Structure from Motion (SfM) and Multi-View Stereo
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(MVS) [30]. Zhang et al. [31] generated CHM and DOM data from UAV visible light
imagery and combined these datasets to extract individual tree positions in six different
urban green spaces, achieving an overall extraction accuracy of 95.3%. They emphasized
that CHM provides vertical structural information on trees, while DOM captures clearer
crown textures and morphological features. By integrating these two data sources, the
complementary strengths of different data types can be utilized to enhance the accuracy of
individual tree position extraction. While this study achieved promising results, its scope
was limited to urban green spaces and relied on deep learning methods. Currently, there is
no research on employing the local maxima method combined with CHM and DOM for
individual tree position extraction in mountainous closed-canopy forests.

Therefore, based on the hypothesis that integrating CHM and DOM can effectively
improve the accuracy of individual tree position extraction in closed-canopy forests, this
study improves the existing RLM method and proposes a Multi-Source Local Maxima
(MSLM) method that integrates CHM and DOM. Three different types of mountainous
closed-canopy forests were selected as study areas. UAV visible light imagery from these
regions was used to generate CHMs and DOMs. Both the MSLM and RLM methods were
employed for individual tree position extraction, and the resulting extractions were evalu-
ated and compared against measured data. This study aims to validate the aforementioned
hypothesis and address the limitations of the existing local maxima method in individual
tree position extraction in mountainous closed-canopy forests. Additionally, it seeks to
provide a low-cost and efficient technical approach to forest resource monitoring based on
UAV visible light imagery, offering scientific support for the optimization and adjustment
of forest structure.

2. Materials and Methods
2.1. Overview of the Study Area

The study area is located in the Jinpen Mountain Forest Farm, Xinfeng County,
Ganzhou City, Jiangxi Province, at 114◦34′–114◦19′ E, and 25◦20′–25◦23′ N. The forest
farm covers a total area of 105.47 km2, with elevations ranging from 300 to 500 m and the
highest peak reaching 970 m. The terrain is characterized by higher elevations in the south,
sloping downward to the north, with an average gradient of 26–35◦ [32]. The distribution
of the study area and sites locations is shown in Figure 1.

2.2. Study Data
2.2.1. Sample Plot Survey Data

The plot survey was conducted in January 2024 at the Dagongqiao Work Area of the
Jinpen Mountain Forest Farm. The study selected three types of plantations: Cunninghamia
lanceolata (Lamb.) Hook. Pure Forest (CLPF), Cunninghamia lanceolata and Castanopsis
hystrix Miq. Mixed Forest (CL-CHMF), and Cunninghamia lanceolata and Quercus texana
Buckley Mixed Forest (CL-QTMF). Three rectangular plots of 20 m × 30 m were set up for
each type, totaling nine plots. The plots had an average diameter at breast height (DBH) of
12.1 cm, an average tree height of 8.7 m, a canopy closure greater than 0.8, a stand age of
12 years, and were planted using a contour interval method. The coordinates of each tree
with a DBH greater than 5 cm were recorded using the Huace T9 RTK inertial navigation
system (Huace Navigation Technology Ltd., Shanghai, China), with a total of 1215 trees
measured. The basic characteristics of the sample plots are presented in Table 1.
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Table 1. Basic characteristics of sample plots.

Sample
Plot Tree Count Density

(Trees/ha) Type Mixed
Ratio

Slope
Direction Slope (◦)

1 137 2283 CLPF 1 Southeast 37
2 121 2016 CLPF 1 Northwest 42
3 128 2133 CLPF 1 Northeast 40
4 128 2133 CL-CHMF 6:4 South 36
5 146 2433 CL-CHMF 7:3 South 30
6 148 2466 CL-CHMF 7:3 South 40
7 141 2350 CL-QTMF 8:2 North 36
8 130 2166 CL-QTMF 8:2 North 35
9 136 2266 CL-QTMF 8:2 Northwest 37

2.2.2. UAV Image Data

The image data for this study were collected using the DJI Phantom 4 RTK quadcopter
UAV (DJI Technology Co., Ltd., Shenzhen, China). The UAV was equipped with a 1-inch
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FC6310R camera sensor (DJI Technology Co., Ltd., Shenzhen, China) capable of capturing
20-megapixel images with an 8.8 mm focal length and an f/5.6 autofocus aperture, sup-
porting the red, green, and blue (RGB) spectral channels. The UAV was also outfitted with
an onboard D-RTK system, which provided centimeter-level high-precision positioning for
enhanced surveying accuracy.

