
Original Research

Optimizing Tree Species Classification by 
Leveraging Median Filtering and Hybrid 

Feature Sets from Worldview Satellite Imagery

Huaipeng Liu1 *, Jiaxin Lu1, Xiaoqing Zuo2, Chang Liu1

1School of Geography and Tourism, Luoyang Normal University, Luoyang, Henan Province, 471934, China
2School of Resources and Environmental Engineering, Hefei University of Technology, Hefei, Anhui Province, 230009, 

China

Received: 11 January 2026
Accepted: 23 April 2026

Abstract

The high-precision tree species identification results based on remote sensing are of importance 
in forest inventory, management, and biodiversity protection. To evaluate whether the median filtering 
technique can effectively improve tree species identification accuracy, this study utilized WorldView-2 
and WorldView-3 imagery as data sources and applied different sizes of filter kernels to them. 
Subsequently, tree species classification was performed using the random forest (RF) and Extreme 
Gradient Boosting (XGBoost) algorithms to explore the extent to which the identification accuracy 
could be improved under different filter kernel sizes and whether combining the optimal filtering results 
with the original spectral bands could further enhance the accuracy. The results showed that the filter 
kernel size of median filtering had a significant impact on tree species identification accuracy, and that 
within a certain range, larger filter kernels could yield higher accuracy. In WorldView-3, the accuracy 
of tree species identification reached 68.95±0.68% (RF), whereas in WorldView-2, the accuracy reached 
82.04±0.30% (RF) after processing with an appropriate filter kernel. When the optimal filtering features 
were combined with the original spectral bands, the accuracy was further improved to 68.28±0.94% 
in WorldView-3 (RF) and to 85±0.09% in WorldView-2 (XGBoost), representing an improvement of 
approximately 7% in WorldView-3 and 8% in WorldView-2 compared with the unfiltered imagery 
(61.64±0.35% in WorldView-3 and 77.13±0.15% in WorldView-2). The experimental results demonstrate 
that median filtering can effectively improve tree species classification accuracy.
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Introduction

Forests, as a principal component of terrestrial 
ecosystems, represent the most biodiverse natural 
reservoirs and play a vital role in global carbon cycling, 
climate regulation, and soil and water conservation. 
With intensifying global climate change and increasing 
human activities, the sustainable management of 
forest resources and the conservation of biodiversity 
have become major issues of global concern [1]. In 
this context, accurately mapping the composition and 
distribution of forest resources ‒ particularly achieving 
precise species-level distribution mapping ‒ is of critical 
importance for forest inventory, ecosystem health 
assessment, biodiversity monitoring, and carbon sink 
estimation [2]. Traditional tree species surveys primarily 
rely on labor-intensive field investigations. While these 
methods yield high accuracy, they are time-consuming, 
costly, and difficult to implement in areas with complex 
terrain. Remote sensing technology, as an efficient and 
non-destructive Earth observation tool, provides strong 
technical support for large-scale tree species surveys 
[3]. In particular, the widespread application of high-
resolution satellite imagery (such as the WorldView 
and GaoFen series) has made it possible to differentiate 
tree species with high spatial precision [4]. However, 
accurate species identification remains challenging due 
to factors such as sensor noise, atmospheric interference, 
shadow occlusion, and the structural complexity of 
forest canopies.

Currently, a substantial body of research has 
explored ways to improve the accuracy of tree species 
identification using remote sensing, primarily focusing 
on four main aspects. The first approach involves 
evaluating the performance of remote sensing data at 
different resolutions for species discrimination. Studies 
have utilized satellite imagery such as IKONOS, 
QuickBird, WorldView-2, and WorldView-3, as well 
as airborne hyperspectral data, high spatial resolution 
imagery, and LiDAR data [5-9]. Research indicates that 
high spatial resolution data, hyperspectral imagery, and 
the fusion of multi-source datasets significantly enhance 
tree species identification accuracy [10-13]. The second 
pathway examines the contribution of image-derived 
features to species classification. Spectral indices, 
texture features, digital surface models (DSMs), HSV 
color-space attributes, and three-dimensional structural 
features derived from LiDAR have been widely 
employed [14-19]. Findings suggest that all these features 
facilitate species discrimination, with the combined use 
of multiple feature types yielding the best performance 
[1-3, 20, 21]. The third direction investigates the 
influence of imaging time on identification accuracy. 
Studies have assessed the value of multi-temporal 
imagery ‒ spanning two, three, or four seasons, as well 
as longer time series ‒ in distinguishing tree species [9, 
20, 22, 23]. Results demonstrate that the use of multi-
season imagery considerably improves classification 
accuracy [3, 24, 25]. The fourth approach entails 

