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Abstract—Forest tree species classification has great signifi-
cance for sustainable development of forest resource. Multisource
remote sensing data provide abundant temporal, spatial, and
spectral information for tree species classification. However, there
lacks tree species classification methods, which comprehensively
capture and fuse spatio–temporal–spectral information. There-
fore, a tree species classification method based on deep ensemble
learning of multisource spatio–temporal–spectral remote sensing
data is proposed. First, multitemporal, high-resolution, and
hyperspectral data are utilized for training temporal, spatial,
and spectral deep networks. Furtherly, deep ensemble learning
is developed for the fusion of spatio–temporal–spectral network
outputs, where weighted fusion is implemented via dynamic
weight optimization based on the spatio–temporal–spatial fea-
tures. Experimental results indicate that the importance of
temporal features is higher than that of spatial information,
and spectral networks perform best among all network struc-
tures. After the spatio–temporal–spectral ensemble learning, the
performance of tree species classification is further improved,
and the overall accuracy (OA) of the proposed method reaches
above 90%. The proposed algorithm realizes precise and fine-
scale tree species classification and provides technique support
for the monitoring and conservation of forest resource.

Index Terms—Deep learning, ensemble learning, multisource
remote sensing data, spatio–temporal–spectral feature, tree
species classification.

I. INTRODUCTION

AS THE main body of terrestrial ecosystem, forests play a
vital role in biodiversity and ecological balance conser-

vation. Tree species composition is the core content of forest
resource monitoring and the key indicator of forest biodiversity
measurement and has great significance in a wide range of
applications [1], [2], [3].
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With the rapid development of remote sensing technology,
multisource remote sensing data have been widely used in tree
species classification. Among the various remote sensing data
sources, multispectral and hyperspectral sensors can capture
the spectral response in specific wavelength ranges, which
provides spectral information for tree species mapping [3].
High-resolution images involve abundant spatial details, such
as structures and textures, leading to fine-scale tree species
identification [4]. Multitemporal data can obtain temporal
features related to phenological differences of tree species,
increasing the stability and separability of tree species clas-
sification [5].

For tree species classification methods, deep learning algo-
rithms have drawn unprecedented attention by virtue of its
capacity of extracting high-level semantic representations. Cao
and Zhang [4] proposed a Res-UNet semantic segmentation
network combining with conditional random fields (CRFs)
postprocessing for tree species classification based on air-
borne high-resolution images. Huang et al. [6] designed
Transformer4SITS network to extract spectral and temporal
features of multitemporal Sentinel-2 images. Zhang et al.
[7] proposed the 3-D and 1-D convolutional neural network
(CNN) to capture spectral–spatial features of tree species
using hyperspectral data. In addition, some researches fused
multisource remote sensing data to compensate for the defi-
ciency of single-source data. For example, Chen et al. [8]
first utilized high-resolution data to delineate tree canopies
and then fed multitemporal images into 3DLSTM network to
generate tree species classification results. Wang and Ren [9]
proposed a dual-branch network for tree species classification,
where spectral and spatial information from hyperspectral and
multispectral data is extracted and interacted.

The temporal, spectral, and spatial information play
important roles in tree species classification. However,
few researches simultaneously capture and fuse the
spatio–temporal–spectral features of tree species. In view of
this background, a tree species classification method based
on deep ensemble learning using spatio–temporal–spectral
remote sensing data is proposed in this study, and the
performance of tree species classification is improved via
combining spatio–temporal–spectral information. Specifically,
multitemporal Sentinel-2 data, high-resolution Gaofen-2
data, and Orbita Hyperspectral Satellite (OHS) data are
utilized to train temporal, spatial, and spectral networks.

1558-0571 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Wuhan University. Downloaded on December 04,2025 at 04:44:31 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-2307-8850
https://orcid.org/0000-0003-1691-9743
https://orcid.org/0000-0002-5625-0338


2500105 IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 23, 2026

Fig. 1. Overview and label distribution of Maolan National Nature Reserve.

Through the proposed deep ensemble learning method, the
outputs of spatio–temporal–spectral networks are fused via
dynamic weight optimization mechanism, and tree species
classification result after spatio–temporal–spectral fusion is
achieved.