The flight operation was completed on 14 January 2024, under clear weather conditions.
A Digital Surface Model (DSM) terrain-following flight method was employed during data
collection. The initial flight was conducted at an altitude of 200 m to capture the preliminary
DSM of the study area. Subsequently, the terrain-following flight altitude was set to 50 m,
with a front overlap rate of 80% and a side overlap rate of 70%. To acquire more detailed
terrain information, the image acquisition range covered both the base and the summit of
slopes, ensuring the inclusion of more ground points to generate a more comprehensive 3D
model. A total of 770 images were captured and preprocessed using Pix4Dmapper (v4.4.12),
an image processing software from Pix4D. The image processing workflow included the
following steps [33]:

1. Image Preprocessing: Aerial images were initially screened to exclude those with
color distortion, focus failure, or improper exposure. This step ensured consistency in
brightness, saturation, and hue across the dataset, ensuring high-quality subsequent
data processing.

2. Feature Point Extraction and Matching: The software automatically extracted relevant
image and camera parameter information. Ground Control Points were added to aid
feature matching and tracking.

3. Aerial Triangulation: Multi-view image bundle adjustment and aerial triangulation
were performed. These steps extracted and matched image feature points, generating
a sparse 3D point cloud.

4. Dense Point Cloud Generation: Based on the sparse point cloud, a dense 3D point
cloud was produced using multi-view stereo matching algorithms.

5. DSM and DOM Generation: The dense point cloud was rasterized to generate a
DSM with a resolution of 2.3 cm per pixel. Each pixel in the DSM represented
the elevation of ground features, including structures and vegetation. The original
images were geometrically and radiometrically corrected to produce a DOM with
the same resolution of 2.3 cm per pixel. The pixel values in the DOM reflected the
spectral reflectance characteristics of the corresponding ground features, typically in
RGB colors.

2.2.3. Canopy Height Model

This study employs a point cloud filtering method based on the DOM to enhance the
accuracy of ground point extraction and thereby derive individual tree heights in closed-
canopy stands. After the spatial alignment of imagery and point cloud data, image features
are extracted using the color and texture information from the DOM, which enables point
cloud classification. To mitigate misclassification caused by tree crown shadows, the DSM
is used to screen potential ground points. Once all potential ground points are identified,
inner and outer buffers with a width of 1.0 m are created along each ground boundary. By
comparing the elevation differences between the inner and outer buffers, erroneous ground
points located on the forest canopy are excluded. The classified point cloud was subjected
to noise reduction and manual adjustments. Ultimately, the filtered ground points were
utilized, and the Kriging interpolation method was employed to generate a Digital Terrain
Model (DTM). Each pixel value in the DTM represents the elevation of the bare ground at
that location, excluding the heights of vegetation and buildings.
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The CHM can be obtained by subtracting the DTM from the DSM. Each pixel value
in the CHM represents the relative height of the vegetation canopy, which is the elevation
difference between the DSM and DTM. The resolution of the canopy height model is
11.7 cm/pixel. The generated DOM, DSM, DTM, and CHM data are shown in Figure 2.
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2.3. Study Methods
2.3.1. Multi-Source Local Maxima Method

Traditional local maxima methods are typically applied based on CHM and DOM data
sources. For CHM-based local maxima methods, the approach utilizes the characteristic that
the elevation values at tree crown apices are usually higher than those of the surrounding
areas. This allows for identifying the pixel with the maximum elevation value within the
tree crown to locate the tree crown apex position [34]. On the other hand, DOM-based local
maxima methods rely on the property that the light intensity received at tree crown apices
is generally greater than that at the crown edges, with higher light intensity corresponding
to higher grayscale values. Thus, the tree crown apex can be identified by locating the pixel
with the maximum grayscale value within the crown [35].

