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Abstract: Urban tree canopy (UTC) area is an important index for evaluating the urban ecological
environment; the very high resolution (VHR) images are essential for improving urban tree canopy
survey efficiency. However, the traditional image classification methods often show low robustness
when extracting complex objects from VHR images, with insufficient feature learning, object edge
blur and noise. Our objective was to develop a repeatable method—superpixel-enhanced deep neural
forests (SDNF)—to detect the UTC distribution from VHR images. Eight data expansion methods
was used to construct the UTC training sample sets, four sample size gradients were set to test the
optimal sample size selection of SDNF method, and the best training times with the shortest model
convergence and time-consumption was selected. The accuracy performance of SDNF was tested by
three indexes: F1 score (F1), intersection over union (IoU) and overall accuracy (OA). To compare the
detection accuracy of SDNF, the random forest (RF) was used to conduct a control experiment with
synchronization. Compared with the RF model, SDNF always performed better in OA under the
same training sample size. SDNF had more epoch times than RF, converged at the 200 and 160 epoch,
respectively. When SDNF and RF are kept in a convergence state, the training accuracy is 95.16% and
83.16%, and the verification accuracy is 94.87% and 87.73%, respectively. The OA of SDNF improved
10.00%, reaching 89.00% compared with the RF model. This study proves the effectiveness of SDNF
in UTC detection based on VHR images. It can provide a more accurate solution for UTC detection in
urban environmental monitoring, urban forest resource survey, and national forest city assessment.

Keywords: VHR; urban tree canopy; superpixel-enhanced deep neural forest; remote sensing

1. Introduction

Urban forest is an important material basis for urban economic development and can
assure the physical and mental health of urban residents [1]. Canopy cover in urban regions
is one of the most important indicators for monitoring planning and evaluating urban
forests [2]. In 2007, China issued The National Forest City Assessment Indicators [3], it set
tree canopy cover as an important indicator for evaluating the forest city. Urban tree canopy
(UTC) is generally estimated as the area covered by tree leaf layers, branches and trunks
when viewed vertically above the trees [4]. UTC is the most relevant stability optimization
factor with the urban forest health assessment [5]. In this study, the term “UTC” refers to
all trees in the urban region, including individual street trees and clusters of park trees,
while peri-urban woods extend to the outskirts of the metropolitan area. City parks include
urban forests larger than 0.5 ha, pocket parks and gardens with trees, trees on streets or in
public squares, any other green areas with trees, and riparian corridors and roofs [1].

In recent years, the analysis of very high resolution (VHR) images has proven very
useful for extracting UTC [2–7]. With the unique spatial location (streetside, roadside,
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waterside, and building-side) [8], there have been great challenges for the segmentation of
the accurate and consistent boundary based on VHR image classification [9]. The traditional
remote sensing classification methods for medium- and low-resolution images are not
suitable for VHR images, which contain abundant texture information [10]. Superpixel
clusters image regions through grouping pixels; comparing the pixel, it provides image
data in a more natural representation [11–13]. Learning-based superpixel segmentation
method can effectively alleviate edge blur and classification noise [14–16].

Traditional machine learning methods heavily depend on the feature extraction pro-
cess, such as Markov random fields (MRFs), random forest (RF) and conditional random
fields (CRFs) [13]. However, deep convolutional neural networks (DCNNs) have better per-
formance in image classification and learning feature representation simultaneously [17,18].
Although the powerful representation capability of DCNNs has promoted the development
of image semantic segmentation, there are still many challenges: (1) The complexity of
the surface feature spectrum, the features of high intraclass variance and low interclass
variance are widely distributed, which easily confused in VHR images. DCNNs still exhibit
a significant imbalance between the training of classifiers and representations for VHR
images [19,20]. Simple categorization criteria are still insufficient to differentiate between
ground objects. For instance, trees and submerged vegetation are frequently confused by
spectral similarity [21–24]. (2) Ground objects in VHR images have strong requirements for
consistency and boundary accuracy [25]. DCNNs have made remarkable achievements in
semantic segmentation. Expanding the receptive field also increases edge blur and noise,
since it employs a broad receptive field to obtain context information for classification [26].
In order to address these two challenges, we introduced a new VHR image classification
framework—superpixel-enhanced deep neural forests (SDNF) [13].

