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Abstract

Individual tree crown detection (ITCD) and tree species classification are critical for forest
inventory, species-specific monitoring, and ecological studies. However, accurately detect-
ing tree crowns and identifying species in structurally complex forests with overlapping
canopies remains challenging. This study was conducted in a complex mixed conifer–
broadleaf forest in northern Japan, aiming to improve ITCD and species classification by
employing two machine learning models and different combinations of metrics derived
from very high-resolution (2.5 cm) UAV red–green–blue (RGB) and multispectral (MS)
imagery. We first enhanced ITCD by integrating different combinations of metrics into
multiresolution segmentation (MRS) and DeepForest (DF) models. ITCD accuracy was
evaluated across dominant forest types and tree density classes. Next, nine tree species
were classified using the ITCD outputs from both MRS and DF approaches, applying Ran-
dom Forest and DF models, respectively. Incorporating structural, textural, and spectral
metrics improved MRS-based ITCD, achieving F-scores of 0.44–0.58. The DF model, which
used only structural and spectral metrics, achieved higher F-scores of 0.62–0.79. For species
classification, the Random Forest model achieved a Kappa value of 0.81, while the DF
model attained a higher Kappa value of 0.91. These findings demonstrate the effective-
ness of integrating UAV-derived metrics and advanced modeling approaches for accurate
ITCD and species classification in heterogeneous forest environments. The proposed
methodology offers a scalable and cost-efficient solution for detailed forest monitoring and
species-level assessment.

Keywords: tree crown detection; high-resolution UAV imagery; complex forest;
multiresolution segmentation; DeepForest

1. Introduction
Mixed conifer–broadleaf forests (MCBFs) exhibit high structural and compositional

complexity [1,2], making accurate individual tree crown detection (ITCD) and species
classification critical for forest inventory, biodiversity conservation, selective harvesting,
species-specific monitoring, and precision forest management [3–5]. Since many structural

Geomatics 2025, 5, 32 https://doi.org/10.3390/geomatics5030032

https://doi.org/10.3390/geomatics5030032
https://doi.org/10.3390/geomatics5030032
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/geomatics
https://www.mdpi.com
https://orcid.org/0000-0002-7604-788X
https://orcid.org/0000-0002-9227-4177
https://orcid.org/0000-0001-8391-1018
https://doi.org/10.3390/geomatics5030032
https://www.mdpi.com/article/10.3390/geomatics5030032?type=check_update&version=2


Geomatics 2025, 5, 32 2 of 25

attributes are derived from individual tree crowns, precise ITCD is a prerequisite for reliable
forest parameter estimation [6,7]. Moreover, species-level classification supports detailed
mapping, enabling sustainable forest management [3,8].

Conventional field-based ITCD approaches are labor-intensive and impractical at large
scale, especially in complex forests. Remote sensing technologies such as satellite imagery,
manned and unmanned aerial vehicle-based light detection and ranging (LiDAR), red–
green–blue (RGB), multispectral (MS), hyperspectral data, and terrestrial laser scanning
(TLS) offer scalable solutions for ITCD and tree species classification [9–13], and many
studies have been conducted [14]. Among these, unmanned aerial vehicles (UAVs) provide
very high spatial resolution (<10 cm), cloud-free imagery with flexible acquisition [3,15],
capturing detailed canopy information, even at leaf-level features [16–19] essential for
accurate ITCD and species classification [20].

However, the existing methods face limitations in complex forests. Traditional algo-
rithms such as region growing, clustering, and edge-based methods [7,21,22] often fall
short in complex forest environments [16]. Multiresolution segmentation (MRS), an object-
based method, has been effective in mixed forests due to its adjustable parameters [3]. For
example, using UAV-derived MS imagery and digital aerial photogrammetric (DAP) point
clouds, MRS achieved an F-score of 0.83 in subtropical forests [3]. Species classification
using Random Forest (RF) with MRS and MS imagery yielded a Kappa of 0.72 for four
deciduous species [23]. Recent advances in machine learning (ML) and deep learning
(DL) have further improved tree detection and species classification through high-level
feature extraction [24–26]. In a complex mixed conifer–broadleaf forest (MCBF), methods
such as bounding-box detection using YOLOv8 (you look only once) on RGB imagery and
LiDAR data have been applied [27]; however, these approaches are limited in delineating
precise crown boundaries. While UAV LiDAR alone has achieved reasonable accuracy
in temperate forests (F-score = 0.73) [28], it underperforms in broadleaf forests due to
overlapping and multi-layered canopies [29]. In subtropical forests, integrating LiDAR
and hyperspectral imagery with RF modeling achieved ITCD F-scores of 0.83 and species
classification Kappa of 0.85 [30]. DeepForest (DF) is a recently developed convolutional
neural network (CNN)-rooted DL model used for ITCD [31], achieving an F1 score of 0.52
in temperate deciduous forests [27] and up to 0.69 when combining RGB and MS imagery
in MCBF with RF classification [18]. More advanced DL models, such as Mask R-CNN
and Faster R-CNN, can delineate irregular crown shapes but are reported to struggle in
complex forests with overlapping canopies [16,32,33]. The StarDist model, based on the
U-Net architecture, has outperformed Mask R-CNN in complex forests, achieving an F1
score of 0.88 [16]. An F1 score of 0.57 temperate deciduous forest [27] and 0.64–0.74 in
tropical forest [34] was achieved using Detectree2, which is based on Mask R-CNN, to
accurately recognize the irregular edges of individual tree crowns. Among DL models for
species classification, EfficientNet is particularly suited to very high-resolution imagery
due to its ability to capture fine-grained features [35–37]. For instance, EfficientNet-B7
effectively classified 56 tree species in temperate forests [38], highlighting its potential for
detailed species-level classification in complex forest environments.

Accurate ITCD in structurally complex forests remains challenging due to forked tree
crowns with overlapping canopies, variability in tree architecture, and tree density [16,27].
Integrating multisource UAV data comprising different combinations of metrics, such as
structural, textural, and spectral, has been shown to improve ITCD and species classification
in complex environments [3,39]. UAV platforms offer the integration of different sensors
that can be able to derive RGB and MS imagery [4,18]. This ability provides the capture
of more spectral information to classify the species with high accuracy [30]. Improved
watershed-spectral-texture-controlled normalized cut (WST-Ncut) is proposed to achieve
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ITCD and species classification in subtropical broadleaf forests using UAV LiDAR, RGB,
and hyperspectral imagery [40]. Incorporating textural features into the model improved
the tree species classification using very high-resolution UAV MS imagery [8] and RGB
imagery [41]. Integration of RGB and MS imagery with different combinations of met-
rics improves the tree species classification [3]. Combining textural and spectral metrics
improved the tree species classification [8,42–44]. While previous studies demonstrated
the benefits of structural and spectral data for crown detection, particularly in dense and
diverse stands, most focused on simpler forest types with limited species diversity [23]. Re-
search on complex, mixed-species forests is growing, but results vary depending on forest
heterogeneity, study methods, and lack of consideration for factors such as tree density
and dominant stand types. Additionally, few studies integrate different combinations of
metrics for these purposes [18,40].

