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Abstract: The age of a shelterbelt is not only an important parameter for determining the function
of a shelterbelt, it is also strongly related to the biomass and carbon flux of shelterbelt ecosystems.
Therefore, timely and accurate identifications of shelterbelt ages are key for shelterbelt monitoring
and management. This study developed a method for estimating shelterbelt age (i.e., years after
planting) from a time series of remote sensing images. Firstly, the shelterbelts were divided into
three states based on a single remote sensing image of each. Then, a three-stage growth process was
established by analysis. Finally, the shelterbelt ages were determined based on time series remote
sensing images over a two-year monitoring period in the study area. The actual shelterbelt ages
based on field measurements were used to analyze the accuracy of the results. The total number
of samples was 243. The results showed that the age identification accuracy was 68.7%. The main
factors affecting the identification accuracy were missing images, cloud cover, and the length of the
monitoring period. Despite some uncertainties, the proposed method may be used to obtain critical
data for shelterbelt management and conducting quick surveys of current shelterbelt conditions over
a large area.

Keywords: shelterbelt age; remote sensing; phase-directional management; biomass

1. Introduction

Windbreaks and shelterbelts are major components of successful agricultural systems
in wind-erosion-prone areas throughout the world. There is a long history of shelterbelts be-
ing used to protect homes, crops, and livestock against wind erosion and blowing snow [1].
Trees in shelterbelts are living, dynamic systems that require proper care and management
to provide proper protection [2]. Managing shelterbelts requires an understanding of their
health indicators. Shelterbelt age, one of the most important parameters, determines the
function of a shelterbelt. Therefore, a method to rapidly and accurately calculate the age of
a farmland shelterbelt is required to support their scientific management.

Currently, on-site estimation of tree age is based on tree rings [3,4] or the statistical
relationships of their structural parameters such as diameter and tree height [5–8]. However,
these on-site methods to determine shelterbelt age are time consuming and expensive and
cannot support rapid, large-scale monitoring. Tree height can be derived using remote
sensing methods, such as LiDAR technology [9–12]. Generally, the accuracy of tree-height
estimation using LiDAR technology has been high [13]. However, the LiDAR method
requires the acquisition and processing of large amounts of data. Moreover, it remains
difficult to guarantee accuracy as the height of trees can be related to other factors besides
age, such as differences in site conditions.

Previous research exploring rapid, large-scale methods for estimating tree age includes
a study by Dye et al. (2012) that predicted the age of Pinus patula stands using a statistical
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technique [14] and combinations of spectral and textural variables extracted from QuickBird
images. Chemura et al. (2015) determined the age of Oil palm plantations years after
planting by combining high-resolution multispectral remote sensing data and regression
techniques [15]. Cao et al. (2018) estimated the age of individual shrubs using a developed
model for shrub age estimation that considered shrub crown growth rates determined
using high spatial resolution remote sensing images [16]. These previous studies achieved
reasonable results using multispectral remote sensing images to identify tree age. However,
these methods were based on statistical models that relied on locally collected ground data
and may not be applicable for different areas.

Given the vast distribution and characteristics of the shelterbelts in China, there is an
urgent need to develop a general method to determine shelterbelt age that could be applied
over a large area. In the past 30 years, remote sensing has been widely used for information
extraction and the estimation of the protection provided by farmland shelterbelts [17–21].
However, little research has been conducted to estimate shelterbelt age using large-frame
satellite images. The advantages of remote sensing are reflected not only in their spatial
scale but also in their time series information. Parameters derived using remote sensing
techniques, especially time series analyses of the normalized difference vegetation index
(NDVI), have become increasingly important for obtaining information regarding changes
in vegetation cover [22,23]. Many studies have used NDVI-based time series analysis to
obtain the spatial distribution and temporal change in vegetation [24–29]. Time series
analysis, which can be used to determine both the temporal and the spatial variations of
vegetation coverage and to characterize the vegetation growth process, can also provide
a cognitive mechanism for understanding the growth rules of vegetation. Therefore, it
should be feasible to determine shelterbelt age based on time series analysis of remote
sensing imagery.

In China, the farmland shelterbelt system has been constructed on a large scale,
starting in the 1950s. Many of these older shelterbelts need repairs and renovations as
well as improvements. The shelterbelts may be different in terms of configuration and
structure; most shelterbelts were formed using a single tree species planted at the same
time. Theoretically, the growth process of a single-species uniform shelterbelt could be
established through NDVI-based time series analysis. A time series monitoring model
could be developed to estimate the age of farmland shelterbelts years after planting by
analyzing the growth process.

