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Abstract

Precise spatial localization of broadleaf species is crucial for efficient forest management
and ecological studies. This study presents an advanced approach for segmenting and
classifying broadleaf tree species, including Japanese oak (Quercus crispula), in mixed
forests using multi-spectral imagery captured by unmanned aerial vehicles (UAVs) and
deep learning. High-resolution UAV images, including RGB and NIR bands, were collected
from two study sites in Hokkaido, Japan: Sub-compartment 97g in the eastern region
and Sub-compartment 68E in the central region. A Mask Region-based Convolutional
Neural Network (Mask R-CNN) framework was employed to recognize and classify single
tree crowns based on annotated training data. The workflow incorporated UAV-derived
imagery and crown annotations, supporting reliable model development and evaluation.
Results showed that combining multi-spectral bands (RGB and NIR) with canopy height
model (CHM) data significantly improved classification performance at both study sites. In
Sub-compartment 97g, the RGB + NIR + CHM achieved a precision of 0.76, recall of 0.74,
and F1-score of 0.75, compared to 0.73, 0.74, and 0.73 using RGB alone; 0.68, 0.70, and 0.66
with RGB + NIR; and 0.63, 0.67, and 0.63 with RGB + CHM. Similarly, at Sub-compartment
68E, the RGB + NIR + CHM attained a precision of 0.81, recall of 0.78, and F1-score of 0.80,
outperforming RGB alone (0.79, 0.79, 0.78), RGB + NIR (0.75, 0.74, 0.72), and RGB + CHM
(0.76, 0.75, 0.74). These consistent improvements across diverse forest conditions highlight
the effectiveness of integrating spectral (RGB and NIR) and structural (CHM) data. These
findings underscore the value of integrating UAV multi-spectral imagery with deep learning
techniques for reliable, large-scale identification of tree species and forest monitoring.
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1. Introduction
Mixed forests, composed of both broadleaf and conifer species, play a vital role in

ecosystem functioning, biodiversity conservation [1] and carbon sequestration [2]. Accu-
rately identifying and mapping individual tree species within such forests is essential for
sustainable forest management, timber resource assessment, and ecological research [3,4].
While previous studies have effectively focused on conifer species identification due to
their relatively uniform crown structures and spectral characteristics, significant challenges
remain in detecting and classifying broadleaf species [5–8]. However, broadleaf species
exhibit significant height variation within their crown structure, often featuring multiple
smaller peaks within a single crown, which complicates individual tree detection [9,10].

Traditional field-based surveys are often inefficient for large-scale forest monitor-
ing because they are labor-intensive, time-consuming, and limited in spatial coverage—
particularly in dense or remote forest areas [11,12]. Additionally, these surveys may involve
a degree of subjectivity [13], as they often rely on visual interpretation and expert judgment,
which can lead to inconsistencies in species identification. In contrast, remote sensing
techniques, such as aerial photography and other high-resolution remote sensing imagery,
provide greater spatial consistency and broader coverage [14,15], although their high costs
and logistical complexity may limit their widespread application [12,14]. Recently, un-
manned aerial vehicles (UAVs) equipped with various sensors have emerged as valuable
tools for forest management and monitoring, offering flexible, high-resolution data at lower
cost [16–19].

UAVs with multi-spectral sensors offer a cost-effective and high-resolution alternative
to conventional forest monitoring techniques [20,21]. Unlike satellite imagery, UAVs pro-
vide flexible data acquisition with finer spatial detail, allowing for the better differentiation
of tree species according to their spectral reflectance properties. Multi-spectral data, captur-
ing wavelengths beyond the visible spectrum [22], e.g., Near-Infrared (NIR), enhances the
ability to distinguish between species with similar visual characteristics [23].

Recent developments in deep learning have resulted in notable improvements in
classifying tree species using remote sensing data. Convolutional Neural Networks (CNNs)
and instance segmentation models [6,12,13,24–26], particularly Mask Region-based Con-
volutional Neural Network (Mask R-CNN) have shown great potential in automatically
detecting and identifying individual tree species [18,27,28]. Mask R-CNN is especially
applicable due to its ability to integrate both spatial structure and spectral patterns from
high-resolution UAV imagery. This is particularly valuable in mixed conifer-broadleaf
forests, where morphological and spectral characteristics vary significantly among tree
species. By training on multiple inputs such as RGB, NIR, CHM [29,30], Mask R-CNN can
learn species-specific crown features, including shape, texture, and reflectance behavior
across different wavelengths. Although many studies have applied the Mask R-CNN
model using RGB imagery for tree species identification [18,27,30–32], few have thoroughly
addressed critical challenges such as inter-species spectral similarity and varying illumina-
tion conditions—both of which significantly affect model generalization and classification
accuracy in structurally and compositionally complex forest environments. For example, a
recent study [29] that used single NIR and RGB information separately for conifer species
classification found that the overall accuracy was not very different between the two bands
when using the Mask R-CNN model.

The novelty of this research lies in utilizing multi-spectral data derived from UAV
sensors, either alone or in combination with CHMs, to improve the classification accuracy
and enhance the generalization of tree species classification models, particularly in mixed
conifer–broadleaf forests. This study aims to develop a practical and robust approach for
the spatial localization and classification of broadleaf species in mixed forests utilizing
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UAV-based multi-spectral data and the Mask R-CNN framework. Specifically, it focuses
on (1) improving species-level classification accuracy using Mask R-CNN model, (2) eval-
uating the effectiveness of multi-spectral bands in distinguishing broadleaf species, and
(3) assessing the generalization of the model’s effectiveness in various forest conditions.

To achieve objectives, the Mask R-CNN model was trained using the combination of
UAV-derived RGB orthophotos, NIR imagery, and CHM data and compared with RGB
alone, RGB + CHM, or RGB + NIR combinations. For broadleaf species classification, we
focused on distinguishing between Japanese oak and other broadleaf species. Japanese oak
was selected as a target species because of its ecological significance and economic value
in northern Japan [33]—particularly its widespread use in high-quality applications such
as whisky barrel production [34]. To assess the Mask R-CNN model’s ability to generalize
across different sites and seasons, we applied it to a dataset collected during a different
season from a separate mixed forest with similar characteristics, demonstrating the model’s
potential transferability. The outcomes of this research will contribute to the development
of more efficient and automated forest monitoring systems, supporting both ecological
research and sustainable forest management practices.