testing and developing classification methods. Research 
has evaluated the performance of machine learning 
algorithms such as maximum likelihood, support vector 
machines, random forest (RF), and extreme gradient 
boosting (XGBoost), showing that these methods achieve 
high accuracy in species identification [3, 6, 12, 26]. 
In recent years, deep learning techniques ‒ including 
CNN, Transformer, LSTM, and their hybrids ‒ have 
been adapted and applied to tree species recognition, 
significantly outperforming traditional methods and 
further advancing identification precision [27-30]. 

Although research in the aforementioned four areas 
has led to considerable improvements in tree species 
identification accuracy, remote sensing images are 
inevitably affected by various factors during acquisition 
‒ such as atmospheric conditions, sensor noise, and 
topographic shadows ‒ which introduce varying levels of 
noise, particularly salt-and-pepper noise [31]. This type 
of noise significantly degrades image visual quality and 
impedes the performance of tree species classification 
algorithms. Therefore, effectively suppressing noise and 
improving image quality may represent a critical step 
toward further enhancing the accuracy of tree species 
identification. Median filtering, as a nonlinear filtering 
technique, offers strong noise suppression capabilities 
while preserving edge information. It effectively removes 
outliers and impulse noise from images, resulting in 
more robust feature representations, and has been 
widely used in medical imaging, industrial inspection, 
and remote sensing image denoising [32]. The core 
principle of median filtering is to replace the central 
pixel value with the median value of its neighborhood, 
which helps retain edge and detail information and 
avoids the edge-blurring issues commonly associated 
with linear filters such as mean filtering. Although 
median filtering is well established in general image 
processing, its effectiveness in improving tree species 
identification using high-spatial-resolution remote 
sensing imagery remains unclear. By reducing local 
noise and enhancing spectral consistency within canopy 
areas, median filtering has the potential to accentuate 
intrinsic differences in spectral responses among tree 
species. Consequently, integrating median filtering into 
tree species identification workflows may contribute to 
improved classification accuracy.

To explore the potential application of median 
filtering in tree species identification, this study 
utilizes WorldView-3 and WorldView-2 imagery as 
data sources. Multiple sets of median-filtering kernels 
of different sizes were constructed and applied band 
by band to the original images in both datasets. 
Using two classification methods ‒ RF and XGBoost 
‒ we systematically evaluate the impact of different 
kernel sizes on species classification accuracy and 
determine whether median filtering can effectively 
improve identification performance. Given that 
median filtering removes outliers and generates robust 
features that help discriminate between tree species, 
whereas the original spectral bands retain high-fidelity 
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information, we hypothesize that combining both 
may yield complementary benefits. This integration 
is expected to suppress noise while preserving critical 
details, potentially leading to further improvements 
in classification accuracy. Therefore, this study also 
investigates whether incorporating median-filtered 
features together with the original spectral bands 
can improve tree species identification. The findings 
of this research will not only contribute to a deeper 
understanding of the role of median filtering in tree 
species classification but also provide a transferable 
technical pathway for high-accuracy species mapping, 
thereby supporting intelligent monitoring and 
management of forest resources.

Materials and Methods

Data Sets

Remote Sensing Data

This study utilized two distinct study sites to 
evaluate the robustness of the proposed method. The 
first site, Wangcheng Park, is located in Luoyang City, 
Henan Province, China. This area is characterized by 
a warm temperate continental monsoon climate with 
distinct seasons and serves as a managed urban botanical 
garden with a diverse collection of both native and 
introduced tree species. The second site is situated in an 
urban area of Hohhot City, Inner Mongolia, China. This 
region experiences a semi-arid continental climate and 
is representative of northern China's urban afforestation 

patterns. The specific characteristics of remote sensing 
data acquired over these sites are detailed below. 