In this study, the existing RLM method was improved, and a Multi-Source Local
Maxima (MSLM) method that combines CHMs and DOMs was proposed to enhance the
accuracy of individual tree position extraction. A flowchart illustrating the MSLM method
is provided in Figure 3. The specific steps are as follows.
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1. Data Preprocessing

Since the CHM is generated by subtracting DTM from DSM, filtering and interpola-
tion processes are required for point cloud data during DTM generation, resulting in the
CHM and DOM having different spatial resolutions [31]. Therefore, before fusing these
two images, the CHM image must be resampled to ensure that its pixel size and dimensions
align with those of the DOM image, thereby guaranteeing spatial consistency in the final
results. Additionally, the DOM data must be converted into grayscale images (Gray). The
conversion formula is as follows [36]:

Gray = 0.2989 × R + 0.5870 × G + 0.1140 × B, (1)

where R, G and B represent the red, green, and blue color channels of the DOM image,
respectively.

2. Identification of Potential Tree Crown Apices

This step follows the same procedure as the RLM algorithm. First, the custom pa-
rameters CLmin and CLmax are defined. Next, at a fixed sampling interval (CLmin),
local maxima points (LMc) along the feature curve are identified for each column of the
image. Subsequently, the local maxima values (LMr) along rows are identified for each
LMc. Among these LMr, the one closest to LMc and within a distance of CLmax is selected
as the initial seed point. The crown width estimation (CW) for the initial seed point is then
calculated, where CW should be greater than or equal to CLmin and less than or equal
to CLmax. Finally, K-means clustering and a distance threshold (half of the crown width
estimation) are applied to determine the potential tree crown apices.
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3. Determination of Final Tree Positions

First, the Otsu method is applied to calculate the grayscale image’s Otsu threshold
(Totsu) [37]. Next, Pc and Pg are overlaid onto the grayscale image. The grayscale values at
the locations of Pc and Pg are then extracted, and vertices with grayscale values lower than
Totsu are removed to eliminate erroneous apices located outside the tree canopy layer [38].
Finally, Pg is iterated to determine whether Pc exists within the crown width range; if it
does, Pg is deleted, and if not, it is retained. The remaining tree crown apices are regarded
as the final individual tree position.

The above steps were implemented using Python 3.8. To validate the performance
of the MSLM method, a comparison was made with the RLM method using only the
CHM data source, evaluating the precision differences in tree crown apex extraction within
complex environments.

2.3.2. Individual Tree Position Extraction Accuracy Evaluation

This study analyzed the accuracy of position extraction at the individual tree scale. A
circular buffer with a radius of 1 m was established, centered at the measured tree position.
The extraction was deemed correct if there was precisely one extracted tree position located
within the buffer zone. If no extracted tree position was present, the extraction was
considered an omission. If two or more extracted tree positions were present, the nearest
one was considered correct, while the others were classified as incorrect. The flow of
judgment for extracted individual tree positions is shown in Figure 4.
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The accuracy of the extraction results was evaluated using five metrics: Accuracy Rate
(AR), Commission Error (CE), Omission Error (OE), Overall Accuracy (OA), and F1 score
(F1_c). The formulas for these metrics are as follows [31]:

AR = Nt/Nr × 100%, (2)

CE = Nu/Nr × 100%, (3)

OE = No/Nr × 100%, (4)

OA = (1 − |Ne − Nr|/Nr) × 100%, (5)

F1_c = 2 × Nt/(Nr + Ne) × 100%, (6)

where Nr represents the number of trees measured in the field survey, Ne represents the
total number of extracted trees, Nt represents the number of correctly extracted trees, Nu

represents the number of incorrectly extracted trees, and No represents the number of
omission extracted trees.

3. Results
3.1. Individual Tree Position Extraction Results

This study performed individual tree position extraction on nine sample plots using
the MSLM method and compared the results with those obtained using the RLM method,
which relies solely on the CHM. The extraction results from both methods were overlaid
onto the DOM for ease of comparison. Examples of the extraction results for selected
sample plots are shown in Figure 5. In the figure, triangles represent the actual positions
of Cunninghamia lanceolata, squares represent Castanopsis hystrix, and pentagons represent
Quercus texana. Red indicates that the tree was correctly extracted, while yellow indicates
that the tree was omission extracted, black dots represent correct identification by the
method, black crosses represent incorrect identification by the method, and green circles
denote a 1m buffer zone. Both the MSLM and RLM methods exhibited varying degrees
of commission and omission errors. However, the MSLM method demonstrated a higher
number of correct extractions and relatively fewer omissions. The MSLM method effectively
avoided commission errors along the forest canopy perimeter but still showed frequent
errors at tree crown edges.