2. Materials and Methods
2.1. Study Site

The study area is a company-owned forest managed by Sumitomo Forestry Co., Ltd.,
located in Mombetsu City, eastern Hokkaido, Japan (44◦07′–32′N, 142◦54′–29′E) (Figure 1a).
It covers a total area of 15,606 hectares and lies in a hilly coastal region, extending from
40 to 400 m in elevation above sea level. The climatic conditions are characterized by a
subarctic humid climate (Köppen classification Df). The region experiences an annual
average temperature of 6.1 ◦C and receives approximately 836 mm of rainfall per year.
The forest is primarily composed of natural secondary growth, which regenerated after a
major fire around 1900. Management efforts focus on maintaining these natural forests,
particularly stands of Abies sachalinensis (Sakhalin fir), Betula spp. (birch species), and
Quercus crispula (Japanese oak). Additionally, artificial forests in the area include Larix
kaempferi (Japanese larch) and A. sachalinensis, where thinning and small-scale clear-cutting
operations are commonly practiced (Sumitomo Forestry Co., Ltd., Tokyo, Japan, available
online: https://www.rinya.maff.go.jp/j/press/kaigai/pdf/sumitomo.pdf, accessed on
3 April 2025). This study was conducted in Sub-compartment 97g (hereafter referred
to as Sub-compartment 97g) of the Mombetsu forest (Figure 1b), a mixed natural forest
stand comprising both coniferous (i.e., A. sachalinensis) and broadleaf species such as Q.
crispula, Betula platyphylla (Japanese white birch), Betula ermanii (Erman’s birch), Betula
maximowicziana (monarch birch), Acer pictum (yellow-paint maple), Kalopanax septemlobus
(castor aralia), and so on. The study specifically focused on areas within Sub-compartment
97g (approximately 0.75 hectares), where broadleaf species are predominant. According to
field surveys conducted in 2024 by Sumitomo Forestry Co., Ltd., the tree density in Sub-
compartment 97g varied from approximately 2625 to 3650 trees per hectare, considering
trees with a DBH of 3 cm or more —depending on the selective cutting rate—with an
average DBH (diameter at breast height) between 7.1 and 10.0 cm. The elevation within
this Sub-compartment 97g lies between 279 and 302 m.

To assess the generalizability of our proposed method, we conducted an additional
study at the University of Tokyo Hokkaido Forest (UTHF), found in the interior of Hokkaido
Island, northern Japan (43◦10′–20′N, 142◦18′–40′E). Specifically, the study was carried out
at Sub-compartment 68E of the UTHF (hereafter referred to as Sub-compartment 68E). The
Sub-compartment 68E spans 31 hectares and is home to a dense population of Japanese
oak (Figure 1c,d). The area lies between 425 and 500 m in elevation above sea level [35].

https://www.rinya.maff.go.jp/j/press/kaigai/pdf/sumitomo.pdf


Remote Sens. 2025, 17, 2111 4 of 22

Along with Q. crispula, other notable tree species in the area feature a variety of broadleaf
species, including Fraxinus mandshurica (Manchurian Ash), K. septemlobus, B. maximow-
icziana, Tilia japonica (Japanese linden), and conifer species such as A. sachalinensis, Picea
jezoensis (Yezo spruce). Based on the UTHF 2022 inventory, the stand supports approxi-
mately 562 trees/hectare (DBH ≥ 5 cm), with a standard deviation of 73 stems/hectare.

(a)  (b) 

(c)  (d) 

Figure 1. (a) Location map of Mombetsu forest in eastern part of Hokkaido, Japan; (b) the UAV
flight area in Sub-compartment 97g of Mombetsu forest; (c) location map of the University of Tokyo
Hokkaido Forest, Japan; and (d) the UAV flight area in Sub-compartment 68E.

This substantial variation in tree density between the two study sites results in contrast-
ing canopy structures: the denser stand in Sub-compartment 97g features closely spaced
crowns with more canopy overlap, whereas Sub-compartment 68E has more widely spaced
trees with less canopy closure. These structural differences are expected to influence remote
sensing observations and potentially affect model performance in tree species identification.



Remote Sens. 2025, 17, 2111 5 of 22

2.2. Data Collection
2.2.1. Field Data

A field survey was conducted on 23 and 24 October 2024 in Sub-compartment 97g, to
record the locations of individual trees for use as ground truth data in training the Mask
R-CNN model. As depicted in Figure 2a, tree positions were measured on the ground with
a global navigation satellite system (GNSS) receiver with real-time kinematic (RTK) and
dual-frequency capabilities (DG-PRO1RWS, Biz-Station Corp., Matsumoto City, Japan).
Altogether, 55 tees from Japanese oak, 101 trees of other typical broadleaf species, and
7 conifer trees were recorded. Meanwhile, the ground truth data for Sub-compartment 68E,
we referred to our previous publication [35]. The field survey in this study area, undertaken
in February 2023, used the same RTK GNSS of Sub-compartment 97g to record the positions
of 67 Japanese oak, 72 other tree species and 116 conifer species.

 

Figure 2. (a) Recording the positions of trees using RTK GNSS; (b) DJI Mavic 3M and (c) DJI Mavic
3M flight operation.