The WorldView-3 imagery of the first site captured 
on October 27, 2017, over this botanical garden was used 
for the tree species identification study (Fig. 1). The 
image comprises a panchromatic band with a spatial 
resolution of 0.3  m and an 8-band multispectral image 
with a spatial resolution of 1.24 m. The imagery spans 
latitudes 34˚39′51.15″-34 4̊0′17.25″N and longitudes 
112˚24′37.84″-112˚ 25′13.66″E, covering a total area of 
0.71 km2 [33]. Table 1 outlines the detailed parameters 
of this dataset.

A WorldView-2 image of the second site, captured on 
August 31, 2011, over this region, was used for the tree 
species identification study (Fig. A1 in the Appendix). 
The band configuration and wavelength ranges of each 
band in this image are identical to those of WorldView-3. 
However, the spatial resolution of the panchromatic 
band in this image is 0.5  m, whereas the spatial 
resolution of the 8-band multispectral image is 2.0  m. 
The imagery spans latitudes 40 4̊8′11.81″-40 4̊8'47.62″N 
and longitudes 111 4̊0′55.57″-111 4̊2′32.16″E, covering a 
total area of 2.45 km2 [18, 19, 34].

Prior to use, both datasets underwent rigorous 
preprocessing steps, including calibration, image fusion, 
and atmospheric correction. In addition, the imagery 
used for tree species identification in this study also 
includes mask files created from the WorldView-3 and 
WorldView-2 datasets. The generation of these mask 
files has been detailed in previous studies [17-19, 33]. 

Tree Species Sample Data

For both the first and the second regions in this study, 
seven tree species samples were collected. Detailed 

Fig. 1. WorldView-3 imagery of Wangcheng Park, where T1 to T7 represent seven tree species, and their samples, along with grass, have 
been labeled on the image.
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information, including the scientific names and the 
number of pixels for the training and validation samples, 
is presented in Table 2 and Table A1 (in the Appendix). 
The detailed procedures and methods for investigating 
tree species can be found in previous studies [18, 19, 33, 
35].

Methodology

Median Filtering of Remote Sensing Data

Median filtering is a nonlinear digital filtering 
technique that effectively suppresses noise (such as 
salt-and-pepper noise) by replacing the central pixel 
value with the median of its neighboring pixels, while 
relatively effectively preserving image edges and fine 
details. The computational procedure is shown in 
Equation (1).

	 ( ) ( ){ }jiIyxI
yxji

,median,
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Ω∈

= 	 (1)

where I is the original input image (or spectral data); 
Ifiltered is the output after median filtering; (x, y) are the 
coordinates of the pixel being processed; Ω(x, y) is the 
local window centered at (x, y); and median denotes the 
median operator, which sorts all pixel values within Ω 
and selects the middle value.

In this study, ENVI 5.4 software was used to 
perform median filtering on the WorldView-3 and 
WorldView-2 imagery. During the filtering process, the 
filter window size was set following a sequence of 3, 
5, ..., 2N+1, 2(N+1)+1, where N represents the number 
of filtering iterations, determined when the overall 
classification accuracy reached an optimal level. After 
each filtering operation, tree species classification was 
performed immediately using the filtered image. By 
analyzing changes in overall accuracy, we determined 
whether further filtering with a larger window size was 
necessary.

Image Classification

The input data for tree species identification 
included the original WorldView-3 and WorldView-2 
imagery, their filtered images, and the filtered images 

Band number Band setting Spatial resolution (m) Wavelength range (μm) Central wavelength

1 Coastal blue

1.24

0.40-0.45 0.425

2 Blue 0.45-0.51 0.480

3 Green 0.51-0.58 0.545

4 Yellow 0.59-0.63 0.605

5 Red 0.63-0.69 0.660

6 Red edge 0.71-0.75 0.725

7 Near-infrared 1 0.77-0.90 0.833

8 Near-infrared 2 0.86-1.04 0.950

9 Panchromatic 0.3 0.45-0.80 –

Table 1. Band configuration and spatial resolution details of WorldView-3 imagery. 