To address these challenges, this study aims to improve ITCD and tree species classifi-
cation in a complex MCBF in northern Japan by employing two machine learning models
(MRS and DF) with different combinations of metrics derived from very high-resolution
UAV imagery. In this study, a different combination of metrics denotes the use of structural,
textural, and spectral metrics either individually or in any two- or three-way combinations.
Specifically, we address the following two research questions: (1) Can ITCD be improved
in a complex MCBF using two machine learning models with different combinations of
metrics derived from UAV imagery? (2) Can tree species classification be improved using
two machine learning models with different combinations of metrics derived from UAV
imagery? Our approach differs from previous work by exploring various model combina-
tions and parameter settings to optimize crown detection and species classification across
stand types and density categories, thereby identifying the most effective strategies for
complex MCBFs using machine learning models and different combinations of metrics
derived from both very high-resolution UAV RGB and MS imagery. By addressing the
challenges posed by greater complexity, species diversity, and forked tree crowns with
overlapping canopies, the research seeks to evaluate whether employing machine learning
models and incorporating different combinations of metrics enhances the accuracy of both
ITCD and species classification at the individual tree level.

2. Materials and Methods
2.1. Study Site

This study was conducted in the University of Tokyo Hokkaido Forest (UTHF), lo-
cated in Furano City, Hokkaido, northern Japan (43◦10′–20′ N, 142◦18′–40′ E; elevation:
190–1459 m asl; Figure 1). The extent of the UTHF is 22,708 ha, characterizing uneven-aged
MCBF that lies between temperate and boreal forests [45,46]. Building upon our previous
work [4], which used manual ITCD to estimate forest structural parameters and identity
conifers, Japanese oak, and other broadleaf species, this study focuses on automated ITCD
and species classification of nine tree species. We selected sub-compartment 68E as the
study site due to its structural complexity and species diversity, representative of complex
MCBF conditions. Dominant coniferous species are Todo fir (Abies sachalinensis), red spruce
(Picea glehnii), and Yezo spruce (P. jezoensis). Dominant broadleaf species are Japanese oak
(Quercus crispula), Japanese linden (Tilia japonica), Monarch birch (Betula maximowicziana),
painted maple (Acer pictum), castor aralia (Kalopanax septemlobus), Manchurian ash (Fraxinus
mandshurica), and Taxus cuspidate [4,46]. The study site covers approximately 31 ha, with
elevation ranging from 425 to 500 m asl. Based on five 50 m × 50 m inventory plots (UTHF,
2020), the mean tree density is 562 stems ha−1 (DBH ≥ 5 cm) (range: 460–656 stems ha−1) [4].
The forest floor is densely covered by dwarf bamboo species Sasa kurilensis and S. senanensis.
Climatic data from 2001 to 2008 show an average annual temperature of 6.4 ◦C and total
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annual precipitation of 1297 mm at 230 m elevation. Snow typically accumulates from
November to April, reaching depths of up to 1 m [46,47].

Figure 1. The study area map: (a) location of the UTHF in Japan; (b) location of the forest compartment
68 in the UTHF; (c) tree spatial positions (n = 255) of field-measured tree species and sampling plots
(n = 6) for evaluating individual tree crown detection, visualized in the UAV RGB orthomosaic with
plot numbers (1–6).

2.2. Collection of Field Data

A total of 255 individual trees representing nine species were measured in February
2023 (Figure 1c). Tree spatial positions were recorded using a dual-frequency real-time
kinematic (RTK) GNSS receiver (DG-PRO1RWS, BizStation Corp., Matsumoto, Japan)
and used to manually identify corresponding crowns in UAV imagery. Tree height (H)
measurements focused on conifers, as leaf-off conditions enhanced treetop visibility. The
H was measured three times using a Vertex III hypsometer (Haglöf Sweden AB, Långsele,
Sweden), and the average was recorded. The H measurement validated the UAV-derived
canopy height model (CHM), which showed high agreement with field measurements
(R2 = 0.86, RMSE = 2.15 m), as reported in our previous study [4]. The diameter at breast
height (DBH) was measured at 1.3 m using a diameter tape.

2.3. Collection of UAV Imagery

Detailed UAV specifications, flight parameters, and sensor information are provided
in Table S1. RGB imagery was captured using a DJI Matrice 300 RTK (DJI, Shenzhen,
China) during the leaf-on period (14 September and 7 October 2022) and the leaf-off period
(8 November 2022). Additionally, simultaneous RGB and MS imagery were acquired on
27 October 2023 using a DJI Mavic 3 MS RTK (DJI, Shenzhen, China). The RGB imagery
of 14 September 2022 and MS imagery of 27 October 2023 were used for our previous
work on individual tree parameter estimation [4]. For this study, the RGB imagery of



Geomatics 2025, 5, 32 5 of 25

14 September 2022 was primarily used for manual and automated ITCD and tree species
classification and generation of the CHM. Based on prior findings [4], crown areas showed
no significant difference between 14 September 2022 and 7 October 2022; thus, imagery from
7 October was also included in species classification assessments to examine the accuracy
influenced by prominent color changes in some tree species. Tree species detection is
influenced by seasonal phenological changes, as distinct leaf color variations during this
period enhance spectral reflectance differences among species [39,48]. MS imagery collected
on 27 October 2023 was used for both ITCD and species classification. The leaf-off RGB
imagery (8 November 2022) and other seasonal datasets were used exclusively for visual
interpretation to support species identification (Figure S1). All UAV flights were conducted
under clear, sunny conditions to minimize shadow effects [17].

2.4. Data Analysis
2.4.1. Processing UAV Images

Figure 2 outlines the workflow for ITCD and species classification. UAV imagery was
processed by UTHF staff using Agisoft Metashape v1.8.4 (Agisoft LLC, St. Petersburg,
Russia) and Pix4Dmapper v4.8.0 (Pix4D SA, Lausanne, Switzerland). Sensor correction,
camera calibration, and reflectance panel calibration were conducted using the respective
software. The original orthomosaics spatial resolution of RGB imagery (0.8 cm) and MS
imagery (0.2 cm) were resampled to 2.5 cm using ArcGIS Pro v2.8 (ESRI, Redlands, CA,
USA) to meet the input requirements of DF Scanner v1.4.0 (DeepForest Technologies Co.,
Ltd., Kyoto, Japan). All input layers, including the CHM, were maintained to this resolution
for spatial consistency. The CHM was generated by subtracting a digital terrain model
(DTM), derived from existing airborne light detection and ranging (LiDAR) data (Teledyne
Technologies, Thousand Oaks, CA, USA), from the UAV-based digital surface model (DSM),
thereby reducing canopy occlusion effects. Further details of the LiDAR data processing
are available in our previous studies [4,49].

Figure 2. The workflow of the individual tree crown detection and species classification.
UAV—unmanned aerial vehicle; RGB—red–green–blue; MS—multispectral; RF—random forest;
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DF—DeepForest; DSM—digital surface model; LiDAR DTM—light detection and ranging digital
terrain model; SfM—structure from motion; CHM—canopy height model; MRS—multiresolution
segmentation; CNN—convolutional neural network; ITCD—individual tree crown detection.