2.2.2. Collection of UAV Imagery

To capture the distinct color changes in broadleaf species in the autumn, UAV imagery
was collected on 24 October 2024, in Sub-compartment 97g. In contrast, UAV images from
Sub-Compartment 68E were taken on 30 May 2024, before the leaves changed color. The
spring season was specifically chosen because the spectral characteristics of the leaves differ
from those in autumn, providing a distinct contrast for evaluating model performance. Both
sets of UAV images were acquired through the use of a DJI Mavic 3 Multispectral (Mavic
3M) drone (Figure 2b,c). The Mavic 3M is a compact UAV designed for high-precision
agricultural and environmental monitoring. It features an integrated imaging system
that combines a 20-megapixel RGB camera with four 5-megapixel multi-spectral cameras,
enabling the simultaneous capture of high-resolution visual and spectral data. The multi-
spectral component includes narrowband sensors centered on key wavelengths critical
for vegetation analysis: green (560 ± 16 nm), red (650 ± 20 nm), red edge (730 ± 20 nm),
and near-infrared (860 ± 26 nm) spectral bands. A spectral light sensor positioned on the
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UAV’s upper surface captures incident solar energy, allowing for radiometric correction
and consistent reflectance measurements under varying flight conditions. The RGB camera,
built into the same imaging module, is equipped with a 4/3 CMOS sensor and is capable
of producing high-resolution orthophotos. The UAV also supports RTK navigation, provid-
ing centimeter-precision geolocation when connected to an RTK base station or network.
Other key specifications include a maximum flight time of up to 43 min, a takeoff weight
of approximately 951 g, compatibility with GPS, Galileo, and BeiDou satellite systems,
microSD storage capacity of up to 512 GB, and image resolutions of 1280 × 1024 pixels for
multi-spectral and 5280 × 3956 pixels for RGB imagery (DJI agriculture, available online:
https://ag.dji.com/jp, accessed on 3 April 2025). The UAV was operated at an altitude of
80 m in both Sub-compartment 97g and Sub-compartment 68E. We conducted UAV flights
to cover the entire Sub-compartment 97g (Figure 1b). Based on the size and shape of the
study area, in Sub-compartment 97g, the overlap settings were 90% forward and 80% side.
In contrast, in Sub-compartment 68E, which is larger in size, the overlap settings were 86%
forward and 90% side to ensure detailed information on tree species while effectively cover-
ing the entire area. The total flight duration was approximately 10 min in Sub-compartment
97g and 1.5 h in Sub-compartment 68E, respectively.

2.3. UAV Image Preprocessing

The processing of UAV imagery was carried out with DJI Terra (version 4.4.6), a
PC-based photogrammetric software developed by SZ DJI Technology Co., Ltd., head-
quartered in Shenzhen, China. DJI Terra makes the use of Structure from Motion (SfM)
and Multi-View Stereo (MVS) techniques to reconstruct three-dimensional models by pro-
cessing overlapping aerial images captured by UAVs. By detecting and matching key
features across multiple images, the software estimates camera poses and generates both
sparse and dense point clouds. These outputs form the basis for creating high-resolution
orthomosaics, elevation models of the surface and ground (Digital Surface Models [DSMs]
and Digital Terrain Models [DTMs]), and textured 3D models. DJI Terra also supports
real-time 2D mapping and 3D modeling, enabling rapid data processing for applications
such as surveying, construction, and environmental monitoring. Additionally, it offers
advanced features such as 2D reconstruction using RGB imagery, Light Detection and
Ranging (LiDAR) point cloud processing, and in-depth inspection workflows. The inte-
gration of high-precision GNSS/RTK data further enhances the spatial accuracy of the
generated products, which is essential for geospatial analyses requiring high positional
fidelity (Source: DJI Terra Operation Guide, available online: DJI Terra Operation Guide,
available online: https://dl.djicdn.com/downloads/dji-terra/20241008/DJI%20Terra%
20Operation%20Guide%20v4.2.pdf, accessed on 12 March 2025).

In this study, the processing workflow included: (1) importing UAV images collected
using the DJI Mavic 3M; (2) aligning photos through SfM; (3) performing aerotriangulation
to georeference the images; (4) generating a sparse point cloud; (5) constructing a dense
point cloud using MVS; (6) building 3D mesh and textured models; (7) performing 2D
reconstruction to generate RGB orthomosaics, a normalized NIR image, and a DSM. All
of these generated images possessed a ground sampling distance of 0.0194 m per pixel
for the Sub-compartment 97g dataset and 0.02 m per pixel for the Sub-compartment 68E
dataset. This streamlined workflow provided an efficient and accurate foundation for
subsequent analysis.

Furthermore, to calculate the canopy height model (CHM), we used LiDAR-derived
DTMs from two sources. For Sub-compartment 97g, we utilized the LiDAR_DTM provided
by Sumitomo Forestry Co., Ltd., which was obtained on 24 October 2024, utilizing a
DJI Matrice 300 RTK platform paired with the Zenmuse L1 LiDAR system. For Sub-

https://ag.dji.com/jp
https://dl.djicdn.com/downloads/dji-terra/20241008/DJI%20Terra%20Operation%20Guide%20v4.2.pdf
https://dl.djicdn.com/downloads/dji-terra/20241008/DJI%20Terra%20Operation%20Guide%20v4.2.pdf
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compartment 68E, we used the LiDAR_DTM from the UTHF, created in 2018 from data
acquired with a helicopter-mounted Optech Airborne Laser Terrain Mapper (ALTM) Orion
M300 sensor (Teledyne Technologies, Thousand Oaks, CA, USA). Since UAVs equipped
with non-LiDAR sensors lacked sufficient ground-surface accuracy as a result of limited
ground visibility beneath dense canopy cover [36], the DTM derived from the Mavic 3M was
not used in this study. Then CHMs were computed in QGIS Desktop 3.28.1 by subtracting
the LiDAR-derived DTMs from the UAV-derived DSMs on a per-pixel basis. The resulting
CHM values ranged from 1 to 32 m in Sub-compartment 97g, while in sub-compartment
68E, values ranged from 1 to 38 m. The spatial resolution of the CHMs were 0.0194 m for
Sub-compartment 97g and 0.02 m for Sub-compartment 68E, which are consistent with
their corresponding orthophotos and NIR images.

2.4. Data Analysis

An overview of the study’s workflow is presented in Figure 3.

 

Figure 3. Overview workflow of broadleaf species identification and localization using Mask R-
CNN model.