The performance of these methods varied across different forest types. In CLPF,
commission errors were primarily concentrated along the edges of Cunninghamia lanceolata
tree crowns, while omission errors mainly occurred in areas where tree crowns overlapped.
In CL-CHMF, commission errors were most often associated with the large crowns of
Castanopsis hystrix, while omission errors were more frequently observed in the smaller
crowns of Cunninghamia lanceolata. In CL-QTMF, commission errors were predominantly
located at the edges of Cunninghamia lanceolata crowns, whereas omission errors primarily
occurred on Quercus texana crowns.

To more comprehensively evaluate the effectiveness of the two methods, the extraction
results of both methods were statistically analyzed from four aspects: total number of
extracted trees, correctly extracted trees, incorrectly extracted trees, and omission extracted
trees, and a significance test was conducted. The statistical results are shown in Table 2,
and there are significant differences in the extraction results of different extraction methods
(p < 0.05). The total number of individual tree positions extracted using the MSLM method
was much closer to the measured count, with only 11 additional trees compared to the
value of the measured survey. In contrast, the RLM method underestimated the number of
trees, extracting 190 fewer trees than the measured value. This suggests that the MSLM
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method has a clear advantage in terms of total extraction accuracy. The number of correctly
extracted tree positions using the MSLM method was also significantly higher than that of
the RLM method, with the MSLM method outperforming the RLM method by 136 trees
overall. Additionally, the MSLM method showed superior performance across all sample
plots. For example, in Plot 5, the MSLM method correctly extracted 120 trees, whereas
the RLM method only extracted 82 trees, resulting in a difference of 38 trees. However,
the MSLM method showed some shortcomings in terms of commission errors. The total
number of commission errors for the MSLM method was consistently higher than that of
the RLM method, with the MSLM method producing 66 more commission errors in total.
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Table 2. Result of extracted individual tree position.

Sample Plot Measured
MSLM Method/RLM Method

Extracted Correctly Incorrectly Omission

1 137 144/130 * 121/113 * 23/17 * 16/24 *
2 121 133/112 * 113/98 * 20/14 * 8/23 *
3 128 132/116 * 104/97 * 28/19 * 24/31 *
4 128 128/104 * 112/90 * 16/14 * 16/38 *
5 146 137/90 * 120/83 * 17/7 * 26/63 *
6 148 139/106 * 123/98 * 16/8 * 25/50 *
7 141 140/118 * 114/110 * 26/8 * 27/31 *
8 130 134/121 * 115/106 * 19/15 * 15/24 *
9 136 139/128 * 118/110 * 21/18 * 18/26 *

All 1215 1226/1025 * 1040/905 * 186/120 * 175/310 *
Note: * indicates a significant difference in the extraction results between the two methods (p < 0.05).

3.2. Individual Tree Position Extraction Accuracy

To comprehensively evaluate the performance of the MSLM method, five accuracy
metrics—AR, CE, OE, OA, and F1_c—were employed to compare the extraction results
of the MSLM and RLM methods. The results are shown in Table 3. As indicated in the
table, the MSLM method generally outperforms the RLM method across all evaluation
metrics. The overall AR of the MSLM method was 85.59%, significantly higher than the
74.98% achieved by the RLM method. In terms of OE, the MSLM method had a lower
value of 14.40%, compared to 25.02% for the RLM method. While the MSLM method’s
CE was 15.31%, higher than the 9.38% observed for the RLM method, this difference did
not significantly impact the overall extraction accuracy and effectiveness. The overall OA
of the MSLM method was 99.09%, exceeding the RLM method’s 84.36%, and the F1 score
for the MSLM method was 85.21%, which was also higher than the RLM method’s score
of 81.34%.

Table 3. Accuracy analysis of extracted individual tree position.