The objective of this research was to develop a method to estimate the age of farmland
shelterbelts based on time series remote sensing images. The shelterbelt ages determined
by this method could be used in the future to estimate shelterbelt management phases and
to support management decisions regarding existing shelterbelts that cover a large area.

2. Materials and Methods
2.1. Study Area

The study area was located in Songnen Plain in the midwestern Jilin Province in
north-eastern China (Figure 1). The climate in the area is a temperate, semi-humid, con-
tinental climate with annual precipitation of 660 mm and annual average temperature
of 5 ◦C. The study area represents typical areas included in the Three-North Shelterbelt
Program, a massive reforestation program with the objective to reduce the infestation of
sandstorms in northern China. This area is also one of the main grain-producing regions in
China and is known as one of the three most renowned corn belts in the world. Farmland
shelterbelt construction started in the 1950s and was well established in the study area;
the shelterbelt has been providing important protection against wind erosion to secure
the stable production of grain crops [30]. However, the construction of the shelterbelt was
undertaken by local people at different time periods, largely without consistent planning
based on scientific data. As such, the early shelterbelt forests offered only limited protec-
tion against wind erosion. Following the implementation of the Three-North Shelterbelt
Program in 1978, regional farmland shelterbelt construction underwent rapid development,



Remote Sens. 2022, 14, 1457 3 of 15

and now networks of farmland shelterbelts have dramatically reduced sandstorm severity
and frequency. Currently, the farmland shelterbelt established over the last 30 years is
undergoing a stage of renewal and improvement.
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Figure 1. Location of the study area.

2.2. Data Source
2.2.1. Selection of Remote Sensing Images

The canopy width of a typical farmland shelterbelt is approximately 20 m. Therefore,
for the accurate extraction of shelterbelt information, the spatial resolution of remote
sensing imagery should be ≤30 m. In addition, a continuous sequence of remote sensing
images was needed for our analysis as the farmland shelterbelts were established as early
as 1950. Images from the Landsat series (i.e., Landsat-5, Landsat-7, and Landsat-8) were
considered suitable for this study.

In multispectral images, shelterbelts and crops have similar spectral characteristics
during growing seasons with a closed crop canopy. However, between May and early to-
mid June, when the tree leaves have fully emerged and the crops have not yet fully grown,
the spectrum characteristics of shelterbelt trees can be differentiated from crop lands. This
time window was optimal for extracting shelterbelt information with multispectral satellite
images [20]. The Landsat images available between 1 May and 15 June each year since
1984 were acquired (Table 1). The data were obtained from the Institute of Remote Sensing
and Digital Earth, Chinese Academy of Sciences (Available online: http://eds.ceode.ac.cn
(accessed on 13 July 2021)) and the United States Geological Survey (Available online:
https://glovis.usgs.gov (accessed on 13 July 2021)). After reviewing the collection of
remote sensing imagery for the study area, a two-year interval was determined as the
monitoring period. Therefore, the following images in Table 1 were chosen to estimate the
shelterbelt age based on the time series method: 28 May 1985, 18 May 1987, 14 June 1991, 9
June 1995, 14 June 1997, 4 June 1999, 14 May 2003, 19 May 2005, 10 June 2007, 14 May 2009,
5 June 2011, 25 May 2013, 15 May 2015, 5 June 2017 and 28 May 2020. The clouds in the
images in 1995 and 2007 were heavy, so these images had to be interpolated. There were no
suitable remote sensing images available in 1989 and 1993, so these had to be predicted.
There were no suitable remote sensing images available in 2019 and 2021, so the image in
2019 was replaced by one from 2020.

http://eds.ceode.ac.cn
https://glovis.usgs.gov
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Table 1. The available data from Landsat image series in the study area.