2.4.1. Mask Region-Based Convolutional Neural Network (Mask R-CNN)

Mask R-CNN is a sophisticated computer vision model that possesses the capacity to
not only detect and classify objects in an image, but also to delineate their precise shapes
at the pixel level. This capability is referred to as instance segmentation. This approach
surpasses conventional object detection methods, which typically provide only bounding
boxes and class labels, by offering a more detailed understanding of each object in the
scene. A salient feature of instance segmentation is its capacity to discern individual
objects, even when they belong to the same category or exhibit similar visual characteristics,
by assigning a unique, pixel-accurate mask to each object. The Mask R-CNN model, as
proposed by He et al. (2017) [37], extends the Faster R-CNN framework by adding a
third branch specifically for segmentation, alongside the classification and bounding box
regression branches. It employs a convolutional backbone—a multi-layer neural network,
typically a Residual Network (ResNet) [32] combined with a Feature Pyramid Network
(FPN)—for extracting key features from the original images at different scales. A Region
Proposal Network (RPN) identifies candidate object regions, and region of interest (RoI)
Align ensures that these regions are precisely aligned with the feature maps [38]. The
classification and bounding box regression branches utilize fully connected (FC) layers to
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process the fixed-size feature maps from each RoI, producing object class probabilities and
refined bounding box positions. Meanwhile, the segmentation branch, implemented as a
fully convolutional network (FCN), generates a binary mask for each detected object. The
Mask R-CNN model has demonstrated impressive results on benchmarks, including the
Common Objects in Context (COCO) dataset and has been extensively adopted in various
fields that require precise object localization, including medical imaging, autonomous
driving, and environmental monitoring [39–41]. In the context of forestry, for instance, it
can be applied to locate and segment individual tree crowns from UAV imagery, enabling
tasks such as tree species detection and identification [18,27,29,32,42].

2.4.2. Preparation for Training Datasets

In QGIS Desktop 3.28.1, polygons representing each tree crown were manually created
by referencing the orthophotos of the study sites and the recorded tree positions in the field
surveys. The polygons were drawn using field data along with visual interpretation of
high-resolution UAV imagery. The tree crowns were classified into two categories: class 1
for Japanese oak and class 2 for other broadleaf species (which includes all broadleaf species
except Japanese oak). Japanese oak was classified separately due to its dominance in the
study area and its relevance to forest management practices (as described in Section 2.1),
in addition to its broader ecological and economic significance discussed in the Introduc-
tion. The other broadleaf species were grouped together due to their lower individual
representation in the study area, making a combined class more appropriate for accurate
classification and meaningful interpretation. The tree crown polygons were then exported
in GeoJSON format and converted to VGG JSON (Visual Geometry Group JSON) format
for training the Mask R-CNN model. The total number of trees in each class is summarized
in Table 1 for both study sites.

Table 1. Summary of the number of trees for Japanese oak and other broadleaf species in both study
sites for training and validation of the Mask R-CNN model.

Study Site Data Type Total Japanese Oak Other Broadleaf Species

Sub-
compartment

97g

Field recorded * 139 49 90

Additional annotation 356 164 192

Total 495 213 282

Training 374 172 202

Validation 121 40 81

Sub-
compartment

68E

Field recorded 139 67 72

Additional annotation 525 272 253

Total 664 339 325

Training 464 239 225

Validation 200 100 100
* In Sub-compartment 97g, some field-recorded trees located beneath the crowns of other trees were not annotated.

Additionally, we extracted individual tree crown images from both datasets to use
as input images. In QGIS Desktop 3.28.1, each crown was delineated using the manually
created polygons described above, where each polygon corresponded to a single tree. Using
the “Clip raster by mask layer” tool, we clipped the original images based on each polygon.
The resulting images were exported as individual files with consistent naming between
the image and its corresponding polygon-based label. All spatial data were projected to
EPSG:2454, and the process was repeated for both datasets to ensure consistency. For
Sub-compartment 97g, we extracted 495 images for each of the orthophotos, NIR, and CHM
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bands. By referring to the previous literature [27,43–45] and findings in our preliminary
analysis of Sub-compartment 97g, we increased the number of annotated trees from 495
(in Sub-compartment 97g) to 664 (in Sub-compartment 68E) by delineating additional tree
crowns for both Japanese oak and other broadleaf species (Table 1). Using these manually
annotated polygons, we extracted one image patch per crown from each band, as performed
in Sub-compartment 97g, resulting in 664 image samples per band.

2.4.3. Training Mask R-CNN Model for Broadleaf Species Identification

For this study, the input images and delineated tree crown polygons, annotated in
VGG JSON format, were used to train the Mask R-CNN model. For the Sub-compartment
97g dataset, 75% (374 trees: 172 for Japanese oak and 202 for other broadleaf species) of
the trees were used for training and 25% (121 trees: 40 for Japanese oak and 81 for other
broadleaf species) for validation. In contrast, the data from Sub-compartment 68E were
partitioned into a training set comprising 80% (464 trees: 239 for Japanese oak and 225 for
other broadleaf species) and a validation set comprising 20% (200 trees: 100 for Japanese
oak and 100 for other broadleaf species). These split ratios were chosen based on the highest
mAP (mean Average Precision) values achieved by the Mask R-CNN model in preliminary
test analyses. In these tests, we compared several train/validation split ratios (e.g., 60:40,
70:30, and 80:20) and evaluated model performance on a fixed validation set using the
mAP metric.

For model configuration, the Mask R-CNN model was set to classify tree species into
two categories: Japanese oak, and other broadleaf species. Regarding input channels, the
standard Mask R-CNN model, originally designed for RGB images with three channels,
was modified to accept four- or five-channel inputs, incorporating additional channels
such as NIR and CHM data (Figure 3). These additional channels were integrated using an
early fusion approach, where NIR and CHM were stacked alongside the RGB channels as
input. Precomputed mean pixel values were used for image normalization, and training
was performed using a batch size of 1 on a CPU-based setup, with image dimensions of
1024 × 1024 pixels. The detection threshold was set to a minimum confidence level of 0.5.