2.4.2. Extraction of Metrics

A set of metrics were extracted from UAV imagery for ITCD and species classifica-
tion. A visual representation of these metrics within a sample plot is shown in Figure S2.
Structural metrics derived from the CHM capture height variations that aid both ITCD
and species classification [50]. Textural metrics were extracted from the near-infrared (NIR)
band of the MS imagery, and this was consistent with the previous study [18]. Textural met-
rics describe spatial tree crown patterns and are essential for species classification [43,51].
Textural features were computed using the gray level co-occurrence matrix (GLCM) [52,53]
via the r.texture algorithm in QGIS v3.28 with a 3 m × 3 m moving window. The derived
textural metrics included angular second moment (ASM), variance (Var), sum of variance
(SV), difference variance (DV), contrast (Cont), entropy (Entr), difference entropy (DE), sum
of entropy (SE), correlation (Corr), information measures of correlation (MOC), inverse
difference moment (IDM), and sum of average (SA). Spectral metrics were extracted from
both RGB and MS imagery. RGB bands (red, green, and blue) and MS bands (red, green,
red edge (RE), and NIR) were used. Normalized difference vegetation index (NDVI), green
NDVI (GNDVI), leaf chlorophyll index (LCI), and normalized difference red edge index
(NDRE) were computed from MS imagery [54]. Species differentiation relies on variations
in canopy spectral reflectance, making spectral metrics critical for ITCD and classifica-
tion [55–57]. Additionally, Sobel edge detection metrics were computed from RGB imagery
using the Sobel filter algorithm to further enhance ITCD [32].

2.4.3. Detection of Individual Tree Crowns
Manual Individual Tree Crown Detection

Six 50 m × 50 m sampling plots were established for ITCD, with three located in
conifer-dominated mixed forests (CDM) and three in broadleaf-dominated forests (BDM)
(Figure 1c). Very high-resolution RGB orthomosaics (0.8 cm) and CHM were used for
manual ITCD to generate reference tree crowns [16]. In broadleaf forests, forked tree
crowns with overlapping canopies are common; thus, leaf-off imagery was used to improve
the individual tree crowns [4]. Based on the number of manually detected tree crowns,
sampling plots were categorized into high-density (HD), medium-density (MD), and low-
density (LD) plots (Table 1). These manually detected crowns served as reference data for
evaluating automated ITCD performance. Due to canopy occlusion, only crowns visible
from above were included for ITCD [16]. To validate the manual ITCD, we compared
the crown count with field inventory data. To ensure alignment with visible crowns in
UAV imagery, we applied thresholds for H and DBH. Using five 50 m × 50 m inventory
plots from the UTHF, a DBH threshold of DBH ≥ 23 cm was determined based on the
allometric equations relating H and DBH in MCBF [4], using CHM maximum values
for H, and estimating DBH (Table S2). At this threshold, the mean tree density was
208 stems ha−1. Manual ITCD counts exceeded this value, confirming sufficient crown
capture (Table 1). Furthermore, field-measured tree H for 255 trees ranged from 19.82 to
32.87 m [4]. Accordingly, a CHM height threshold of ≥10 m was applied during manual
ITCD to ensure that only clearly visible trees were included.
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Table 1. Reference tree crowns based on dominant forest type and density for individual tree
crown detection.

Dominant
Forest Type

Plot
No.

Reference
Conifer Tree

Crowns (Per Plot)

Reference
Broadleaf Tree

Crowns (Per Plot)

Total Reference
Tree Crowns

(Per Plot)

Tree Crown
Density

(Crowns ha−1)

Plot Category Based on
Tree Crown Density

CDM 1 75 12 87 348 High density (HD)

2 60 22 82 328 Medium density (MD)

3 55 14 69 276 Low density (LD)

BDM 4 10 63 73 292 High density (HD)

5 16 50 66 264 Medium density (MD)

6 23 35 57 228 Low density (LD)

CDM—conifer-dominated mixed plots; BDM—broadleaf-dominated mixed plots.

Multiresolution Individual Tree Crown Detection

Table 2 presents five combination models of multiresolution segmentation (MRS) for
ITCD using different input layers. MRS is a bottom-up region-merging algorithm commonly
applied in object-based image analysis (OBIA), starting from individual pixels and merging
them iteratively into larger segments based on spectral and spatial heterogeneity [58].
Segmentation was conducted using eCognition Developer v10.3 (Trimble Inc., Sunnyvale,
CA, USA). Four key parameters were used in MRS: layer weight, scale, shape/color, and
compactness/smoothness [59]. Parameter selection was based on previous studies and
iterative trial-and-error, accounting for the structural complexity of the study area. Equal
weight was assigned to all input layers to give balanced importance to all input layers.
Shape and compactness were set to 0.7 and 0.9, respectively. A scale value of 230 was
selected as optimal based on a visual assessment of segmentation quality, and the merging
process continued until this threshold was met. For MRS ITCD, combination models 1,
2, 3, 4, and 5 that have different combinations of metrics were performed. Among the
combination models, models 1 and 2 represent commonly used approaches. We introduced
models 3, 4, and 5 by incorporating additional layers to improve ITCD. The number of
layers progressively increased from model 1 to model 5 to enhance ITCD performance.
Different combinations of metrics, comprising structural (CHM), spectral (RGB, MS, NDVI,
GNDVI, NDRE, LCI), and textural (ASM, MOC, ENT, Sobel) metrics, were used.

Table 2. The combination models with different layers for MRS individual tree crown detection.

Combination
Model Layers * Remarks

1 RGB Spectral metrics as conventional method

2 RGB_CHM Spectral and structural metrics as
conventional method

3 RGB_CHM_MS Added MS bands to model 2

4 RGB_CHM_MS_NDVI_GNDVI_NDRE_LCI_ASM_MOC_ENT Added spectral metrics and textural metrics
to model 3

5 RGB_CHM_MS_NDVI_GNDVI_NDRE_LCI_ASM_MOC_ENT_Sobel Added Sobel as an edge detection algorithm
to model 4

* RGB—red–green–blue; CHM—canopy height model; MS—multispectral; NDVI—normalized difference veg-
etation index; GNDVI—green NDVI; NDRE—normalized difference red edge; LCI—leaf chlorophyll index;
ASM—angular second moment; MOC—measure of correlation; ENT—entropy; Sobel—edge detection algorithm.

DeepForest Individual Tree Crown Detection

The ITCD was conducted using DF Scanner Pro v.1.4.0. (DeepForest Technologies Co.,
Ltd., Kyoto, Japan), which utilizes primary input layers. Therefore, combination model
2 in Table 2, which has different combinations of metrics (comprising structural (CHM)
and spectral (RGB) metrics), was performed. Two ITCD methods were applied. The first
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method detects treetops as seed points from the CHM and subsequently segments tree
crowns based on these points; this approach is specifically tailored for coniferous species.
This process involves three main steps: (1) masking CHM values below 2 m to remove
ground features, (2) detecting treetops using a smoothing level of 2 m and 3 m with a tree
spacing of 1.2 m, and (3) segmenting crowns using the masked CHM, original CHM, RGB
orthomosaic, and detected treetops. The second method treats the canopy as multilayered
and directly detects forked tree crowns, making it more suitable for broadleaf species. This
approach requires setting thresholds for mean and minimum crown polygon sizes. Based
on trial and error, mean crown sizes of 150 m2 and 170 m2 and minimum crown size of
20 m2 were tested. Given the mixed-species composition of the study area, both methods
were applied to the CDM and BDM plots to determine the most suitable approach for the
entire study area.