The purpose of this study is to improve SDNF semantic segmentation based on Gaofen
2 (GF-2) VHR images, end-to-end integration of deep neural network and decision tree,
and add a superpixel-enhanced region module (SRM) to conduct the framework increase
the consistency and boundary precision for objects and to improve the sparse and small
object detection ability for VHR images.

2. Materials and Methods
2.1. Study Area

The study area is Hui’an county, which is located on the southeast coast of Fujian
province (Figure 1A,B), between Quanzhou Bay and Meizhou Bay. The total area of the
study area is 793.04 km2 (Figure 1C,D). The climate of Hui’an has four basic characteristics:
high temperature, rich light and heat, abundant precipitation and monsoon climate. The
precipitation is mainly concentrated in spring and summer, annual average precipitation
approximately 1000.00 mm.
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Figure 1. Study area: (A) the location of study area in Fujian province; (B) the GF-2 images of study
area; (C) the distribution of urban areas of study area; (D) the images after superpixel-enhancement.

2.2. Materials
2.2.1. Data Source

In order to accurately detect the distribution of tree crowns in the urban area, seven
VHR Gaofen-2 (GF-2) images with no cloud coverage were collected in 2021. GF-2 in-
cludes two PMS sensors that can obtain multispectral image with four bands, the spectral
range is 0.45–0.89 µm and the spatial resolution is 4 m. In addition, PMS sensor can also
obtain panchromatic images with higher spatial resolution, for which spectral range is
0.45~0.89 µm with one band, and the spatial resolution is 1 m. See Table 1 for details. The
auxiliary data include digital elevation model (DEM) data of 30 m, the forest resource
planning and design survey data at the study area in 2020 (FRPDSD2020) and a Google
Earth visual selection of 40,000 images of sample data.



Remote Sens. 2023, 15, 519 4 of 17

Table 1. GF-2 image band information.

ID Acquisition Date Center Longitude
and Latitude Scene Identifier Senor

Spatial Resolution
(Multispectral and

Panchromatic)

1 2021/11/25 E118.7_N25.1 9600277 PMS 1 4 m and 1 m
2 2021/11/25 E118.6_N24.9 9600278 PMS 1 4 m and 1 m
3 2021/11/30 E119.1_N25.1 9617729 PMS 1 4 m and 1 m
4 2021/11/30 E119.1_N24.9 9617730 PMS 1 4 m and 1 m
5 2021/11/30 E119.0_N24.8 9617731 PMS 1 4 m and 1 m
6 2021/11/25 E118.9_N25.1 9600565 PMS 2 4 m and 1 m
7 2021/11/25 E118.8_N24.9 9600566 PMS 2 4 m and 1 m

2.2.2. Data Preprocessing

(1) The GF-2 absolute radiometric calibration coefficient provided by China Centre for
Resources Satellite Data and Application (http://www.cresda.com/CN/ (accessed on 17
November 2021) to perform radiometric calibration calibrated panchromatic data as surface
reflectance (SR). (2) The FLAASH module was used to calibrate the atmospheric correction
on SR images. (3) The DEM and FRPDSD2020 were used to process orthorectification
and geo-spatial registration for GF-2 images, registration error < 1 pixel. (4) Fused the
corrected multispectral and panchromatic images. (5) Clipped the fused images and used
the study area boundary to obtain the region of interest (ROI). The above operations
were implemented in ENVI 5.3 and ArcGIS 10.2. Finally, the ROI images with 1m spatial
resolution and four multispectral bands, and the root mean square error is 0.039 m. The
image size of the study area was 34,620 rows and 41,948 columns, with a total area of
793.04 km2, as shown in Figure 1C.

2.3. Method

In this study, based on the GF-2 VHR images, the SDNF framework was used [13]
to solve the problems in UTC extraction where detection difficulty and boundary blur
always occur.

2.3.1. SDNF

SDNF combined the advantages of DCNNs and tree-based model in encoder-decoder
framework, to enhance decision tree (DT) and deep neural forest (DNF) image classification
ability. There are two main parts: DNF and SRM. In order to improve the classification
ability of DCNNs, the encoder was based on atrous spatial pyramid pooling (ASPP) and
the residual neural network 101 (ResNet101), and closely combined with deep neural forest
(DNF). The image features encoded in ResNet101’s first four modules were delivered to
the ASPP. As the following part, we focused on the interpretation of ASPP to represent
different proportions of local and global data at various scales. Then the differentiable
forest decision nodes were predicted through random paths using the fully differentiable
forest as the decoder. In the SRM module, a learning-based superpixel segmentation task
was introduced to emphasize the homogeneity inner the superpixel and the heterogeneity
between superpixels to reduce classification noise and edge blur. Superpixel constraints
were added in an end-to-end manner with designing superpixel enhanced segmentation
loss. The SDNF framework is shown in Figure 2.

http://www.cresda.com/CN/
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Figure 2. The structure of SDNF model.