To leverage prior knowledge and accelerate training, we implemented transfer learning
by using a ResNet-101 backbone pretrained on the COCO dataset within the Mask R-CNN
framework. Since the COCO dataset consists of only RGB images, the pretrained model
accepts three input channels. To accommodate our five-channel input (RGB, NIR, and
CHM), we partially loaded the pretrained weights—excluding the initial convolution layer
(conv1) and task-specific heads. The conv1 layer was manually modified to accept five
input channels: RGB weights (channels 1–3) were retained from the COCO model, while the
NIR and CHM channels (channels 4 and 5) were initialized with small random values from
a normal distribution. This approach allowed the model to retain useful low-level features
from natural RGB imagery while adapting to domain-specific spectral and structural
inputs relevant to forest analysis. By combining pretrained RGB representations with
additional UAV-derived data, the model demonstrated improved generalization across
varying conditions and data modalities. This transfer learning setup enhanced model
robustness and classification accuracy without requiring training from scratch, thereby
supporting effective tree species classification in diverse forest environments.

To boost the model’s generalization capability, we implemented a series of data aug-
mentation methods using the imgaug library. The augmentation pipeline included vertical
flipping, random rotations (90◦, 180◦, 270◦), brightness scaling, Gaussian blurring, additive
Gaussian noise, and affine transformations [13,45–47]. These augmentations simulate varia-
tions in lighting, scale, orientation, and image quality commonly observed in UAV-captured
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forest imagery. This strategy aimed to make the model more robust to diverse real-world
conditions, thereby improving its performance on actual datasets [27,47–49].

The model was trained using the default learning rate specified in the Mask R-CNN
configuration file for 50 epochs. The training initially focused on the “network heads”,
which refer to the top layers of the Mask R-CNN architecture responsible for object classifi-
cation, bounding box refinement, and mask generation [31]. This approach is particularly
effective when fine-tuning the model for a new task—such as tree species identification
in forestry—because it allows the network to adapt its high-level feature interpretation
without altering the lower-level feature extractors, which are typically pre-trained on a
large dataset like COCO. The training process incorporated custom callbacks for model
checkpointing and evaluation metrics tracking. Model weights were saved at each epoch
using a customized path, and evaluation metrics were computed on the validation dataset
after each epoch. The models were implemented in Python (version 3.7) using TensorFlow
(version 2.2.0), along with supporting libraries such as NumPy and OpenCV.

All training experiments were performed on a Dell Precision 5860 Tower workstation
powered by an Intel Xeon W5-2545 CPU (12 cores, 24 threads, 3.5 GHz base frequency, up
to 4.7 GHz) and 64 GB of RAM (2 × 32 GB). Although the workstation included an NVIDIA
RTX 2000 Ada GPU (16 GB), GPU acceleration was not utilized due to compatibility con-
straints: the installed CUDA version could not be downgraded to match the requirements
of the TensorFlow version used in this study.

2.4.4. Evaluation Metrics

To evaluate the effectiveness of the Mask R-CNN model in tree species identification,
standard performance metrics, standard evaluation metrics—mean Average Precision
(mAP), precision, recall, and F1-score—were determined using the validation dataset.
The mAP was calculated at an Intersection-over-Union (IoU) threshold of 0.5, offering an
overall measure of detection and segmentation accuracy by considering both the overlap
quality between predicted and ground-truth masks and the detection rate across all species
classes. Precision quantified the fraction of correctly predicted instances out of all detected
instances. It was calculated using weighted averaging to account for class imbalances,
where each class’s score is weighted by the number of true ground-truth instances for that
class. Recall was similarly measured using a weighted average to assess how effectively
the model identified true instances across all classes, with the weights proportional to the
frequency of ground-truth instances. The F1-score, the harmonic mean of precision and
recall, also employed weighted averaging to balance the contributions of both metrics. This
approach provided a balanced evaluation of the model’s performance, particularly useful
for handling class imbalances commonly encountered in forestry datasets, where some
species may be underrepresented [50,51].

The following formulas were used to compute these evaluation metrics:

mAP = (1/N) × (AP1 + AP2 + . . . + AP_N) (1)

precision = (Σ(wi × TPi))/(Σ(wi × (TPi + FPi))) (2)

recall = (Σ(wi × TPi))/(Σ(wi × (TPi + FNi))) (3)

F1 − score = 2 × {Σ(wi(precisioni × recalli)))/(Σ(wi × (precisioni + recalli)) (4)

where
N = The number of classes,
i = index for each class,
wi = weight for class i (typically the proportion of ground-truth instances for class i),
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TPi = True Positives for class i,
FPi = False Positives for class i,
FNi = False Negatives for class i,
precisioni = TPi/(TPi + FPi), precision for class i,
recalli = TPi/(TPi + FNi), recall for class i.
In addition to these metrics, confusion matrices were visualized to illustrate the

number of detected trees for each species class, enabling a clearer interpretation of species-
specific prediction accuracy and misclassification trends. These metrics were computed
separately for each species class (e.g., Japanese oak and other broadleaf species) and then
averaged to assess the model’s overall performance in broadleaf species identification.

3. Results
This section presents the performance of the Mask R-CNN model in classifying

Japanese oak and other broadleaf species using UAV imagery collected from two study
sites: Sub-compartment 97g of the Mombetsu forest and Sub-compartment 68E of the
University of Tokyo Hokkaido Forest. We evaluated different input channel combinations
and assessed model accuracy using evaluation metrics—mAP, precision, recall, and F1-
score—as described in Section 2.4.4. Unless otherwise noted, all reported metrics were
calculated using the validation dataset.

3.1. Mask R-CNN Accuracy Using UAV Imagery of Sub-compartment 97g

Table 2 presents the classification performance of Mask R-CNN models trained on
four different input combinations: RGB, RGB + NIR, RGB + CHM, and RGB + NIR + CHM.
Out of these, the RGB + NIR + CHM attained the highest scores (mAP: 0.78, precision: 0.76,
F1-score: 0.75).

Table 2. mAP, precision, recall and F1-scores of Mask R-CNN using UAV images of Sub-compartment
97g (the accuracy scores with the highest values are highlighted in bold).