Tree species number Scientific names Training samples Validation samples

T1 Ginkgo biloba L. 256 1235

T2 Platanus orientalis 261 1285

T3 Platycladus orientalis (L.) 265 1236

T4 Cedrus deodara 260 1248

T5 Paeonia suffruticosa 263 1234

T6 Ligustrum compactum 274 1267

T7 Salix babylonica 268 1271

Grass — 271 1269

Table 2. Scientific names of the tree species to be classified and the numbers of training and validation samples used in the classifications 
in Luoyang. 
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combined with the original spectral bands. The filtered 
images and the original spectral bands each consisted 
of eight layers, forming low-dimensional datasets. In 
contrast, the datasets combining filtered images and 
spectral bands consisted of 16 layers, forming medium-
dimensional feature sets. Considering the characteristics 
of the datasets and the need for timely classification 
results, RF ‒ known for its strong performance on both 
low- and high-dimensional data ‒ and XGBoost ‒ which 
also performs well across different feature dimensions 
‒ were selected to classify each image set. For each 
feature set, ten repeated classifications were conducted, 
and the mean and standard deviation of the overall 
accuracy were calculated to ensure the reliability of the 
experimental results. RF and XGBoost classifications 
were executed using EnMAP-Box [36] and Python-
based code, respectively.

Result Evaluation

As the size of the filter window increased, the 
overall accuracy was used to assess its impact on tree 
species identification. After obtaining the optimal tree 
species identification results from both the median-
filtered bands and the combined dataset (original 
bands combined with filtered bands), we compared 
these results with those derived from the original 

WorldView-3 and WorldView-2 bands to determine 
whether median filtering effectively improves tree 
species identification accuracy. A comparative analysis 
of the tree species identification results from the 
median-filtered WorldView-3 and WorldView-2 images 
in different regions was conducted to cross-validate the 
enhancement effect of median filtering on tree species 
identification. Based on the optimal and representative 
confusion matrices obtained from the classification 
results, the extent to which median filtering enhanced 
the accuracy of identifying each tree species was 
analyzed.

Results 

Appropriate Filtering Kernel Size

The change in overall accuracy (mean ± standard 
deviation) of tree species classification with increasing 
median filter kernel size is shown in Fig. 2.

As shown in Fig. 2, the overall accuracy of tree 
species recognition using RF increased as the filter 
kernel size increased, regardless of whether WorldView-3 
or WorldView-2 imagery was used. Using RF, the 
overall accuracy of tree species recognition reached its 
maximum value (68.95±0.68% for WorldView-3 and 

Fig. 2. Relationship between overall accuracy change and median filtering kernel size.

Remote sensing sensor WorldView-3 WorldView-2

Classifiers RF XGBoost RF XGBoost

Data type OA % OA % OA % OA %

SBs 61.64±0.35 61.68±0.22 77.15±0.24 77.13±0.15

Med(SBs) 68.95±0.68 63.03±0.30 82.04±0.30 83.34±0.23

SBs + Med(SBs) 68.28±0.94 64.22±0.59 83.19±0.29 85.00±0.09

Table 3. Overall accuracy achieved in tree species classification using eight spectral bands (SBs), median-filtered SBs (Med(SBs)), and 
SBs + Med(SBs) from WorldView-3 and WorldView-2 imagery.
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Type T1 T2 T3 T4 T5 T6 T7 Grass Total User accuracy%

T1 1124 164 0 61 0 0 0 0 1349 83.32

T2 19 833 0 8 0 0 0 0 860 96.86

T3 22 0 583 215 64 0 136 0 1020 57.16

T4 0 0 565 550 37 0 56 0 1208 45.53

T5 27 0 54 50 1105 0 2 0 1238 89.26

T6 0 33 17 2 0 1026 156 405 1639 62.60

T7 15 186 17 356 28 127 893 73 1695 52.68

Grass 28 69 0 6 0 114 28 791 1036 76.35

Total 1235 1285 1236 1248 1234 1267 1271 1269 10045

Producer accuracy% 91.01 64.82 47.17 44.07 89.55 80.98 70.26 62.33

Note: ​OA = 6905/10045 = 68.74 %; KC = 0.6428.

Table 4. Confusion matrix of tree species classification using WorldView-3 eight SBs combined with their median filtering features.