(1) Deep neural forest (DNF). Based on ASPP, the feature representation of image
classification considered more context information from the image scenario. However, if
the number of convolution kernels was increased, the repeated combination of maximum
pool and step size would lead to the number of parameters increased while the size of
feature mapping would decrease. The former made network training more difficult, while
the latter made difficult application of the decoder for upsampling. Atrous-Conv can avoid
these problems (Figure 3). For each location (i, j) on mapping of input feature xconv and the
filter “f”, the formulation of atrous convolution be expressed as following:

yconv[i , j] ≡∑|K|
k=1 xconv[i + rk , j + rk] f[k , k], (1)

where K was the kernel size of filter f, yconv was the output convolution result and r was
the corresponding atrous rate.

In Figure 4, when rate = 6, the receptive field of the Atrous Conv convolution nucleus
was 23× 23; when rate = 12, the receptive field of Atrous Conv was 47× 47; when rate = 18,
the receptive field of Atrous Conv was 71 × 71; when rate = 24, the receptive field of Atrous
Conv was 99 × 99, respectively.
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Figure 4. The structure of ASPP.

A differentiable forest was introduced as a decoder to conduct the representation
learning of the DCNN. The decision tree was a tree-structured classifier consisting of
split nodes and leaf nodes. The differentiable forest can be implemented to the overall
framework of DCNNs through stochastic routing, which was different from traditional
decision forest with deterministic routing rules. Decision nodes indexed byN were internal
nodes of the tree, while prediction nodes indexed by L were the final nodes of the tree.
Each prediction node l ∈ L held a probability distribution πl over y. Each decision node
n ∈ N was instead assigned a decision function dn( ; Θ) : x → [0, 1] parametrized by
Θ, which was responsible for routing samples along the tree. When a sample x ∈ X
reached a decision node n it was sent to the left or right subtree based on the output
of dn( ; Θ). In standard decision forests, dn was binary and the routing is deterministic.
Rather, in this paper, we consider a probabilistic route. Once a sample ends in a leaf node
l, the related tree prediction is provided by the class label distribution πl . In the case of
stochastic routings, the leaf predictions are averaged by the probability of reaching the
leaf [27]. The final prediction for sample x from tree T with decision nodes parametrized
by Θ as the following:

PT(y|x, Θ, π) = ∑l ∈ L πlyµl(x |Θ ), (2)

where µl(x |Θ ) is regarded as the routing function providing the probability that sample x
will reach leaf l. ∑

l
µl(x |Θ ) = 1 for all x ∈ X , π = (πl)l∈L and πly denotes the probability

of a sample reaching leaf l to take on y.
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(2) Superpixel-based region module (SRM). A superpixel is a small area composed
of adjacent pixels with similar color, brightness, texture and other features. Most of
these regions have effective information for image segmentation and have generally not
destroyed the boundary information of objects in the image. A superpixel is the abstraction
of basic information elements, dividing a pixel level image into a district level image.
To enhance the target boundary and ensure the regional continuity, SDNF introduced
superpixel segmentation as an auxiliary module. The block 2 mapping features of residual
network (ResNet) was sent to a various of convolution layers to activate was rectified linear
unit (ReLU) and batch normalization (BN). The maximum pool’s window size was set to 2,
which was used to expand the receptive field after secondary convolution. The convolution
filter output channel was set to 64, and the convolutional neural network (CNN) output
channel was set to m. Concatenation was conducted on the original image, the input of
ResNet block 2, and two pooled features in XYLab. The outcome after combining XYLab
channels was m+5 dimensional pixel features, m+5 dimensional feature was transferred
to two modules of simple linear iterative cluster (SLIC) [28], which have updated the
correlation between the v iteration pixel and the super pixel center. The complexity of SLIC
was linear in the number of pixels in the image O (N), while the conventional k-means
algorithm was O (kNI), where I was the number of iterations. This provided a search space
for each cluster center in the allocation step. Figure 5A shows that in the conventional
k-means algorithm, the distance from each cluster center to each pixel in the image was
calculated. Figure 5B shows that SLIC only calculates data from each cluster center to
2S × Distance of pixels in 2S area. The expected superpixel size here was only S × S,
represented by a smaller square. This method not only reduces the distance calculation,
but also makes the complexity of SLIC independent of the number of superpixels.
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For pixel (P) and super pixel (SP) in iteration t, the correlation between pixel and
superpixel can be expressed as following:

Qt
(p,sp)= e−‖Ip−Ct−1

sp ‖, (3)

where I represented feature mapping from convolution layer, super pixel center Ct
i was mod-

ified to the weighted sum of pixel characteristics: Ct
i =

1
Mt

i
∑n

p=1 Qt
pi Ip and Mt

i = ∑p Qt
pi

were a general term.

2.3.2. Expand Training Samples

Remote sensing images provide a wealth of spectral information that is simple to
operate, such as color transformation, band combination and band computation. Due to
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the limitation of time and space in the study area, in order to obtain enough sample data
to train the depth network model, this study expanded the sample on the basis of the
original image data. For model training, the image of the whole experimental area was
cut into 256 × 256 pixel blocks, the number of pixel blocks at the entire study area was
14,077 blocks, and eight-image transformation processing was designed on each block. The
transformation results are shown in Figure 6, where Figure 6A is the original image of RGB
band combination B1, B2, B3; Figure 6B is the original image of B1, B2 and B3 after high
contrast retention processing; Figure 6C is the maximum processed image of the original
image based on RGB band combination B1, B2, B3; Figure 6D is the minimum processed
image of the original image based on RGB band combination B1, B2, B3; Figure 6E is the
uniform color processed image of the original image based on RGB band combination B1,
B2, B3; Figure 6F is the processed image with Gaussian noise added to the original image
based on RGB band combination B1, B2, B3; Figure 6G is RGB band combination B3, B2,
B1—false color image; Figure 6H is the RGB band combination B3, B4, B2—false color
image; Figure 6I is the RGB band combination B4, B3, B2—false color image. To evaluate
the effect of sample size on the model, using random sampling, 5000, 10,000, 20,000 and
40,000 different gradient sample size gradients were set, respectively, in which 2/3 of the
samples in each gradient were used for training the model and 1/3 of the samples were
used for model accuracy verification.
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2.3.3. Model Parameter Setting and Training

After expanding samples, L2 regularization was used, the single input sample size of
the training model was 64. The initial learning rate of Adam Optimizer was set a 0.000001.
In the BN layer, ε was set as 0.000001, and attenuation was set as 0.9997. In ASPP, the
multi-grids were set as [2,4,8], the atrous rate was [1,6,12,18], and the output step size was
16. For DNF module, the number of trees was set as 3 and the depth of trees was 9. For
the SRM module, the superpixel value was set as 64 and the number of iterations was 10.
The memory of graphics processing unit (GPU) was 24 G, which was used to speed up the
training process. The details of parameters were shown in Figure 7.
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2.3.4. Comparison Method

In this study, VHR image semantic segmentation methods have three significant
characteristics: (1) The segmentation process in one stage: SDNF combined differentiable
forest and deep neural network in an end-to-end manner to improve model performance.
(2) Without post-processing. (3) Without other information. Therefore, RF classifier was
selected as the comparison method, which used the training samples in Section 2.2.2 to
extract UTC synchronously. RF classifier is the mainstream method of remote sensing image
supervised classification at present. Based on decision tree learner, which was constructed
with Bagging integration, introduced random attribute selection.

2.3.5. Accuracy Assessment

In order to evaluate the performance of SDNF in UTC extraction, three overall bench-
mark indicators were used, such as F1 score (F1), intersection over union (IoU) and overall
accuracy (OA). The formula of indicators are as follows:

F1= 2 × P × R
P + R

, P =
TP

TP + FP
, R =

TP
TP + FN

, (4)

IoU =
TP

TP + FP + FN
, (5)

OA =
TP + FN

N
, (6)

where TP, FP and FN are the number of true positives, false positives and false negatives,
respectively. P represents precision, R represents recall rate and N represents the total
number of pixels.
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3. Results
3.1. Sample Size