UAV Datasets mAP precision recall F1-score

RGB 0.76 0.73 0.74 0.73
RGB + NIR 0.74 0.68 0.70 0.66

RGB + CHM 0.72 0.63 0.67 0.63
RGB + NIR + CHM 0.78 0.76 0.74 0.75

In contrast, the RGB + CHM yielded the lowest performance (mAP: 0.72, precision:
0.63, recall: 0.67 and F1-score: 0.63). The RGB-only and RGB + NIR models showed
intermediate results, with mAP values of 0.76 and 0.74, respectively.

According to the confusion matrices in Figure 4, out of 121 validation trees (41 Japanese
oak and 80 other broadleaf), the RGB + NIR + CHM correctly identified 27 Japanese oaks
(65.9%) and 59 other broadleaf trees (73.8%)—outperforming the other combinations. For
comparison, RGB: 19 Japanese oaks (46.3%), 60 other broadleaf (75.0%), RGB + NIR: 11
Japanese oaks (26.8%), 70 other broadleaf (87.5%), and RGB + CHM: 5 Japanese oaks
(12.2%), 39 other broadleaf (48.8%).

The combination of RGB and NIR detected the highest number of other broadleaf
trees, although it was less effective in detecting Japanese oak as seen in Figure 4b. Figure 5
provides visual examples of the model’s predictions across different input types.
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3.2. Mask R-CNN Accuracy Using UAV Imagery of Sub-compartment 68E

Building on the Sub-compartment 97g findings, Table 3 shows the performance of
Mask R-CNN models applied to Sub-compartment 68E datasets using the same four input
combinations. Again, the RGB + NIR + CHM delivered the best results, achieving the
highest mAP (0.82), precision (0.81), and F1-score (0.80).

   
(a)  (b) 

   
(c)  (d) 

Figure 4. Confusion matrices for broadleaf species identification in Sub-compartment 97g, using the
Mask R-CNN model trained on UAV datasets: (a) RGB only; (b) RGB + NIR; (c) RGB + CHM; and
(d) RGB + NIR + CHM.

Table 3. mAP, precision, recall and F1-scores of Mask R-CNN using UAV images of Sub-compartment
68E (the accuracy scores with the highest values are highlighted in bold).

UAV Datasets mAP precision recall F1-score

RGB 0.80 0.79 0.79 0.78
RGB + NIR 0.76 0.75 0.74 0.72

RGB + CHM 0.78 0.76 0.75 0.74
RGB + NIR + CHM 0.82 0.81 0.78 0.80
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The RGB-only model also performed strongly (mAP: 0.80, precision: 0.79, recall: 0.79, and
F1-score: 0.79). When comparing individual additions to RGB, the RGB + CHM (mAP: 0.78,
precision: 0.76, recall: 0.75, and F1-score: 0.74) outperformed RGB + NIR (mAP: 0.76, precision:
0.75, recall: 0.74, and F1-score: 0.72.

Figure 6 presents the confusion matrix for this experiment, highlighting the number
of correctly classified trees using each input combination. Among the 200 trees in the
validation set (comprising 100 Japanese oaks and 100 other broadleaf species), the model
using RGB, NIR, and CHM data demonstrated the best performance, accurately classifying
79 Japanese oaks (79.0%) and 81 other broadleaf trees (81.0%). In contrast, the RGB-only
model correctly identified 66 Japanese oaks (66.0%) and 72 broadleaf trees (72.0%); the
RGB + NIR model recognized 69 Japanese oaks (68.0%) and 20 broadleaf trees (20.0%);
and the RGB + CHM detected just 68 Japanese oaks (68.0%) and 47 broadleaf trees (47.0%).
Figure 7 shows examples of the model’s predictions on different input datasets.

Figure 5. Visualization of predicted broadleaf species identification results in Sub-compartment 97g,
by the Mask R-CNN model with UAV data. (a) Input RGB image; (b) input NIR image; (c) input
CHM image; (d) annotated polygons and bounding boxes overlaid on the RGB image; (e) predicted
tree crowns using RGB; (f) predicted tree crowns using RGB + NIR; (g) predicted tree crowns using
RGB + CHM; and (h) predicted tree crowns using RGB + NIR + CHM.
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(a)  (b) 

 
(c)  (d) 

Figure 6. Confusion matrices for broadleaf species identification in Sub-compartment 68E, using the
Mask R-CNN model trained on UAV datasets: (a) RGB only; (b) RGB + NIR; (c) RGB + CHM; and
(d) RGB + NIR + CHM.
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Figure 7. Visualization of predicted broadleaf species identification results in Sub-compartment 68E, by the Mask R-CNN model with UAV data. (a) Input RGB
image; (b) input NIR image; (c) input CHM image; (d) annotated polygons and bounding boxes overlaid on the RGB image; (e) predicted tree crowns using RGB;
(f) predicted tree crowns using RGB + NIR; (g) predicted tree crowns using RGB + CHM; and (h) predicted tree crowns using RGB + NIR + CHM.
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4. Discussion
4.1. Broadleaf Species Identification Using Mask R-CNN Model in Mixed Forests

This study emphasizes the potential of integrating high-resolution multi-spectral
UAV imagery with Mask R-CNN model to improve species-level mapping in mixed forests.
Across both test sites—the Sub-compartment 97g of Mombetsu forest and Sub-compartment
68E of the University of Tokyo Hokkaido Forest (UTHF)—the Mask R-CNN model obtained
the highest mAP values: 0.78 in the former study site and 0.82 in the case of the latter when
utilizing a combination of RGB, NIR, and CHM data.

A minimum mAP of 0.5 is generally considered a threshold for usability in scien-
tific applications related to tree crown delineation [52]. In this present study, the strong
mAP scores obtained at both sites demonstrate the potential of instance segmentation for
broadleaf species mapping in structurally diverse forest environments. Mask R-CNN’s
performance to identify individual crowns and assign species labels offers a major improve-
ment over traditional pixel-based or object-based methods [28]. The present study, using
multi-spectral imagery and Mask R-CNN (Tables 2 and 3), achieved higher performance in
terms of mAP, precision, recall, and F1-score compared to the overall accuracy (OA) values
reported by Moe et al. (2020) [53], which were 0.63 and 0.73 for different sub-compartments
located in the UTHF. Moe et al. classified five tree species in uneven-aged mixed forests
using UAV imagery and an object-based random forest (RF) model.