2.4.4. Classification of Tree Species
Manual Tree Crown Detection for Tree Species Classification

Table 3 summarizes the individual tree crowns used for classifying nine tree species,
including 248 field-measured trees and 492 visually annotated crowns, totaling 700 reference
crowns. Additionally, 110 gaps, representing roads, dwarf bamboo, and lower shrub
areas, were manually identified (Figure S3). Other tree species present in the study area
occurred at very low densities, averaging only 9 stems ha−1 (2 stems per plot) compared
to 208 stems ha−1 for the nine selected species (DBH ≥ 23 cm). Due to their limited
occurrence, these species were excluded from the classification. Species identification was
enhanced using field photographs and multi-season very high-resolution UAV imagery
(Figure S2). When species exhibited similar crown features in leaf-on RGB imagery, leaf-off
imagery was used to distinguish them based on stem color and branching patterns. For
example, Monarch birch and Japanese oak were distinguished by branch color—white for
Monarch birch and brown for Japanese oak. Tree crowns of P. jezoensis and P. glehnii were
indistinguishable in UAV imagery and were grouped as Spruce spp. Similarly, Magnolia
obovata and M. kobus were grouped as Magnolia spp. Due to the presence of subspecies
within Acer pictum, this species was grouped under Maple spp.

Table 3. Manual ITCD of field-measured and -annotated individual trees for tree species classification.

Tree Species Scientific Name Field-Measured
Tree Crowns

Annotated
Tree Crowns

Total Reference
Tree Crowns

Todo fir Abies sachalinensis (F.Schmidt) Mast. 49 103 152

Spruce spp. Picea jezoensis (Siebold et Zucc.) Carr. var. jezoensis
Picea glehnii (F.Schmidt) Mast. 60 25 85

Japanese oak Quercus crispula Blume var. crispula 67 90 157
Monarch birch Betula maximowicziana Regel. 13 26 39

Manchurian ash Fraxinus mandshurica Rupr. 08 23 31
Japanese linden Tilia japonica (Miq.) Simonk. var. japonica 26 62 88

Castor aralia Kalopanax septemlobus (Thunb.) Koidz.
subsp. septemlobus 16 14 30

Maple spp. Acer pictum Thunb. subsp. mono (Maxim.) H.Ohashi
Acer pictum Thunb. subsp. mayrii (Schwer.) H.Ohashi 06 52 58

Magnolia spp. Magnolia obovata Thunb.
Magnolia kobus DC. var. borealis Sarg. 03 57 60

Total 248 492 700

Multiresolution Tree Species Classification

The RF classification model was applied for tree species classification based on MRS in
eCognition Developer. Tree crowns detected using the best combination model across the
CDM and BDM plots (Section Multiresolution Individual Tree Crown Detection, Table 2)
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were used as input. RF classification model is widely applied in remote sensing studies
for tree species classification [9,47,60] due to its ability to handle high-dimensional data
with a small number of observations. Image objects derived from MRS were classified
into 9 tree species (Table 3). The data were stratified by species and split into training
(70%) and testing (30%) sets to ensure a proportional representation of each class. Model
accuracy was reported based on the testing set. Through trial and error, the active variable
(mtry), minimum sample count, and maximum number tree number (ntree) were set to 10,
2, and 500, respectively. Other parameters such as use surrogate (No), maximum categories
(16), depth (2), forest accuracy (0.01), and termination criteria type (both) were set as
default settings. The final classified vector layer was exported using the export vector layer
algorithm, and tree species maps were generated in QGIS based on the output shapefile.

DeepForest Tree Species Classification

Tree species classification was conducted using the DF Scanner software through
three main steps: training data creation, model training, and species classification using
the built-in artificial intelligence (AI) tool. Manually detected and labeled individual tree
crowns (Table 3) were used to create training data on the UAV RGB orthomosaic, generating
image folders, with each species stored in separate subfolders in.jpg format. Tree species
annotation was performed manually through visual interpretation of very high-resolution
imagery guided by the spatial positions of field-measured trees. Seasonal imagery of
leaf-on (14 September 2022, 7 October 2022, and 27 October 2023) and leaf-off periods
(8 November 2022) was used for species identification for reference tree crown preparation
(Table S1 and Figure S1). The reference tree crowns (field-measured and annotated) were
saved as polygon vector files. The UAV leaf-on imagery collected on 7 October 2022
was then imported into the DF Scanner and clipped to the reference crown polygons for
tree species classification, as detailed in Table 3. Each tree crown image was tiled into
224 × 224 pixels to support model training by DF Scanner. The data were split into training
(70%) and testing (30%) sets, with accuracy reported for the test data. The dataset split was
identical to that used in the MRS tree species classification. Model training was employed
default EfficientNet-B1 convolutional neural network (CNN) in DF Scanner. To manage
computational demands from high-resolution UAV imagery (2.5 cm), 30 epochs, a batch
size of 16, and a learning rate of 0.01 were used. The trained model was saved in dfmodel
format. For species classification, the trained model was applied using three inputs: the
RGB orthomosaic, tree crowns detected through DF ITCD (Section DeepForest Individual
Tree Crown Detection), and the trained model. The final output was a polygon vector (.shp)
containing the classified tree species.

2.4.5. Accuracy Assessment
Tree Crown Detection Accuracy

The accuracy of MRS and DF ITCD was evaluated using F-score values derived from
comparison with reference tree crowns. The F-score, the harmonic mean of precision and
recall, was computed using true positive (TP), false positive (FP), and false negative (FN)
(Figure S4) [61]. Crown overlap between detected and reference trees was assessed using
the intersection over union (IOU), with a 50% IOU threshold—appropriate for highly
complex forests and consistent with previous studies [16,27,33]. TP is the number of
correctly detected tree crowns. FP is the number of incorrectly detected tree crowns that
do not exist in the field. FN is the number of trees that were not detected. A higher value
of FP results in over-detection of individual tree crowns resembling the commission error.
In contrast, a higher value of FN leads to under-detection of tree crowns resembling the
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omission error. An F-score closer to 1 reflects better ITCD performance, indicating a good
balance between precision and recall [16,21].

Recall = TP/(TP + FN) (1)

Precision = TP/(TP + FP) (2)

F-score = 2 × (Precision × Recall)/(Precision + Recall) (3)

Tree Species Classification Accuracy

The accuracy of tree species classification using MRS-RF and DF-CNN models was
evaluated using Cohen’s Kappa statistics [47,62]. Kappa measures the agreement between
predicted and actual classification, adjusting for chance, and is particularly suitable for
multi-class classification tasks. Evaluation metrics included producer accuracy (PA) and
user accuracy (UA), Hellden’s measure, Short’s measure, overall accuracy (OA), and Kappa
values. PA indicates how well reference tree species are correctly classified (low PA reflects
omission errors), while UA indicates how many classified species are actually correct (low
UA reflects commission errors). Hellden provides an average measure of classification
quality, and Short offers a stricter evaluation by emphasizing agreement between PA
and UA. OA is an overall proportion of correct classification across all species. Correct
classification of a species reflects a high PA (good producer), while misclassification of
other species into that class results in a low UA (weak user). Species not assigned to any
class result in omission errors (Figure S5).