In order to evaluate the impact of the sample size on the SDNF model, four gradients:
5000, 10,000, 20,000 and 40,000 were input. The model fitting accuracy, classification
accuracy and running time of SNDF models were tested, respectively. The final classification
accuracy OA of the SNDF model and RF classifier are shown in Figure 8A. The performance
of SNDF and RF in training time Figure 8B. The performance of the SNDF model in F1,
IoU and OA are shown in Figure 8C. The overall results shown that when the sample size
was 5000, the overall classification of the two models was lower, and the stitching line of
the extracted results was obvious. With the increase in sample size, the accuracy of both
models improved, but the RF model trend of improvement was small. After the sample size
was increased eightfold, the accuracy had only increased by 0.13, compared with SNDF
model, which increased by 0.21. In terms of training time, with the increase of sample size,
the training time increased significantly. But in all four sample gradients, the RF model
took more time than the SNDF model. For the SNDF model, when 40,000 samples were
selected, the OA had reached a higher level, up to 0.89.
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3.2. Training Loss and Elapsed Time

In the SNDF, the loss function was used to assess the model training procedure, the
model convergence, and if the model was overfitted, it may also have reflected the error
between the target detection model’s final prediction result and the actual true value [29].
Figure 9 shows the change of the loss function in the model training process with different
epoch times. With the model training, the loss function started to converge gradually, and
after 160 training times, it was at the stable point of 0.14. Figure 10 shows the pictures of
pixel reconstruction with different training data. Line 1 to line 4 shows the low-resolution
image, after model-reconstructed images and the original images. When epoch = 30, 80,
160 and 220, with the increase in iteration times, the better the image restoration effect. The
image restored after the 80th epoch had reduced the impact of the noise block greatly, and
the images were more smooth and clear.

Regarding the operation environment of this study, the training time of SDNF was
longer than that of RF. On a single GPU, it took 2 h and 45 min to the test study area
based on RF, while the process of SDNF only took 1 h and 37 min. There was no significant
difference between the SDNF and the RF in the test time of each sample. RF took an average
of 0.012 s to predict the semantic segmentation results of samples, while SDNF took 0.014 s
at the same time.
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3.3. Superpixel Segmentation

In this study, the superpixel segmentation results did not involve the training and
testing process of the SDNF model. To present the effectiveness of the SRM module more vi-
sually, and better analyze the contribution of SLIC in this study, Figure 11 shows the compar-
ison of the superpixel segmentation results before and after simple noniterative clustering
(SNIC), SLIC and modified SLIC (MSLIC) were put into the SRM module. Figure 11A1,A2
show the segmentation results before and after SNIC, respectively; Figure 11B1,B2 show
the segmentation results before and after SLIC, respectively; Figure 11C1,C2 show the
segmentation results before and after MSLIC. The experimental results show that the seg-
mentation results of SLIC-based superpixel segmentation in the SRM module were more
accurate and suitable for VHR images, especially for the edge confusion areas of buildings
and their shadows.
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and (C1,C2) are the segmentation results before and after MSLIC.

3.4. Model Accuracy

The SDNF model was trained with the training sample, which was designed in
Section 2.2, and the accuracy of the trained model was verified with the verification
sample. After iterative training, the SDNF model converged when the epoch was 200, with
training accuracy of 95.16% and verification accuracy of 94.87%; the RF model converged
in the 160th epoch, with the training accuracy being 83.16% and verification accuracy
being 87.73%.

Compared with the training accuracy, (1) the SDNF model has three deeper network
layers, and the training accuracy improved significantly; (2) combining the semantic seg-
mentation with semantic information edge detection can improve the prediction accuracy
of object boundaries. The SDNF model enhanced object boundaries using superpixel
segmentation; (3) the SDNF model end-to-end self-cascade network, and the sequential
context aggregation from global to local improved the consistency of sample labels, the
strategy from coarse to thinning improved the accuracy of the labels. Compared with the
verification accuracy, the results show that the convergence effect of the SDNF model was
better when it was at deeper training depths.
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3.5. Classification Accuracy