In particular, the Mask R-CNN model aids in overcoming the challenges associated
with overlapping tree crowns and intermingled species—common conditions in complex
mixed forests. In a previous study [35], we used a ResU-Net model on UAV imagery
from Sub-compartment 68E to detect Japanese oak crowns. However, the model struggled
in dense vegetation, often predicting multiple crowns as a single group rather than as
separate instances. In the present study, this issue of misclassification due to crown overlap
was mitigated to some extent, particularly by integrating multi-spectral data with CHM
information (Figure 7h).

The resulting high accuracies are especially valuable for ecological monitoring, as
they enable more precise estimates of species distribution and above-ground biomass [31].
Nonetheless, challenges such as crown overlaps and spectral similarity between species
can still affect detection accuracy. For instance, in Sub-compartment 97g, some Japanese
oaks were not detected due to their similar color to other broadleaf species. Likewise, birch
trees without leaves were often missed. In Sub-Compartment 68E, the model occasion-
ally misclassified Japanese oak as other broadleaf species, including Japanese linden and
castor aralia.

Although weighted averaging of precision, recall, and F1-scores was applied in this
study to address class imbalance, these metrics can still produce high overall values even
when certain species are significantly under-detected. For example, in the RGB + CHM
dataset for Sub-compartment 97g, the model achieved moderate scores (precision: 0.63,
recall: 0.67, F1-score: 0.63), yet it correctly detected only 5 out of 40 Japanese oak trees
(Figure 4c). Similarly, in Sub-compartment 68E, the RGB + NIR model detected just 20 out
of 100 other broadleaf trees (Figure 6b), despite reporting relatively high precision (0.76),
recall (0.75), and F1-score (0.74). These cases emphasize the importance of interpreting
these metrics alongside actual detection counts, particularly in ecologically diverse forests
where under-detection of minority species can easily be masked by high aggregate scores.

While the performance improvements from incorporating multi-spectral and CHM
data may appear modest in terms of aggregate metrics compared to the original RGB input,
these additional data sources were critical for improving the detection of spectrally similar
or underrepresented species—particularly under challenging conditions such as crown
overlap and leaf-off phenology. For example, in Sub-compartment 97g, the number of cor-
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rectly detected Japanese oak trees was notably higher with the RGB + NIR + CHM dataset
than with RGB alone, even though detection rates for other broadleaf species remained
similar. Similarly, in Sub-compartment 68E, the RGB + NIR + CHM detected 13 more
Japanese oak crowns and 9 more other broadleaf trees than the RGB-only model. These
gains, although not always fully captured by mAP or F1-scores, are essential for down-
stream ecological applications such as species-specific biomass estimation and biodiversity
monitoring. Given the increasing accessibility of multi-spectral sensors and open-source
CHM generation tools, the added complexity is both feasible and justifiable.

4.2. Effectiveness of Multi-Spectral Bands for Broadleaf Species Identification

In Sub-compartment 97g, the integrated RGB, NIR, and CHM delivered the highest
overall performance, with a mAP of 0.78, and accurately identified the largest number of
trees in both species categories (Figure 4). While the combination of RGB and CHM yielded
the lowest mAP (0.63), the addition of NIR led to a clear improvement, highlighting the
synergistic benefits of combining multiple data types. This indicates that integrating both
spectral and structural information provides complementary cues that enhance species
discrimination—especially for distinguishing Japanese oak and other broadleaf species.
The results from Sub-compartment 68E further emphasize the value of multimodal inputs.
The model using the combined RGB, NIR and CHM data again delivered the highest scores
(mAP: 0.82).

Notably, the RGB-only model also performed well, achieving a mAP value of 0.76 in
Sub-compartment 97g and 0.80 in Sub-compartment 68E—nearly matching the full-input
model. These results suggest that, despite seasonal differences in foliage between the two
sites, RGB imagery alone can still yield high classification accuracy in forests with relatively
uniform canopy structure and species exhibiting visually distinguishable traits. This may
be due to the high spatial resolution of the imagery, which enables the capture of fine-scale
texture and crown shape features, as well as the presence of identifiable species-specific
traits (e.g., leaf shape and crown texture), even under varying seasonal conditions. These
factors together underscore the potential of RGB-based approaches as simpler and more
cost-effective alternatives in certain contexts.

In both test sites, our models outperformed the results reported by Yoshii et al. (2022) [27],
who used only RGB imagery and Mask R-CNN model for species identification in a mixed
forest in Hokkaido, Japan. Their approach achieved a precision of 0.73, a recall of 0.72 and
F1-score of 0.72. Even our RGB-only model yielded higher scores than those reported by
Yoshii et al., likely due to the higher spatial resolution and image quality of our UAV-based
RGB imagery compared to the aerial imagery used in their study. Additionally, their dataset
included both broadleaf and conifer species, with some classes having relatively few sample
trees, which may have contributed to lower classification accuracy due to class imbalance.
Moreover, our best-performing model using RGB, NIR, and CHM data achieved a precision
of 0.76, recall of 0.74, and F1-score of 0.75 in Sub-compartment 97g, and 0.81, 0.78, and
0.80, respectively, in Sub-compartment 68E. These results highlight the effectiveness of
incorporating additional data sources for improving classification accuracy in complex
forest environments.

Some previous studies have also applied multi-spectral bands for tree species classifi-
cation. For example, Xu et al. (2020) [54] utilized spectral, texture, and structural metrics
combined with an RF classifier, achieving an overall accuracy (OA) of 66.34% and a Kappa
accuracy of 58.53% for species classification, including Oriental white oak (Quercus aliena),
in a mixed subtropical natural forest in southwest China. Similarly, a study [43] using
spectral and CHM information with an object-based RF classifier in a mixed-species forest
reported an OA of 0.77. Compared to these studies, our model using RGB, NIR, and CHM
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data achieved higher performance with Mask R-CNN, obtaining mAP values of 0.78 and
0.82 at the two test sites. These results demonstrate that combining multi-spectral and
structural information with instance segmentation techniques can significantly improve
species classification accuracy in complex mixed forests, compared to using multi-spectral
imagery with traditional object-based classification methods.