II. STUDY AREA AND DATA

A. Study Area
Maolan National Nature Reserve is selected as the study

area, which is located in Libo county of Guizhou province in
China, as shown in Fig. 1. The distinctive landforms, mainly
consisting of karst peaks, depressions, and basins with the
elevation of 442–1056 m, give birth to rich and diverse forest
landscapes in this study area. Sample data used in this study
derive from the field surveys conducted around 2020, including
12 tree species classes: Pinus massoniana, Other softwood
species, Shrubbery bamboo, Mixed bamboo, Other hardwood
species, Toona sinensis, Cunninghamia lanceolata, Morus alba,
Quercus, Pyracantha fortuneana, Spiraea salicifolia, and Other
vegetation. The locations of sample data are highlighted in
colored points in Fig. 1 (totally 342 points).

B. Multisource Remote Sensing Data
Multisource data used in this letter include Sentinel-2 (tem-

poral), Gaofen-2 (spatial), and OHS data (spectral), which are
visualized in Fig. 2 and introduced as follows.

1) Sentinel-2 Data: Sentinel-2 data have 13 spectral bands
with the wavelength ranging from 444 to 2202 nm
and the spatial resolution ranging from 10 to 60 m.
The revisit period is 5 days. We obtain the Sentinel-2
data during 2019 and 2021 and composite 12 seasonal
images. Ten of the 13 bands with the resolution of 10
and 20 m are selected and resampled to the resolution
of 10 m for network training.

2) Gaofen-2 Data: Gaofen-2 satellite carries multispectral
and panchromatic sensor with the spatial resolution of 4
and 1 m, respectively. The Gaofen-2 image acquired in
November 12, 2020 is utilized. After pan-sharpening,

Fig. 2. Spatio–temporal–spectral multisource remote sensing data.
(a) Sentinel-2 images (temporal). (b) Gaofen-2 image (spatial). (c) OHS
hyperspectral image (spectral).

high-resolution image consisting four spectral bands,
i.e., RGB and near-infrared (NIR), with the resolution
of 1 m is obtained.

3) OHS Data: OHS data have 32 spectral bands with the
wavelength ranging from 400 to 1000 nm, and the
spatial resolution is 10 m. The OHS image acquired by
OHS-3B satellite in November 8 of 2020 is used in this
study.

III. METHODOLOGY

Aiming at precise tree species classification, in this study,
multitemporal, high-resolution, and hyperspectral data are
utilized to extract temporal, spatial, and spectral information,
respectively. Furtherly, deep ensemble learning algorithm is
proposed to fuse the outputs of spatio–temporal–spatial net-
works. The overall flowchart is illustrated in Fig. 3.

A. Deep Network Structures
Among various deep network structures, CNN, which cap-

tures local context using convolution, and transformer, which
models long-range dependencies using self-attention, are the
network components commonly used for feature extraction.
Therefore, the temporal, spatial, and spectral networks based
on CNN and transformer are selected for experiments.

1) Temporal Networks: TSViT and ConvLSTM are selected
for mining temporal information of tree species. TSViT [10]
is a transformer network for processing multitemporal remote
sensing images. In TSViT, learnable position encodings for
each time step and image patch are introduced, and trans-
former blocks with temporal-then-spatial self-attention are
designed for precise temporal and spatial dependency mod-
eling. In addition, multiple learnable class tokens are utilized
to further increase the discriminative ability. ConvLSTM [11]
combines the advantages of both CNN and long-short term
memory (LSTM). For each ConvLSTM layer in this network,
spatial context information is extracted through convolution,
and gating mechanism in LSTM is utilized to capture the
changes of spatial features over time.

2) Spatial Networks: Two representative networks, SwinT
and ConvNeXT, are chosen to extract spatial details of tree
species. SwinT [12] is a hierarchical transformer structure,
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Fig. 3. Flowchart of the proposed deep ensemble learning algorithm.
Temporal, spatial, and spectral networks are trained using the corresponding
remote sensing data, and the outputs of spatio–temporal–spectral networks
are fused by deep ensemble learning based on dynamic weight optimization
mechanism to generate final tree species classification results.

which employs window-based and shifted window-based self-
attention to extract spatial features both locally and globally.
Between each two stages, neighboring image patches are
merged to form multiscale representations. ConvNeXT [13] is
a CNN designed based on standard ResNet [14] structure with
a series of modifications adopted to improve the performance,
such as using larger convolutional kernels, designing inverted
bottleneck, reducing activations and norms, and so on.