Fig. 3. Spider web graphs of producer and user accuracies in tree species identification obtained from the typical datasets. a) Producer 
accuracies of WorldView-3; b) user accuracies of WorldView-3; c) producer accuracies of WorldView-2; d) user accuracies of 
WorldView-2.

a) b)

c) d)
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82.04±0.30% for WorldView-2) at relatively small kernel 
sizes (13 for WorldView-3 and 11 for WorldView-2). 

Typical Feature Sets for Tree Species Classification

Table 3 lists the overall accuracy obtained from the 
typical feature sets of WorldView-3 and WorldView-2 
for tree species identification, illustrating the overall 
improvement achieved through median filtering.

From Table 3, it can be seen that compared 
with the original 8-band data, the median-filtered 
8-band imagery (using the optimal filtering window) 
significantly improves tree species recognition accuracy 
in both WorldView-3 and WorldView-2 datasets. The 
improvement in WorldView-3 is approximately 7%, 
while that in WorldView-2 is around 6%. Compared 
with the filtered feature sets alone, combining the 
filtered features with the original spectral bands further 
improves the accuracy of tree species identification. In 
WorldView-3, RF shows no significant improvement, 
whereas XGBoost shows a slight improvement; in 
WorldView-2, both RF and XGBoost exhibit significant 
improvements. The improvement in WorldView-2 was 
greater than that observed in WorldView-3.

Optimal Classification Result

The combination of WorldView-3 and WorldView-2 
filtering features with their original spectral bands 
yields good results for tree species identification. The 
confusion matrices for one of the ten classification runs 
for WorldView-3 and WorldView-2 are shown in Table 4 
and Table A2.

As can be seen from Table 4, except for the relatively 
poor identification performance of some tree species 

such as T3, T4, and T7, the producer and user accuracies 
for the remaining tree species based on the optimal 
median-filtered features combined with the original 
spectral bands in WorldView-3 both exceeded 62%. 
Except for tree species T2, T6, and T7, the differences 
between producer and user accuracies for the remaining 
tree species were relatively small. The overall 
identification performance of the seven tree species and 
grass was not satisfactory.

For WorldView-2 (Table A2), the producer and user 
accuracies of the seven tree species both exceeded 69%. 
The producer and user accuracies achieved for the 
same tree species during the identification process were 
not significantly different, indicating that an overall 
satisfactory identification performance was achieved.

Individual Tree Species Identification Effect

The spider web diagrams of producer and user 
accuracies obtained from tree species identification 
based on WorldView-3 and WorldView-2 median-filtered 
features combined with the original eight spectral 
bands, as well as the original eight spectral bands alone, 
are shown in Fig. 3.

From Fig. 3, it can be seen that in WorldView-3, 
compared with the SBs feature set, the combined feature 
set improved the recognition performance for T1, T2, T5, 
T7, and grass; however, the recognition performance for 
T3, T4, and T6 slightly deteriorated (producer accuracy). 
In terms of user accuracy, the combined feature set 
improved the recognition performance for T1, T2, T3, 
T6, and grass, while the performance for T4, T5, and T7 
became slightly worse.

In WorldView-2, the identification performance for 
T1, T2, T3, T4, T6, and T7 using the combined feature 

Fig. 4. Tree species classification map of WorldView-3 in Luoyang.
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set improved compared with the SBs feature set, while 
the performance for T5 became slightly worse (producer 
accuracy). Regarding user accuracy, the combined 
feature set improved the identification performance for 
T1, T2, T3, T4, T5, and T7, whereas the performance for 
T6 became slightly worse.

Using the median-filtered features combined with 
the original eight spectral bands of WorldView-3 and 
WorldView-2 for tree species classification, the best 
results were achieved in this study. The overall mapping 
results of tree species identification are shown in Fig. 4 
and Fig. A2, respectively.

From Fig. 4 and Fig. A2, it can be seen that 
applying the median-filtered features combined with 
the original spectral bands resulted in more compact 
and homogeneous patches in tree species classification, 
which were more consistent with the actual distribution 
compared with the classification results based solely 
on the original spectral bands of the WorldView-3 and 
WorldView-2 data (which showed greater heterogeneity). 
The recognition performance for the various tree species 
was greatly improved.