Sample Plot
MSLM Method/RLM Method

AR OE CE OA F1_c

1 88.32%/82.48% 11.68%/17.52% 16.79%/12.41% 94.89%/94.89% 86.12%/84.64%
2 93.39%/81.82% 6.61%/18.18% 16.53%/10.74% 90.08%/92.56% 88.98%/84.98%
3 81.25%/76.56% 18.75%/23.44% 21.88%/14.06% 96.88%/90.63% 80.00%/80.33%
4 87.50%/71.88% 12.50%/28.13% 12.50%/9.38% 100.00%/81.25% 87.50%/79.31%
5 82.19%/56.16% 17.81%/43.84% 11.64%/5.48% 93.84%/61.64% 84.80%/69.49%
6 83.11%/66.22% 16.89%/33.78% 10.81%/5.41% 93.92%/71.62% 85.71%/77.17%
7 80.85%/78.01% 19.15%/21.99% 18.44%/5.67% 99.29%/83.69% 81.14%/84.94%
8 88.46%/83.85% 11.54%/16.15% 14.62%/9.23% 96.92%/93.08% 87.12%/86.85%
9 86.76%/80.88% 13.24%/19.12% 15.44%/13.24% 97.79%/94.12% 85.82%/83.33%

All 85.59%/74.98% 14.40%/25.02% 15.31%/9.38% 99.09%/84.36% 85.21%/81.34%

Note: Accuracy Rate (AR), Commission Error (CE), Omission Error (OE), Overall Accuracy (OA), and F1
score (F1_c).

3.3. Impact of Forest Type on Extraction Accuracy

Figure 6 shows that the MSLM method performs relatively consistently across different
forest types. Although there were some fluctuations in CE, the overall performance of
the MSLM method was superior to that of the RLM method. The CE for the CLPF and
CL-QTMF were 18.39% and 16.22%, respectively, while the CE for the CL-CHMF was lower,
at only 11.61%. In contrast, the performance of the RLM method showed greater variability,
especially in the CL-CHMF, where AR and OA were significantly lower compared to the
other forest types. The AR and OA for the CLPF and CL-QTMF were both above 80% and
90%, respectively, while those for the CL-CHMF were only 64.45% and 71.09%, respectively.
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This indicates that compared to the RLM method, the MSLM method achieves higher
precision and reliability in handling the complex environments of different forest types.
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4. Discussion
4.1. Parameter Settings of the MSLM Method

The parameter settings for the MSLM method are largely consistent with the RLM
method, with the key parameters being CLmin and CLmax. These two parameters are
determined through visual inspection of the crown size and represent the minimum and
maximum crown widths in the sample area, respectively. These parameters significantly
influence the accuracy and computational efficiency of the algorithm, with CLmin being
particularly crucial. It determines the search step size for local maxima and helps prevent
the generation of excess potential crown top points within the same tree crown, while also
reducing the occurrence of missing crown top points caused by crown overlap. CLmax
ensures that the crown width value is not overestimated, and the crown width value is
used to eliminate anomalous crown top points that are too close to one another [24].

Additionally, the MSLM method introduces a new threshold, Totsu, which is automati-
cally determined by maximizing the inter-class variance. This threshold helps differentiate
between the crown layer and the background, thereby eliminating false points located
outside the crown layer. The results show that the Totsu threshold can, to some extent, pre-
vent the detection of false peaks in the non-canopy area, thus reducing the false detection
rate. This conclusion is also supported by the study of Yu et al. [39], which suggests that
optimizing the threshold can effectively reduce the false detection rate.

4.2. Performance Advantages of the MSLM Method

This study used both the MSLM and RLM methods to extract individual tree positions
from three different types of closed-canopy stands. The results demonstrate that the MSLM
method outperforms the RLM method in terms of accuracy, omission error, overall precision,
and F1 score. This indicates that, compared to the RLM method, the MSLM method is more
accurate in extracting individual tree positions, reducing omission errors, and minimizing
the bias between false extractions and omissions, resulting in outcomes that more closely
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align with the actual distribution of trees. The MSLM method thus offers superior balance
and robustness. The excellent performance of MSLM in closed-canopy stands further
supports the advantages of the multi-source data fusion strategy. By integrating CHM
and DOM data, MRLM significantly enhances the algorithm’s ability to analyze complex
backgrounds, exhibiting greater stability and adaptability [40]. CHM provides three-
dimensional structural information about tree crown height, while DOM offers rich spectral
and textural features. The combination of the two allows the MSLM method to more
precisely determine individual tree positions in complex forest environments. Relevant
studies also support this view. For instance, Xie et al. [41] pointed out that the integration
of RGB imagery and CHM data significantly improves the accuracy of individual tree
detection, especially in complex environments where a single data source cannot meet
the requirements.