In this study, the encoder–decoder architecture U-Net [15] is
utilized to implement tree species classification. Specifically,
SwinT and ConvNeXT are incorporated into U-Net as the
encoder, and feature maps are gradually upsampled in the
decoder to obtain fine-scale classification maps.

3) Hyperspectral Networks: For spectral features extrac-
tion, A2S2K-ResNet and GAHT are selected. A2S2K-ResNet
[16] is an improved ResNet structure for discriminative
spectral–spatial feature extraction. Adaptive spectral–spatial
kernel attention is designed to automatically adjust the
receptive field, and efficient feature calibration module is
introduced to learn cross-channel dependencies. GAHT [17]
is a hierarchical transformer network for the extraction
of spectral–spatial information. It employs grouped pixel
embedding for local spectral feature mining and utilizes trans-
former blocks to capture long-range dependencies, providing
abundant spectral–spatial representations for tree species
classification.

B. Spatio–temporal–Spectral Deep Ensemble Learning
Algorithm

The main procedure of the proposed deep ensemble learning
algorithm is introduced as follows.

1) Step 1 (Multisource Data Preprocessing): For Sentinel-2
and Gaofen-2 data, images are cropped into the patches

TABLE I
HYPERPARAMETER SETTINGS FOR DEEP NETWORK TRAINING

of 24 × 24 and 256 × 256 pixels, respectively. For
OHS data, patches are generated for each pixel using
a window with fixed size.

2) Step 2 (Deep Network Training): With the preprocessed
data as an input, the temporal, spatial, and spectral
networks introduced in Section III-A are trained, and
then, classification results of each network are obtained.

3) Step 3 (Sample Weight Initialization): The pro-
posed deep ensemble learning method trains several
base classifiers using the output features of the
spatio–temporal–spectral networks. In this process, each
sample is assigned with a weight representing its impor-
tance, which is dynamically adjusted afterward. For N
training samples, the initial weights are the same for
each sample, i.e., 1/N

D1 =

�
1
N
,

1
N
, . . . ,

1
N

�
. (1)

4) Step 4 (Iterative Training of Base Classifiers): For the
tth round of the iteration, according to the weight of
each sample, a base classifier Ht(x) is trained and error
rate et is calculated

et =

NX
i=1

Dt (i) · I (Ht (xi) , yi) (2)

where Dt(i) is the sample weight for current iteration
and I(Ht(xi) , yi) is 1 for samples incorrectly classified
and 0 for those correctly classified.
According to the error rate et, the weight of the base
classifier trained in this iteration αt is calculated

αt =
1
2

ln
�

1 − et

et

�
. (3)

Then, the weights of the training samples are updated,
which are used for the next iteration

Dt+1 (i) =
Dt (i) · exp (−αt · I (Ht (xi) = yi))PN

j=1 Dt ( j) · exp
�
−αt · I

�
Ht
�
x j
�

= y j
�� .

(4)
The aforementioned process is repeated until the total
number of iterations T is reached.

5) Step 5 (Ensemble of Base Classifiers): The base classi-
fiers are fused according to classifier weights to obtain
the final classifier Hfinal(x) and tree species classification
result

Hfinal (x) =

TX
t=1

αtHt (x). (5)

The core idea of the proposed method is fusing the clas-
sification results of multiple networks to generate a strong
classifier, where samples incorrectly classified are given more
attention in subsequent training, in order to increase the
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TABLE II
ACCURACIES OF TREE SPECIES CLASSIFICATION FOR DIFFERENT TYPES OF NETWORKS WITH THE

BEST AND SECOND-BEST VALUE BOLDED AND UNDERLINED

TABLE III
ACCURACIES OF TREE SPECIES CLASSIFICATION BASED ON DEEP ENSEMBLE LEARNING OF MULTIPLE

NETWORKS AND MULTISOURCE REMOTE SENSING DATA

performance and stability. In this way, the advantages of
multisource remote sensing data and networks are combined,
and accurate tree species classification map is generated.

IV. RESULTS AND DISCUSSION

A. Experimental Setting
The hyperparameter settings for training each deep network

are shown in Table I. For deep ensemble learning, classifi-
cation and regression tree (CART) [18] is taken as the base
classifier and the number of iterations T is set to 50.