Discussion

In tree species identification, the selection of the 
kernel size for median filtering has a crucial impact 
on classification accuracy. The results show that as the 
filtering kernel size increases, the overall accuracy of 
tree species recognition based on both WorldView-3 
and WorldView-2 data first increases and then decreases 
(Fig. 2). This phenomenon indicates that an appropriate 
filtering kernel size can effectively remove noise and 
local detail interference, thereby enhancing image 
separability and improving classification accuracy. This 
shares similar characteristics with the observation that 
textural features extracted at an optimal window scale 
can effectively facilitate tree species identification [37]. 
The optimal filtering kernel sizes for WorldView-3 
and WorldView-2 images also differ in tree species 
classification (Fig. 2). This difference may be related 
to factors such as image resolution, imaging season, 
and tree species distribution, all of which have been 
identified as critical determinants of classification 
performance in comparable remote sensing applications 
[38]. Therefore, in practical applications, an appropriate 
filtering kernel size should be selected based on specific 
data characteristics and classification requirements.

Median filtering plays an important role in 
improving the accuracy of tree species recognition. 
Its significant enhancement effect lies in its ability to 
effectively remove noise and outliers while preserving 
edge and texture information [31]. By applying median 
filtering, noise in the images is effectively reduced, 
making spectral differences between tree species more 
prominent and thereby improving recognition accuracy. 
In this study, both WorldView-3 and WorldView-2 
images achieved higher tree species recognition 

accuracy after median filtering (Fig. 2, Table 3). This 
improvement is reflected not only in overall accuracy but 
also in the recognition performance of individual tree 
species (Fig. 3). Specifically, for tree species with similar 
spectral characteristics that are difficult to distinguish, 
median filtering enhances image contrast, making these 
species easier to identify during classification (Figs. 
3, 4, and A1). Additionally, median filtering can also 
improve the spatial structural information of images, 
making homogeneous pixel clusters more continuous 
and complete, similar to the effect of mean texture 
filtering [39]. As with morphology-based filtering 
approaches [40], this is crucial for the utilization 
of spatial information in tree species recognition, 
contributing to improved classification accuracy. As 
such, median filtering serves as an effective image 
processing technique with significant application value 
in tree species recognition.

The integration of median filtering features with 
original spectral bands can enhance the accuracy of tree 
species identification (Table 3). The median filtering 
process effectively suppresses noise and outliers in 
the imagery, forming robust features for tree species 
recognition [32]. Meanwhile, the original spectral bands 
fully preserve the inherent reflectance characteristics 
of ground objects, which contain subtle physio-
biochemical differences among tree species ‒ such as 
chlorophyll content and cellular structure ‒ that directly 
determine spectral signatures [31]. By combining the 
noise-resistant features derived from median filtering 
with the high-fidelity information from the original 
bands, this approach leverages both the improved data 
quality from noise suppression and the retention of 
critical information for species discrimination, creating 
a synergistic “denoising-and-fidelity-preserving” 
effect [41]. This multi-dimensional feature fusion 
strategy not only strengthens the model’s resilience to 
complex environmental disturbances (e.g., illumination 
variations and atmospheric effects) but also expands the 
separability of the feature space through complementary 
feature representations. This is analogous to the well-
established observation that fusing textural features 
with spectral features can substantially facilitate tree 
species identification [42]. Ultimately, this integration 
enables the classifier to more accurately capture spectral 
distinctions among different tree species, leading to a 
substantial improvement in recognition accuracy.

In tree species recognition, significant differences in 
recognition performance are observed among different 
tree species. These differences are not only related to 
the spectral characteristics and texture structures of 
the tree species themselves but are also influenced by 
multiple factors such as classifier performance, image 
quality, and environmental conditions [35]. Firstly, the 
spectral characteristics of tree species are key factors 
affecting recognition performance [12]. Different tree 
species exhibit variations in their spectral responses, 
which determine their distinguishability on remote 
sensing images. Some tree species have unique 



Optimizing Tree Species Classification by... 9

spectral features that are easily identified by classifiers, 
whereas others with similar spectral features are prone 
to misclassification (Table 3). Secondly, classifier 
performance also affects the recognition performance 
of individual tree species [3]. Different classifiers may 
show different advantages and disadvantages in handling 
different tree species. For instance, the random forest 
classifier excels in handling multi-class classification 
problems but may struggle with distinguishing certain 
tree species with similar spectral features (Table 3). 
Thirdly, factors such as image resolution and noise level 
affect the representation of tree species in the imagery, 
further influencing recognition accuracy (Fig. 2, Table 
3). Additionally, environmental factors such as lighting 
conditions and seasonal changes can also impact 
the spectral characteristics of tree species, thereby 
affecting the recognition performance [21]. It is evident 
that improving the recognition accuracy of individual 
tree species requires comprehensive consideration of 
multiple factors, including spectral characteristics, 
classifier performance, image quality, and environmental 
conditions [43].