Interestingly, the relative importance of NIR and CHM varied between the two sites.
In Sub-compartment 97g, adding NIR to RGB data improved overall classification perfor-
mance more than adding CHM. Conversely, in Sub-compartment 68E, the RGB + CHM
outperformed the RGB + NIR combination. This suggests that CHM-derived height infor-
mation may be particularly useful in forests where species exhibit distinct differences in
canopy structure.

However, further analysis revealed a consistent trend: across both sites and sea-
sons, the RGB-only models outperformed the RGB + NIR models. As shown in Tables 2
and 3, even when accounting for phenological differences—such as leaf senescence in
Sub-compartment 97g and full canopy foliage in Sub-compartment 68E—the RGB + NIR
combination did not lead to improved accuracy. In Sub-compartment 97g, some birch
trees had already shed their leaves, and Japanese oak trees exhibited varying degrees of
color change, potentially reducing the spectral consistency of the NIR signal. Yet even in
Sub-compartment 68E, where all species were fully leafed and green, the inclusion of NIR
still led to lower accuracy compared to RGB alone.

These findings imply that the addition of the NIR band may have introduced spectral
redundancy or noise rather than contributing complementary information. Possible causes
include overlapping NIR reflectance signatures among species under dense canopy cover
or slight misalignment and calibration discrepancies between the RGB and NIR imagery.

Conversely, incorporating structural information from the CHM improved classifi-
cation performance, particularly when used in conjunction with both RGB and NIR data.
The RGB + NIR + CHM achieved the highest accuracy at both study sites, highlighting the
added value of integrating 3D structural features with spectral data. These results indicate
that CHM is most effective when complementing both RGB and NIR inputs.

However, the effectiveness of CHM depends on how it is integrated with other inputs.
In comparison, the RGB + CHM combination resulted in lower accuracy than RGB alone at
both sites (Tables 2 and 3). This outcome may be associated with the limited vertical struc-
tural differentiation within broadleaf canopies, which reduces the discriminatory power
of CHM data when used without additional spectral information like NIR. Additionally,
potential sources of error, such as slight misalignment between the RGB and CHM layers,
may have introduced noise that offset the benefits of incorporating CHM alone.

These findings highlight the challenge of accurately detecting Japanese oak and other
deciduous broadleaf species in mixed forests, emphasizing the need for tailored remote sens-
ing workflows. Spectral similarities among species, particularly in areas where Japanese
oak overlaps with other broadleaf species, underline the importance of considering site-
specific structural attributes and the timing of data acquisition. Both seasonal and spatial
factors must be carefully considered when selecting spectral band combinations for effective
species classification.

4.3. Generalization of the Mask R-CNN Model

This study demonstrates that the Mask R-CNN model generalizes well across different
forest environments when using combined RGB, NIR, and CHM inputs. This multi-
modal approach consistently delivered the highest classification accuracy at both test sites.
However, the results also show that simpler input combinations—particularly RGB-only—
can still yield competitive performance depending on site-specific characteristics. This
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adaptability is valuable for practical UAV-based forest monitoring, especially in scenarios
where acquiring NIR imagery or generating CHM data may be limited by cost, equipment,
or environmental constraints.

Notably, the evaluation metrics were higher for Sub-Compartment 68E compared
to Sub-compartment 97g, suggesting that the dataset from Sub-Compartment 68E was
more effective for model training and evaluation. This may be attributed to both the larger
dataset size and the timing of UAV image acquisition. In Sub-Compartment 68E, imagery
was captured before the onset of leaf color change, providing more consistent spectral
characteristics that likely aided species differentiation. In contrast, images from Sub-
compartment 97g were collected after leaf color change, when overlapping colors among
broadleaf species may have introduced confusion. Additionally, some trees were leafless,
further complicating accurate classification. These differences in data volume and seasonal
conditions likely influenced the model’s performance, highlighting the importance of both
dataset quality and phenological timing in deep learning-based forest species classification.

While our results demonstrate robust generalization across two different forest envi-
ronments, applying this Mask R-CNN approach to large-scale forest monitoring presents
additional challenges. UAV-based data collection over extensive forest areas requires sub-
stantial flight time, logistical coordination, and significant data storage and processing
capacity. Although the model’s adaptability to different input data types (RGB, NIR, CHM)
offers flexibility, scaling up will require efficient workflows to manage large data volumes
and may benefit from integration with satellite or airborne imagery for broader coverage.
Nonetheless, ongoing advancements in UAV technology and data processing methods may
help overcome these challenges, enabling broader applications in the future.

5. Conclusions
This study highlights the potential of deep learning methods, particularly Mask

R-CNN, in advancing UAV-based broadleaf species localization in mixed forests. By
leveraging high-resolution multi-spectral imagery and CHM data, we achieved accurate
spatial localization and classification of broadleaf tree species, including Japanese oak. The
integration of RGB, NIR, and CHM consistently led to the highest classification accuracy,
underscoring the benefit of combining spectral and structural inputs.

Importantly, the model also demonstrated flexibility across different sites, suggesting
that input selection can be tailored to local conditions. These findings affirm the potential
of UAV-based multi-spectral and structural data fusion for precise, scalable, and automated
forest monitoring, contributing to improved ecological assessment and sustainable forest
management practices.

To further evaluate and enhance the model’s generalization capabilities, future re-
search could incorporate hyperspectral imagery, multi-seasonal data, or expand the training
dataset to cover broader geographic regions. While we employed a simple data fusion ap-
proach in this study, exploring more advanced integration techniques—such as late fusion
or attention-based models—may further improve performance and represent a promis-
ing direction for future work. Applying the model to more diverse and taxonomically
complex species groups could also enhance its ecological applicability. These steps would
support the development of more scalable and transferable tools for forest monitoring and
biodiversity assessment.
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