For experiments, the tree species classification results of
temporal, spatial, and spectral networks and data are first
compared. Then, tree species classification result using the
proposed deep ensemble learning method is analyzed. Samples
are divided into training, validation, and testing sets with the
ratio of 6:2:2, and the same sample division is adopted for all
experiments for fairness comparison. Overall accuracy (OA),
kappa coefficient, precision (P), and recall (R) are used to
evaluate the performance of tree species classification.

B. Comparison of Different Types of Networks and Data
The accuracies of different temporal, spatial, and spec-

tral networks in tree species classification are shown in
Table II. For temporal networks, TSViT achieves high pre-
cision and recall in most of the tree species classes, while
ConvLSTM performs poorly in some tree species. Specifically,

Pinus massoniana, Other softwood species, Shrubbery bam-
boo, Mixed bamboo, and Toona sinensis reach high accuracies
for both networks. Morus alba and Spiraea salicifolia are
well discriminated in TSViT; however, ConvLSTM fails to
recognize them. Spatial networks achieve lower accuracies
than temporal networks, implying that spatial details are
less important than phenological features for identifying tree
species. For overall performance, the accuracy of SwinT is
higher than that of ConvNeXT. For specific tree species
classes, Pinus massoniana, Other softwood species, Mixed
bamboo, Toona sinensis, and Quercus reach highest preci-
sion and recall for SwinT, while ConvNeXT obtains highest
precision in Morus alba, Pyracantha fortuneana, and Spiraea
salicifolia. For spectral networks, the overall accuracies of
both A2S2K-ResNet and GAHT are higher than temporal and
spatial networks, indicating that spectral information is better
than temporal and spatial features in tree species classification.
Specifically, A2S2K-ResNet achieves best precision and recall
in Pinus massoniana, Toona sinensis, and Morus alba, while
GAHT performs well in identifying Other softwood species,
Cunninghamia lanceolate, and Spiraea salicifolia.

C. Results of Deep Ensemble Learning
In order to generate high-resolution tree species classifi-

cation map, tree species classification results of spectral and
temporal networks are fused with those of spatial networks
using the proposed deep ensemble learning method. It can
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Fig. 4. Tree species classification result of Maolan National Nature Reserve
based on deep ensemble learning of spatio–temporal–spectral remote sensing
data.

be seen from Table III that the performance of tree species
classification is significantly boosted after the deep ensemble
learning. On the one hand, compared with the accuracies in
Table II, deep ensemble learning of multiple networks achieves
better performance than single network for each network type.
On the other hand, the overall accuracies for deep ensemble
learning of multisource data are higher than the accuracies
obtained using single-source data. Specifically, compared with
the accuracies of spatial networks, after introducing spectral
networks, the increment of precision and recall exceeds 10%
for Other softwood species, Cunninghamia lanceolate, and
Quercus. When temporal information is further involved, the
OA of tree species classification finally reaches 0.9094. As
shown in Fig. 4, the fine-scale tree species classification
map, which can reflect the actual tree species distribution, is
achieved.

V. CONCLUSION

In this study, a deep ensemble learning method is pro-
posed for effective tree species classification, where temporal,
spatial, and spectral information are fused using multisource
remote sensing data. First, temporal networks TSViT and
ConvLSTM are trained using multitemporal Sentinel-2 data,
spatial networks SwinT and ConvNeXT are trained using
high-resolution Gaofen-2 data, and spectral networks A2S2K-
ResNet and GAHT are trained using OHS data. On this
basis, the deep ensemble learning method is designed to fuse
the outputs of spatio–temporal–spectral networks via dynamic
weight optimization mechanism. Experiments are conducted in
the study area of Maolan National Nature Reserve. According
to the classification results, spectral and temporal information
are superior to spatial information in tree species identification.
Compared with using single-source data, the accuracy of tree
species classification is significantly improved when adopting
the proposed spatio–temporal–spectral deep ensemble learn-
ing. The proposed method realizes precise and fine-scale tree
species classification and provides technique support for forest
resource monitoring and conservation. For future work, we
plan to introduce more types of remote sensing data source,
e.g., LiDAR and SAR, to further increase the accuracy and
reliability of tree species classification.

ACKNOWLEDGMENT

The authors would like to thank the editors and anonymous
reviewers for providing insightful suggestions to this letter.

REFERENCES
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