The results of this study have important implications 
for the application of remote sensing technology in tree 
species recognition. Firstly, by exploring the influence 
of filter kernel size on the accuracy of tree species 
recognition, this study provides essential information 
for selecting appropriate filtering parameters in practical 
applications. Secondly, the median filtering technique 
has been shown to effectively improve the accuracy of 
tree species recognition. This has important application 
value in areas such as forest monitoring and ecological 
assessment that rely on tree species recognition. This 
study provides the following two recommendations 
for future tree species recognition research: 1) It is 
necessary to select an appropriate filter kernel size 
based on specific data characteristics and classification 
requirements to optimize image quality and improve 
recognition accuracy; 2) It is advisable to consider using 
multiple classifiers to improve overall classification 
performance, as different classifiers may have different 
strengths and weaknesses in identifying various tree 
species.

Conclusions

This study investigated the impact of image median 
filtering on tree species recognition using WorldView-3 
and WorldView-2 imagery. The experimental results 
showed that median filtering significantly enhanced the 
accuracy of tree species recognition. Specifically, the 
following observations were made: 1) As the filtering 
kernel size increased, the overall accuracy of tree 
species recognition using the RF algorithm increased, 
although the optimal kernel size varied depending on the 
image type; 2) On both WorldView-3 and WorldView-2 
imagery, the accuracy of tree species recognition after 
median filtering with appropriate kernel sizes was higher 

than that obtained using the original spectral bands; 3) 
For tree species recognition, combining median filtering 
features with the original spectral bands significantly 
improved classification accuracy compared with using 
spectral bands alone, regardless of whether the RF or 
XGBoost algorithm was used.

While this study made meaningful discoveries, 
the exploration was limited to WorldView-3 and 
WorldView-2 imagery. In future research, other datasets 
such as hyperspectral imagery could be used to further 
explore the positive impact of median filtering combined 
with additional image processing techniques on tree 
species recognition.
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Appendix

Fig. A1. WorldView-2 image of the study area (true color, with the RGB channels loaded with the bands 5, 3, and 2, respectively). The 
spatial distribution of seven tree species (T1-T7 represent the seven tree species) is indicated by different colors in the imagery.
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Tree species number Scientific name Training samples Validation samples

T1 Salix babylonica 1107 1229

T2 Sophora japonica 1047 1246

T3 Populus alba var. Pyramidalis 1066 1250

T4 Pinus tabulaeformis 1064 1218

T5 Picea meyeri 614 968

T6 Sabina chinensis 1019 1016

T7 Juniperus rigida 1047 1149

Table A1. Scientific names and the number of pixels for the training and validation samples of the classified tree species in Hohhot. 

Type T1 T2 T3 T4 T5 T6 T7 Total User accuracy%

T1 670 9 29 30 18 2 86 844 79.38

T2 1 1080 0 120 0 8 3 1212 89.11

T3 1 0 927 0 0 5 7 940 98.62

T4 1 74 0 1065 24 3 0 1167 91.26

T5 100 0 0 9 1035 7 9 1160 89.22

T6 24 18 169 21 49 1179 7 1467 80.37

T7 171 48 24 1 124 14 904 1286 70.30

Total 968 1229 1149 1246 1250 1218 1016 8076

Producer accuracy% 69.21 87.88 80.68 85.47 82.80 96.80 88.98

Note: ​OA = 6819/8076 = 84.94%; KC = 0.8241.

Table A2. Confusion matrix of tree species classification using the eight WorldView-2 SBs combined with their median filtering features.

Fig. A2. Tree species classification map derived from WorldView-2 imagery in Hohhot.