The MSLM method achieved an overall F1 score of 85.21% in closed-canopy stands,
fully demonstrating its capability to extract individual tree positions in complex forest
environments. Currently, deep learning methods are commonly used for individual tree
position extraction in challenging conditions. For example, Beloiu et al. [42] employed
the Faster R-CNN model with RGB imagery for individual tree position extraction in
temperate mixed forests, achieving an overall F1 score of 76%, with spruce scoring as
high as 86%. Zhang et al. [43] used an improved Mask R-CNN model for individual tree
position extraction in broadleaf mixed forests, obtaining overall F1 scores ranging from
80% to 84%. Gan et al. [44] applied the DeepForest and Detectree2 models for individual
tree position extraction in alpine temperate deciduous forests, achieving overall F1 scores
of 52% and 57%, respectively. In comparison, the MSLM method, as a traditional computer
vision algorithm, achieved comparable accuracy to deep learning methods in closed-
canopy stands while not relying on large-scale annotated datasets and incurring lower
computational costs [45]. Therefore, the MSLM method demonstrates broader applicability,
particularly in large-scale forest resource surveys, where it offers greater cost-effectiveness
and provides an efficient and low-cost pathway for individual tree detection in forest
resource monitoring.

4.3. Limitations of the MSLM Method

Although the MSLM method has demonstrated promising results in extracting indi-
vidual tree positions across various forest types, certain limitations persist. First, the MSLM
method exhibits higher commission errors compared to the RLM method. This may be due
to the higher resolution of DOM imagery, which, while improving the representation of
tree crown texture details, also introduces additional noise. Consequently, the increased
resolution can result in more misidentifications, leading to higher commission errors [46].
Second, this study only selected three types of mountainous closed-canopy forests with
different tree species compositions for comparative experiments, without considering the
effects of more diverse forest types, canopy densities, and terrain conditions on extraction
accuracy. Furthermore, this study did not account for seasonal variations in tree crown
morphology, which could affect position extraction accuracy. For instance, in the CL-QTMF,
a significant number of omission errors were observed for Quercus texana. This was likely
because Quercus texana had entered its leaf-shedding phase during imagery acquisition,
making crown tops harder to identify. Similarly, Dietenberger et al. [47] reported that
seasonal changes, such as leaf growth or shedding, can significantly impact the accuracy of
tree position extraction.

To address these limitations, future research could incorporate more advanced denois-
ing algorithms to suppress noise while preserving critical image details. Such algorithms
should focus on achieving a balance between reducing unnecessary artifacts and retaining
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important features, thereby enhancing the accuracy of the method. Additionally, incor-
porating a more diverse range of forest types, crown densities, and terrain conditions,
along with analyzing seasonal variations in crown morphology through time-series data,
could enhance the robustness and applicability of the method. These improvements will
help overcome current challenges and further optimize the applicability of the method in
complex environments.

5. Conclusions
This study presents an MSLM method that integrates CHM and DOM imagery for

the extraction of individual tree positions in closed-canopy stands. When compared to
the RLM method, which relies solely on CHM imagery, the results show that the MSLM
method achieves a higher overall Accuracy Rate (AR) of 85.59%, an Overall Accuracy (OA)
of 99.09%, and an F1 score of 85.21%, outperforming the RLM method. Furthermore, the
method demonstrates stable performance across different types of closed-canopy forests,
highlighting its superior performance in extracting individual tree positions. The MSLM
method achieves high accuracy without requiring large amounts of annotated data, provid-
ing a low-cost and efficient technological solution for forest resource monitoring. It also
offers valuable insights for optimizing and adjusting forest structures, supporting better
forest management and conservation efforts.
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