PA = Correctly classified tree species/Total actual trees species in class (4)

UA = Correctly classified tree species/Total predicted tree species in class (5)

Hellden = (PA + UA)/2 (6)

Short = PA × UA (7)

OA = Total correct/total samples (across all classes) (8)

Kappa per Class = Agreement adjusted for chance

Kappa = Agreement beyond chance across all classes

3. Results
3.1. The Individual Tree Crown Detection
3.1.1. Multiresolution Individual Tree Crown Detection

Table 4 shows the accuracy results of MRS-based ITCD in CDM and BDM plots
(detailed results in Tables S3 and S4). In the CDM plots, the highest F-score (0.54) was
observed in the HD plot using combination model 5. For the medium-density (MD) and
low-density (LD) plots, combination model 3 performed best, with F-scores of 0.51 and
0.46, respectively. A similar trend was observed in the BDM plots: the HD plot had the
highest F-score (0.58) with combination model 5, while the MD and LD plots showed the
best performance using the combination models 2, 3, 4, and 5, with high F-scores of 0.49
and 0.44, respectively. Overall, combination models 3 and 5 consistency yielded the best
performance across all plots and were thus selected for MRS-RF tree species classification
in Section 3.2.1.
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Table 4. The accuracy value of MRS individual tree crown detection in CDM and BDM plots.

Plot
Category

Combination
Model

CDM BDM

Precision Recall F-Score Precision Recall F-Score

HD

1 0.44 0.59 0.51 0.48 0.60 0.54
2 0.47 0.59 0.52 0.44 0.64 0.53
3 0.45 0.52 0.48 0.46 0.70 0.58
4 0.51 0.48 0.49 0.47 0.60 0.53
5 0.52 0.55 0.54 0.56 0.60 0.58

MD

1 0.34 0.52 0.41 0.34 0.65 0.45
2 0.35 0.52 0.42 0.39 0.67 0.49
3 0.41 0.65 0.51 0.39 0.65 0.49
4 0.41 0.55 0.47 0.43 0.53 0.47
5 0.44 0.55 0.49 0.43 0.58 0.49

LD

1 0.35 0.53 0.42 0.30 0.65 0.41
2 0.35 0.45 0.39 0.29 0.65 0.40
3 0.39 0.56 0.46 0.33 0.67 0.44
4 0.35 0.36 0.35 0.39 0.49 0.44
5 0.34 0.40 0.37 0.34 0.63 0.44

CDM—conifer-dominated mixed forest plots; BDM—broadleaf-dominated mixed forest plots;
HD—high-density plot; MD—medium density plot; LD—low-density plot; 1—RGB; 2—RGB-
CHM; 3—RGB_CHM_MS; 4—RGB_CHM_MS_NDVI_GNDVI_NDRE_LCI_ASM_MOC_ENT; 5—
RGB_CHM_MS_NDVI_GNDVI_NDRE_LCI_ASM_MOC_ENT_Sobel.

3.1.2. DeepForest Individual Tree Crown Detection

Table 5 summarizes the DF ITCD accuracy across CDM and BDM plots (detailed results
in Tables S5 and S6). In CDM plots, the highest accuracy (F-score = 0.79) was achieved in
the MD plot using the treetop method with a 2 m smoothing level, followed by LD plots
(F-score = 0.73). The HD plot showed the lowest performance (F-score = 0.65). In BDM plots,
DF achieved its highest accuracy (F-score = 0.74) in the HD plot using the treetop method with
a 2 m smoothing level. The MD and LD plots recorded slightly lower F-scores of 0.64 and
0.62, respectively. Across all density classes, the treetop method consistently outperformed the
multilayer method. Therefore, tree crowns detected using the treetop method were selected
for the DF-CNN tree species classification described in Section 3.2.2.

Table 5. The accuracy value of DF individual tree crown detection in CDM and BDM plots.

Plot
Category Methods Threshold

CDM BDM

Precision Recall F-Score Precision Recall F-Score

HD Multilayer 150 0.49 0.61 0.54 0.37 0.71 0.48
170 0.47 0.59 0.52 0.50 0.58 0.54

Treetop 3 0.63 0.56 0.59 0.67 0.80 0.73
2 0.68 0.63 0.65 0.61 0.95 0.74

Multilayer 150 0.40 0.87 0.55 0.46 0.73 0.57
MD 170 0.57 0.71 0.63 0.54 0.77 0.63

Treetop 3 0.77 0.78 0.78 0.56 0.74 0.64
2 0.78 0.80 0.79 0.42 0.73 0.53

Multilayer 150 0.52 0.63 0.57 0.42 0.73 0.54
170 0.57 0.60 0.58 0.45 0.74 0.56

LD Treetop 3 0.74 0.69 0.71 0.61 0.63 0.62
2 0.70 0.77 0.73 0.52 0.72 0.60

CDM—conifer-dominated mixed forest plots; BDM—broadleaf-dominated mixed forest plots; HD—high-density
plot; MD—medium density plot; LD—low-density plot; thresholds of 150 and 170 were mean crown area in m2.
Similarly, thresholds of 2 and 3 were smoothing levels in m.

3.1.3. Visualization of MRS and DF Individual Tree Crown Detection

Figures 3–5 show the visual comparison of ITCD results from MRS and DF along-
side reference tree crowns in HD, MD, and LD plots, respectively. Across the sampling
plots, both MRS and DF produced similar visualizations of ITCD. However, the MRS algo-
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rithm tended to misclassify gaps as tree crowns, while DF’s masking approach effectively
minimized this issue. DF also showed a higher degree of overlap with reference conifer
tree crowns compared to MRS. Overall, MRS ITCD and DF ITCD accurately detected the
reference tree crowns in the complex MCBF.

Figure 3. The individual tree crown detection of MRS and DF in HD plot. (a) MRS in CDM plot;
(b) DF in CDM plot; (c) MRS in BDM plot; (d) DF in BDM plot.

Figure 4. The individual tree crown detection of MRS and DF in MD plot. (a) MRS in CDM plot;
(b) DF in CDM plot; (c) MRS in BDM plot; (d) DF in BDM plot.
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Figure 5. The individual tree crown detection of MRS and DF in LD plot. (a) MRS in CDM plot;
(b) DF in CDM plot; (c) MRS in BDM plot; (d) DF in BDM plot.

3.2. Tree Species Classification
3.2.1. MRS-RF Tree Species Classification

Table 6 shows the tree species classification accuracy of the MRS-RF model for the
testing data (Table S7 shows the MRS-RF accuracy for all the data). Combination model 5
(Section 3.1.1, Table 4), which achieved the highest ITCD accuracy, was used for tree species
classification. The model demonstrated strong performance, with Kappa and OA values of
0.81 and 0.84, respectively. Todo fir, Japanese oak, and Spruce spp. achieved the highest
Kappa per class values, indicating reliable classification. In contrast, Manchurian ash and
Maple spp. showed low Kappa per class (0.45 and 0.34), indicating poor classification
performance. Low Short and Kappa scores for these species further confirm weak model
performance. Table 7 shows the confusion matrix for MRS-RF tree species classification for
testing data (Table S8 shows the MRS-RF confusion matrix for whole data). Japanese oak
was frequently confused with Manchurian ash, Maple spp., and Magnolia spp., resulting
in higher commission errors. Gaps in the study area were predicted with perfect PA and
UA (value = 1).

Table 6. The Kappa statistics of tree species classification using MRS-RF model for testing data.