Year Data Source Date (Month-Day) Cloud Cover (%)

1984 No available
1985 Landsat-5 28 May 0
1986 Landsat-5 31 May 8
1987 Landsat-5 18 May 0
1988 Landsat-5 20 May 3
1989 No available
1990 No available
1991 Landsat-5 14 June 2
1992 No available
1993 No available
1994 Landsat-5 21 May 19
1995 Landsat-5 9 June 30
1996 Landsat-5 11 June 5
1997 Landsat-5 14 June 0
1998 Landsat-5 16 May 0
1999 Landsat-5 4 June 4
2000 No available
2001 Landsat-5 9 June 10
2002 No available
2003 Landsat-5 14 May 0
2004 Landsat-5 1 June 0
2005 Landsat-5 19 May 0
2006 Landsat-5 6 May 7
2007 Landsat-5 10 June 20
2008 Landsat-5 12 June 0
2009 Landsat-5 14 May 0
2010 Landsat-5 1 May 1
2011 Landsat-5 5 June 3
2012 No available
2013 Landsat-8 25 May 0
2014 Landsat-8 13 June 0
2015 Landsat-8 15 May 0
2016 Landsat-8 17 May 2
2017 Landsat-8 5 June 1
2018 Landsat-8 23 May 6
2019 No available
2020 Landsat-8 28 May 1
2021 No available

Geometric corrections and radiometric calibration were accomplished using ENVI5.3
software. The topographic maps (scale 1:100,000) from the 1980s were used as reference
data, and the ground control points were selected to register the Landsat-5 TM image
acquired on 28 May 1985. Based on the corrected remote sensing image, the Landsat-5
image of the following year was corrected, and the process was repeated until the correction
of all the images was completed. The positional deviation between the corrected image
and the reference image was controlled to less than half a pixel.

Radiometric calibration was performed to convert the digital number values into top-
of-atmosphere (TOA) reflectance using the corresponding radiometric calibration formula
and radiometric rescaling coefficients provided in the metadata file that was delivered with
the Level1 product [31].

2.2.2. Extraction of Vector Information in the Farmland Shelterbelt

Farmland shelterbelts were characterized as linear features with trees in regular net-
work structures in areas with cultivated land. The reflective spectrum characteristics of
shelterbelt features were sufficiently discernible in the Landsat images acquired on the
optimal dates. Using the Landsat-8 standard pseudo-color image from 28 May 2020 as a
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base map, the features of the farmland shelterbelts were clearly identifiable as linear, red,
and regular structures. Vector data of the farmland shelterbelt within the study area were
obtained through manual interpretation via a computer interface using ArcMap software.
The manual interpretation rules were defined as follows: (1) the shelterbelt was extracted as
a linear vector; (2) it was interrupted at the intersection point of two or more shelterbelts; (3)
it should keep the continuity of the gaps of the shelterbelt; and (4) the vector line should be
drawn in the middle of the shelterbelt. Field validation was performed in early June 2020. A
total of 243 shelterbelts were observed during the field validation, of which 233 shelterbelts
were correctly interpreted. Field investigation revealed that the precision of the results was
>95%. The shelterbelts failing to be accurately interpreted were those planted less than two
years before the study.

2.3. Dividing Shelterbelts into Three States Using a Single Remote Sensing Image

NDVI was used to divide the states of the shelterbelts in each single image. It was
calculated by the TOA reflectance values of the red and near-infrared bands of each image.
As shown in Figure 2, the dividing method consisted of three steps.
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Firstly, the NDVI values that overlapped with the vector shelterbelts in each year
were extracted with reference to Deng et al. (2013) [32]. The average NDVI value of each
shelterbelt in each year (NDVIij) was calculated by the following formula:

NDVIij =
M

∑
k=1

NDVIijk/M (1)

where i is the year of the image, j is the identification number of each shelterbelt, k is the
serial number of the pixel in each shelterbelt, and M is the total number of NDVI values in
each shelterbelt.

The NDVI values greater than NDVIij in each shelterbelt were selected as the intact
parts of a shelterbelt. The average NDVI value of each intact part (ANDVIij) was taken as
the growth-state index, which was calculated by the following formula:

ANDVIij =
N

∑
l=1

NDVIijl/N (2)

where l is the serial number of pixels that are greater than NDVIij in each shelterbelt,
NDVIijl is the NDVI value that is greater than NDVIij, and N is the total number of NDVI
values greater than NDVIij.
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Finally, a threshold was used to divide the shelterbelts into three states: state 0
represented that the shelterbelt had no vegetation feature in the image and could not
yet be monitored; state 1 represented that the shelterbelt had weak vegetation features and
could be monitored with low accuracy; and state 2 represented that the shelterbelt had
clear vegetation features and could accurately be monitored). The states of the shelterbelts
in each image were divided using the following rules:

If
(

ANDVIij ≤ A, stateij = 0
Else if A < ANDVIij ≤ B, stateij = 1
Else stateij = 2

where A is the threshold between state 0 and 1 in year i, and B is the threshold between
state 1 and 2 in year i.