As shown in Table 2, compared with RF model, the OA of SDNF improved significantly
from 0.79 to 0.89, achieving higher detection accuracy, particularly for low and sparse trees
(Figure 11). However, SDNF still made some error pixel in impervious surfaces and UTCs.
Figure 12 shows the classification results, where column A is the superpixel-enhanced
images; column B is the training sample images; column C is the classification result based
on SDNF; D is the classification result of RF. The results show that compared with RF, SDNF
improved its performance through end-to-end training, and combined the region loss
with superpixels enhanced into the whole framework, emphasized the effective of object
boundary zonation through edge detection. The performance of SDNF model varies with
specific objects, and the confusion of low trees, sparse trees and building shadows improved
significantly. For SNDF, the F1 improved 5%, IoU improved 12% and OA improved 10%.
The results (Figure 13) show that, through the representation learning of DCNN under the
guidance of differentiable forests (DF), the classification accuracy of easily confused objects
was improved. This indicates that the SDNF made significant progress in UTC extraction.

Table 2. Comparison of classification accuracy between SDNF and RF Model.

Model
Accuracy Assessment

F1 IoU OA

RF 0.78 0.80 0.79
SDNF 0.83 0.92 0.89
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Figure 13. Detailed display of classification results of SDNF methods. Red represents the canopy
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4. Discussion

According to data published by pertinent authorities, nearly 70% of the world’s
population will reside in urban settings by 2050 [30]. The rapid growth of the global urban
population drives the dynamic development of cities [31]; urban areas provide a home
to 10 billion trees [1], which will play an increasingly essential role in preserving livable
cities in the face of population and climatic pressures. Assessment methods are crucial
for preserving and enhancing the ecosystem services offered by urban forests as well as
determining the efficacy of policies intended to improve this important resource. Here, a
new VHR image semantic segmentation framework—SDNF—was introduced to improve
the sparse and small objects detection ability for VHR images.

In this study, satellite submicron VHR images were used to detect UTC. The traditional
methods for VHR image classification, representation learning and classifier training were
unbalanced, and the edge blur and noise problems of sparse and low objects were present
(Figure 14). The SDNF framework can be used in any urban area for UTC detection. The
framework is designed in two modules: DNF and SRM, which are responsible for pixel
loss and region loss, respectively. SDNF is emphasized for improving DCNNs classification
ability, combining DNF in the coding and decoding architecture, and reducing classification
edge blur and noise. The introduced SRM module is used for learning-based superpixel
segmentation tasks to dissolve the homogeneity within the superpixel and the heterogeneity
between superpixels. The SDNF method goes beyond the capability of traditional remote
sensing monitoring technology in UTC detection.

The availability and quality of training data are likely to be the most important
impediments to applying this method more generally. Here, the sample data were expanded
in the limited study region to produce a dense training dataset, which contains derived
metrics in a limited spatial range (i.e., not directly measured), provides direct but limited
observations of canopy structure throughout the study area. Other training data sources
include current government tree datasets and Google Street View [32]. When substituting
training data sets, the understanding of expected changes in model uncertainty and variance
should be attained [33].
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Figure 14. Detailed results of UTC coverage in the study area. (A) The center of city; (B) The suburban
region of the city; (C) Outermost region of the city.

Owing to the special location of urban forest distribution, unclear boundaries, and
ease of obfuscation by the shadows of buildings, the regions with high canopy density of
single tree segmentation in the process of target detection using the SDNF method cannot
be addressed. How to detect single tree target of urban forest through optimization model
or combining with other auxiliary data will be the content of the next step.

5. Conclusions

In this study, a method based on semantic segmentation object extraction—superpixel-
enhanced deep neural forest (SDNF)—was used to solve the representation learning and
classifier training unbalanced problem and the edge blur and noise of sparse and low
objects in VHR images, such as UTC. The SDNF model balanced the generalization ability
of the DCNNs model in classification and deep learning, introducing a completely differen-
tiable forest to control the learning ability of deep convolution layer. At the same time, a
superpixel-enhanced region module (SRM) was used to reduce the classification noise and
enhance the edge details of objects in VHR images. The experimental results show that the
training accuracy of the superpixel-enhanced deep neural forest (SDNF) was 95.16%, the
verification accuracy was 94.87%, and the OA of UTC extraction was 89.17%, evidencing
that SDNF reached a new level in UTC extraction. It has obvious advantages compared
with the existing unified detection methods using the RF model: it can quickly, accurately
and automatically detect the canopy cover in urban regions. Therefore, the SDNF method
will provide technical support for improving the location extraction, spatial distribution
planning and protection of canopy cover distribution in urban areas.
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