Parameter Tree Species
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PA 0.44 0.33 0.67 0.71 0.72 0.98 0.92 0.73 0.98 1
UA 1.00 1.00 0.73 1.00 0.76 0.64 0.85 0.95 0.98 1

Hellden 0.72 0.67 0.70 0.86 0.74 0.81 0.89 0.84 0.98 1
Short 0.44 0.33 0.48 0.71 0.55 0.63 0.78 0.69 0.96 1

Kappa Per Class 0.45 0.34 0.67 0.76 0.69 0.99 0.90 0.72 0.97 1
OA 0.84

Kappa 0.81

PA—producer accuracy; UA—user accuracy; Hallden—(PA + UA/2); Short—(PA × UA); OA—overall accuracy.
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Table 7. The confusion matrix of tree species classification using MRS-RF model for testing data.
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Manchurian ash 4 0 0 0 0 0 0 0 0 0 4
Maplespp. 0 6 0 0 0 0 0 0 0 0 6

Monarch birch 1 0 8 1 1 0 0 0 0 0 11
Castor aralia 0 0 0 5 0 0 0 0 0 0 5

Magnoliaspp. 1 1 1 1 13 0 0 0 0 0 17
Japanese oak 3 8 3 0 3 46 1 7 1 0 72
Sprucespp. 0 3 0 0 0 1 23 0 0 0 27

Japanese linden 0 0 0 0 1 0 0 19 0 0 20
Todo fir 0 0 0 0 0 0 1 0 45 0 46

Gap 0 0 0 0 0 0 0 0 0 33 33
Sum 9 18 12 7 18 47 25 26 46 33 241

3.2.2. DF-CNN Tree Species Classification

Table 8 presents the Kappa statistics of DF-CNN tree species classification for the
testing data (Table S9 shows the DF-CNN accuracy for all the data). Treetop-based ITCD
with a 2 m smoothing level (Section 3.1.2., Table 5) provided optimal results and was used
for DF-CNN tree species classification. The model achieved the highest accuracy, with
the Kappa and OA values of 0.91 and 0.92, respectively, indicating superior performance.
Japanese oak, Spruce spp., and Todo fir were classified with higher PA (0.96), indicating less
misclassification. Maple spp. had the lowest PA (0.67) and Kappa per class (0.61), reflecting
difficulty in identifying all instances. Table 9 shows the confusion matrix of DF-CNN tree
species classification for testing data (Table S10 shows the DF-CNN confusion matrix for
whole data). Most species showed minimal confusion, with the highest confusion observed
between Japanese oak and Maple spp.

Table 8. The Kappa statistics of tree species classification using DF-CNN model for testing data.

Parameter
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PA 0.78 0.67 0.83 0.86 1.00 0.96 0.96 0.85 0.96 1.00
UA 1.00 0.92 0.83 1.00 1.00 0.83 0.89 0.92 0.96 0.97

Hellden 0.89 0.79 0.83 0.93 1.00 0.90 0.92 0.88 0.96 0.98
Short 0.78 0.62 0.69 0.86 1.00 0.80 0.85 0.78 0.91 0.97

Kappa Per Class 0.80 0.61 0.82 0.85 1.00 1.00 0.96 0.87 0.94 1.00
OA 0.92

Kappa 0.91
PA—producer accuracy; UA—user accuracy; Hallden—(PA + UA/2); Short—(PA × UA); OA—overall accuracy.
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Table 9. The confusion matrix of tree species classification using DF-CNN model for testing data.
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Manchurian ash 7 0 0 0 0 0 0 0 0 0 7
Maplespp. 0 12 0 0 0 1 0 0 0 0 13

Monarch birch 0 0 10 0 0 1 0 0 1 0 12
Castor aralia 0 0 0 6 0 0 0 0 0 0 6

Magnoliaspp. 0 0 0 0 18 0 0 0 0 0 18
Japanese oak 1 5 0 1 0 45 0 2 0 0 54
Sprucespp. 0 0 0 0 0 0 24 2 1 0 27

Japanese linden 0 1 1 0 0 0 0 22 0 0 24
Todo fir 0 0 1 0 0 0 1 0 44 0 46

Gap 1 0 0 0 0 0 0 0 0 33 34
Sum 9 18 12 7 18 47 25 26 46 33 241

3.2.3. Visual Display of MRS-RF and DF-CNN Tree Species Classification

Figures 6–8 display the MRS-RF and DF-CNN tree species classification alongside
reference tree species crowns in HD, MD, and LD plots of both CDM and BDM plots,
respectively. Tree species classification of MRS-RF and DF-CNN was highly matched with
the reference tree crowns in CDM plots compared to BDM plots in all density classes.

Figure 6. The results of MRS-RF and DF-CNN tree species classification with the reference tree species
crowns in CDM and BDM plots for the HD plots. (a,d)—MRS RF species prediction in CDM and
BDM plots, respectively; (b,e)—DF-CNN species prediction in CDM and BDM plots, respectively;
(c,f)—reference tree species crowns in CDM and BDM, respectively.



Geomatics 2025, 5, 32 16 of 25

Figure 7. The results of MRS-RF and DF-CNN tree species classification with the reference tree species
crowns in CDM and BDM plots for the MD plots. (a,d)—MRS RF species prediction in CDM and
BDM plots, respectively; (b,e)—DF-CNN species prediction in CDM and BDM plots, respectively;
(c,f)—reference tree species crowns in CDM and BDM, respectively.

Figure 8. The results of MRS-RF and DF-CNN tree species classification with the reference tree species
crowns in CDM and BDM plots for the LD plots. (a,d)—MRS RF species prediction in CDM and
BDM plots, respectively; (b,e)—DF-CNN species prediction in CDM and BDM plots, respectively;
(c,f)—reference tree species crowns in CDM and BDM, respectively.

3.2.4. Mapping of MRS-RF and DF-CNN Tree Species in the Study Area

Figure 9 displays the tree species classification map of MRS-RF and DF-CNN models.
Both models showed similar predictions of tree species classification. However, MRS-RF
(Figure 9a) notably overpredicted Japanese oak, misclassifying species such as Manchurian
ash, Maple spp., and Japanese linden as Japanese oak, consistent with Table 7 (confusion
matrix). In contrast, DF-CNN prediction (Figure 9b) showed fewer misclassifications,
consistent with Table 9 (confusion matrix). The gaps were accurately predicted by both
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MRS-RF and DF-CNN; however, for mapping in this study area, only tree species were
displayed, with gaps excluded.

Figure 9. The tree species classification map in the study area: (a) MRS-RF tree species classification
map using MRS ITCD; (b) DF-CNN tree species classification map using DF ITCD.

4. Discussion
4.1. Individual Tree Crown Detection

In the MRS ITCD approach, combination models 3 and 5 demonstrated strong perfor-
mance across all sampling plots in the complex MCBF. These models integrated different
combinations of metrics, comprising structural, textural, and spectral, from different layers,
enhancing feature extraction and improving ITCD accuracy. In particular, the highest
accuracy was observed in HD plots of both CDM and BDM, revealing that more features
are necessary for ITCD in complex dense forests. In contrast, for LD and MD areas, fewer
layers (e.g., RGB, CHM, and MS) were sufficient, reducing the time and computational
demands. Models using only RGB and CHM layers in MRS showed lower ITCD accuracy,
likely due to the forked tree crowns with larger sizes of broadleaf species, and this was
consistent with previous studies [18,47].

The DF ITCD method using treetop detection outperformed the multilayer approach
across all forest types and density classes. This model was integrated into different combi-
nations of metrics, comprising structural and spectral metrics only. These findings highlight
better performances of adaptability and robustness of the DL model even with only two
metrics combinations to varying canopy structures. Smoothing level had a notable impact:
a 2 m threshold performed better in dense plots (HD in both CDM and BDM) due to tighter
crown spacing and smaller gaps between treetops, consistent with previous findings [16],
while a 3 m threshold was more effective in MD and LD plots, where wider crown spac-
ing facilitated clearer treetop identification. The treetop-based ITCD approach utilizing
marker-controlled watershed segmentation achieved high detection by minimizing crown
over-detection [7,63]. DL-based marker-controlled watershed segmentation using CNN and
U-Net enables the accurate detection of individual tree crowns in the complex forest [64,65].

Compared to MRS, the DF consistently achieved higher F-scores (0.62–0.79), demon-
strating superior performance in ITCD. This can be attributed to its data-driven, pixel-level
learning, which reduces over- and under-tree crown detection errors. While prior work
reported in temperate deciduous forests reported a lower F- score of 0.52 using DF [33],
our results align more closely with Miraki et al. [21], who achieved F-scores of 0.79 for
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HD and 0.67 for LD sites in a broadleaf forest, though their study used a region-growing
algorithm in less complex environments. Other studies have also shown high ITCD accu-
racy (F1 score = 0.88) in the complex forest using advanced DL models: StarDist (based on
star-convex polygon extraction by U-Net) [16]. In a mixed forest, relatively higher ITCD ac-
curacy (F-score = 0.86) was reported using Mask R-CNN due to less density (100 stems ha−1)
and coarser resolutions (0.5 m) [66]. DF-based ITCD is potentially cost-effective, as it relies
on just two input layers: RGB imagery and CHM.

Despite improvements in ITCD using the MRS method, it consistently over-segmented
individual tree crowns, leading to over-detection. As a result, the method produced lower F-
scores due to increased commission errors. Although masking functions were applied in DF
to exclude gaps for accuracy improvement, MRS lacks this capability. However, incorporat-
ing different combinations of metrics, comprising structural, textural, and spectral metrics,
improved MRS performance, indicating its potential as an effective alternative when DF
is unavailable. In subtropical forests, integrating structural, textural, and spectral metrics
provided higher accuracy for ITCD (F-score = 0.91) using UAV LiDAR hyperspectral; this
was due to less complexity of the study area, which is characterized as single-layered, and
there are few small trees [40]. Despite its superior performance, the DF-based ITCD method
remains sensitive to crown shape variability, particularly in trees with forked crowns and
overlapping canopies.

4.2. Individual Tree Species Classification

In this study, the MRS-RF model achieved relatively high classification accuracy
(Kappa = 0.81), primarily due to the use of combination model 5, which incorporated
structural, textural, and spectral metrics. The diverse and robust layers in these different
combinations of metrics effectively captured fine-scale features of individual tree crowns,
enabling accurate species classification in this heterogeneous forest environment. Conifer-
ous species such as Spruce spp. (Kappa = 0.90) and Todo fir (Kappa = 0.97) were classified
with high accuracy, attributed to their distinct crown shapes and unique spectral reflectance.
Among the broadleaf species, some were often misclassified as Japanese oak, revealing a
slightly weak user. This could be attributed to the inability of the RF classifier to effectively
differentiate these species from Japanese oak. This limitation is likely due to low-level
feature extraction and the similarity in tree crown shape, canopy structure, and, particularly,
spectral reflectance among these species. In a subtropical forest, eight tree species were
classified using the RF model with MRS features, achieving a Kappa value of 0.83, which
was slightly higher than our study. Incorporating textural metrics and structural metrics
alongside spectral metrics improved the tree species classification accuracy using the MRS-
RF model [3], further supporting the effectiveness of incorporating different combinations
of metrics. In a temperate forest, four deciduous tree species were classified using the
MRS-RF model, achieving a Kappa value of 0.72 through the integration of structural and
spectral metrics [23]. In a previous study, four tree species (Monarch birch, Castor aralia,
Japanese oak, Conifer, and other broadleaf species) were classified with lower accuracy
(Kappa value of 0.53–0.66) using MRS-RF in other forest two compartments in the same
study area [47]. Their study utilized metrics derived solely from RGB imagery without inte-
gration of MS data. Another study in MCBF and MRS-RF classification provided relatively
high accuracy (Kappa = 0.77) for eight tree species classes using different combinations of
metrics, comprising structural, textural, and spectral [18]; this value was lower than our
results, likely due to fewer input layers and greater site complexity. In a subtropical forest,
integrating different combinations of metrics, comprising structural, textural, and spectral
metrics, provided comparable accuracy for RF tree species classification (Kappa = 0.91)
using UAV LiDAR, hyperspectral, and RGB imagery, though the site was less complex [40].
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A comparable accuracy (Kappa = 0.90) was also achieved in an MCBF for seven tree species
classes using object-based CNN applied to MRS [17].

The DF-CNN model achieved high species classification accuracy (Kappa = 0.93),
with minimal inter-species confusion (class-wise Kappa > 0.85), largely due to the precise
individual tree crowns and an effective DL model. EfficientNet-B1, employed for this study,
efficiently balances network depth, width, and resolution through compound scaling,
achieving superior accuracy with lower computational demands compared to older CNN
models such as visual geometry group (VGG) or ResNet. Its ability to capture subtle
differences in leaf texture, shadow, and crown shape makes it well-suited for classification
tasks using very high-resolution UAV imagery (2.5 cm) [35–37]. DL model leveraged
both structural (CHM) and spectral features for species-level classification [17]. In an
MCBF forest, relatively lower accuracy (F-score: 0.75–0.86) was obtained for tree species
classification using aerial RGB imagery and Faster R-CNN, likely due to the lower spatial
resolution (10 cm) and limited use of combined metrics [5]. In MCBF, ResNet152 CNN
classified seven tree species with high accuracy (Kappa = 0.91) using RGB imagery captured
during the green leaf season [17]. In the same study area, Mask R-CNN achieved an F-score
of 0.73 for six species using UAV RGB imagery [67]. In a study, 56 tree species across
three sites were classified with an overall accuracy of 0.47 using UAV RGB imagery and
EfficientNet-B7 [38], likely due to the spectral similarity and overlapping characteristics
among many species.

To further validate our tree species classification results, we compared them with a
previous study [46] conducted in the same forest sub-compartment (68E), which used the
ResNet101 model and focused solely on Japanese oak species. They reported a high OA
and F1 score of 0.90 and 0.80, respectively, aligning closely with our results. Both studies
showed similar spatial distribution patterns for Japanese oak. However, while both CNN
models exhibited some misclassification, ResNet101 frequently misclassified conifer species
Manchurian ash and Magnolia spp. as Japanese oak. In contrast, the EfficientNet-B1 model
reduced such errors, enhancing overall classification accuracy by better distinguishing
visually similar species. Additionally, our model classified a broader range of species,
including both conifers and broadleaf species, demonstrating its ability to capture species-
specific characteristics. Nonetheless, Maple spp. was commonly misclassified, likely
due to its spectral similarity with multiple other species [14,17] and overlapping textural
features [38]. Visual inspection of leaf-off imagery revealed distinct differences in stem and
branch color between Maple spp. and Japanese oak, confirming their separability in the
field and suggesting that incorporating leaf-off or multi-seasonal imagery could improve
classification accuracy. Despite the strong performance of the DF-CNN model, slightly
reduced accuracy was observed in BDM plots, primarily for species with irregular crown
shapes, where segmentation inaccuracies likely affected classification results.

4.3. Management Aspect

We accurately detected individual tree crowns (F-score = 0.79) and classified tree
species (Kappa = 0.93) in the complex MCBF. These results enable the estimation of struc-
tural properties such as crown area, tree height, basal area, DBH, carbon stock, and volume
at the individual tree scale [4,47]. This capability supports species-specific management
and selection harvesting, contributing to sustainable forest management practices. For
example, Japanese oak is a highly valued timber species primarily used for whisky barrel
production [4,45–47]. Accurate identification of conifers and broadleaf species, particularly
distinguishing Todo fir and Spruce spp., is essential for determining dominant forest types
and supporting stand classification. In addition to Japanese oak, other high-valued timber
species were classified, such as Monarch birch, Manchurian ash, Japanese linden, Castor ar-
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alia, and Maple spp. [45,47]. Mapping their spatial distribution helps identify economically
important trees for targeted management. Magnolia spp. is not considered a high-value
timber species; it has bioactive constituents with medicinal properties [68] and is used for
landscape decoration. Consequently, forest managers can consider replacing Magnolia spp.
with high-value timber species to optimize forest utility and economic returns or retaining
them for biodiversity conservation and ecological purposes.

5. Conclusions
In this study, we proposed MRS and DF models and different combinations of metrics

derived from very high-resolution UAV imagery to improve the ITCD and species classi-
fication in complex MCBF. Our findings reveal that ITCD and classification performance
varied significantly depending on the methods used, machine learning models, different
combinations of metrics, forest type, and tree density.

In the MRS-based ITCD, among the five tested combination models with different
layers, our proposed combination models (3, 4, and 5) relatively yielded the highest
accuracy (F-scores: 0.37–0.58) across the forest types (CDM and BDM) and tree density (HD,
MD, and LD), suggesting that integrating different combinations of metrics, comprising
structural, textural, and spectral metrics, improves segmentation robustness in dense and
heterogeneous conditions. In contrast, DF-based-ITCD yielded the highest accuracy (F-
score: 0.53–0.79) with the different combinations of metrics, comprising structural and
spectral metrics across the forest types and tree density, particularly when using the treetop
detection method. These findings suggest the DF model robustness is integrated only
with structural and spectral metrics. For tree species classification, the MRS-RF model
using ITCD results from combination model 5 achieved high accuracy (Kappa = 0.81),
highlighting the effectiveness of structural, textural, and spectral metrics derived from
UAV RGB and MS imagery. Compared to the MRS-RF, DF-CNN yielded superior accuracy
(Kappa = 0.91) with structural and spectral metrics, demonstrating model robustness,
high-level feature extractions, and reduced misclassification.

The outcomes of this study have practical implications for forest management in
structurally complex forests. Accurate ITCD and species identification are crucial for
implementing precision forestry practices, including species-specific inventories, growth
monitoring, biodiversity assessment, and selective harvesting. By leveraging very high-
resolution UAV imagery and advanced tree crown detection techniques, forest managers
can generate detailed tree species maps in complex forests. This contributes to better-
informed silvicultural interventions, particularly in ecosystems where conventional ground-
based surveys are logistically challenging and resource-intensive.

Despite improvements in ITCD and species classification, this study has some limita-
tions. RGB and MS data were used for both ITCD and classification, while seasonal imagery
aided manual species identification. Future work should explore integrating seasonal data
into model training to further enhance classification performance. Additionally, applying
the trained models to diverse forest types and geographic regions could improve scalability.
For the MRS analysis, UAV RGB and MS imageries were acquired using separate UAV
platforms, increasing data acquisition costs. In contrast, the DF approach used a single
RGB acquisition, reducing such costs. Nevertheless, the use of modern UAV platforms
capable of carrying multiple sensors can address this cost issue in future MRS applications.
In the MRS model, achieving higher accuracy required different combinations of metrics,
including structural, textural, and spectral metrics, increasing the computational burden.
The use of different software tools also presented constraints: while eCognition allowed
the integration of multiple data layers in the MRS workflow, DF Scanner was limited to
only two layers. As a result, combination models using three or more data layers could
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not be implemented with DF due to software limitations. However, the DF model still
performed well using just two layers—structural and spectral—highlighting its efficiency.
These findings indicate that DF Scanner offers a cost-effective and operationally simpler
alternative for forestry applications, requiring fewer data inputs and less expert knowledge.
A further limitation was the small number of field sampling plots—only three each for the
CDM and BDM forest types, with a single plot per density category. In addition, some tree
species were excluded due to insufficient sample sizes. Expanding plot coverage, incor-
porating data augmentation, and employing more advanced deep learning models could
improve the classification of underrepresented species. In this study, training data were
created manually, and subsequent processes were carried out within the software based on
selected parameters and model configurations. As all steps were handled internally, no
data augmentation techniques were applied to address the class imbalance in tree species
classification, which represents a limitation of the approach. Further, manually delineated
tree crowns were used as reference data for individual tree crown detection and species
annotation due to the lack of sufficient field-measured data, which represents a study
limitation. Future studies could address this by integrating more extensive field-based
measurements for accurate crown mapping to reduce subjectivity and improve reference
data quality. Finally, ITCD remains a challenge for large broadleaf trees with forked crowns,
which future studies should aim to address.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/geomatics5030032/s1, Figure S1: The tree species identification
using visual observation high-resolution UAV imagery. For accurate identification of tree species,
imagery collected from different seasons and leaf-off imagery were used. Species with similar crown
colors were accurately identified using leave fall imagery by observing stem patterns, colors, and
branches; Figure S2: The illustration of structural, textural, and spectral metrics in a plot with RGB
and MS orthomosaics and edge detection algorithm derived from UAV imagery; Figure S3: Manul
tree species classification map using manual ITCD in the study area; Figure S4: The illustration of TP,
FP, and FN with correct, over-, and under-detection of individual tree crowns. When FN increases, it
leads to omission errors; similarly, when FP increases, it leads to commission errors; Figure S5: The
illustration of correctly classified and incorrectly classified tree species as an example for oak species;
Table S1: Flight parameters and specifications for RGB and MS Imagery collections using DJI Matric
300 RTK and DJI Mavic 3M RTK in leaf-on and leaf-off seasons; Table S2: The DBH estimation using
the H-DBH model for the evaluation of manually detected trees; Table S3: The accuracy value of MRS
individual tree crown detection in CDM plots; Table S4: The accuracy value of MRS individual tree
crown detection in BDM plots; Table S5: The accuracy value of DF individual tree crown detection
in CDM plots; Table S6: The accuracy value of DF individual tree crown detection in BDM plots;
Table S7: The Kappa statistics of tree species classification using the MRS-RF model for whole data;
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Table S9: The Kappa statistics of tree species classification using the DF-CNN model for whole data;
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