Thresholds A and B were manually determined by investigating the NDVI values
of shelterbelts, for which the year of planting was known. Using the image from 28 May
2020, an example is as follows. The NDVI values (max, min, and mean) of the intact parts
of the shelterbelts of different ages are shown in Figure 3. It showed that the spectral
characteristics of the farmland shelterbelts were similar when the shelterbelt age was
>6 years. The values for shelterbelts that were 1–2 years old were close to those of bare soil
(age = 0), but the difference between 1–2 years old and >2 years old was evident. The NDVI
of shelterbelts that were 3–4 years old and those that were >6 years old were even more
evident. Therefore, 0.22 was selected as the threshold A in 2020, and 0.28 was selected as
the threshold B.
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Figure 3. NDVI values of farmland shelterbelts with differing ages in 2020.

2.4. Establishing a Three-Stage Growth Process Using Time Series Remote Sensing Image
2.4.1. Shelterbelt Growth Process from Time Series Images

A shelterbelt age could only be divided into two states using a single multispectral
image. To overcome this limitation, multitemporal remote sensing images were considered.
A shelterbelt planted in 2011 was used to illustrate the changes in spectral characteristics
with increasing age (Figure 4; there were no suitable images in 2012 and 2019). The
shelterbelt (the red linear object in Figure 4) was evident in 2010 and disappeared in the
image from 2011. A weak feature was apparent in 2013 and then became increasingly
identifiable from 2014 to 2020.
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Figure 4. Changes in spectral characteristics in different Landsat images of one farmland shelterbelt
planted in 2011. (The images are composited by the standard pseudo color). For Landsat-5 images:
red = 0.76–0.90 µm (near-infrared band); green = 0.63–0.69 µm (red band); blue = 0.52–0.60 µm (green
band); For Landsat-8 images: red = 0.85–0.88 µm (near-infrared band); green = 0.64–0.67 µm (red
band); blue = 0.53–0.59 µm (green band)).

Based on the three states of farmland shelterbelts that were determined from a single
remote sensing image, the growth process of the shelterbelt shown in Figure 4 are expressed
in Figure 5. According to remote sensing monitoring, shelterbelt growth attains each state
(i.e., states 0, 1, and 2) successively. The duration of a shelterbelt in state 0 and state 1 was 2
and 3 years, respectively. A shelterbelt in state 2 was considered to commence from the
sixth year after planting.
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Figure 5. Growth process of the farmland shelterbelts shown in Figure 4.

2.4.2. Three-Stage Growth of Farmland Shelterbelt Derived from Time Series Remote
Sensing Images

In order to describe the shelterbelt growth process in a more general way, more than
100 shelterbelts were randomly selected to analyze their growth processes. We found that
there could be three separate cases in the process of farmland shelterbelt construction:
(1) the shelterbelt was constructed for the first time; that is, it was initially 0 and then
gradually changed from 0 to 2 after planting; (2) the shelterbelt was renewed soon after the
old shelterbelt was cut down; that is, it was initially 2 and then gradually changed from 0 to
2 following renewal; and (3) the shelterbelt was not renewed soon after the old shelterbelt
was cut down; that is, it was initially 2 and then changed to 0 (it would gradually change
from 0 to 2 if renewed later).

In the above three cases, as long as the farmland shelterbelt was planted, the growth
process of the most shelterbelts followed the following three stages (Figure 6). Stage A: In
the early period (generally 2 years after planting), the shelterbelt was difficult to observe in
remote sensing imagery (state was 0). Stage B: After growing to a certain state (generally
2–4 years after planting), the shelterbelt was monitored in remote sensing images but not
always clearly (state was (1). Stage C: Following continued growth (generally 5–7 years
after planting), the shelterbelt was identified easily in remote sensing imagery (state was (2).
The above represents a general description of the growth process of farmland shelterbelts,
which we refer to as the three-stage growth process of farmland shelterbelts.
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Figure 6. Generalized three-stage growth process of farmland shelterbelts (red line shows the stable
growth process for farmland shelterbelts in 1–4 years and ≥7 years, and blue lines show the possible
growth process for farmland shelterbelts in 5–6 years).

The three-stage growth process of farmland shelterbelts determined from time series
remote sensing images represented an ideal status. In practical application, it may be
affected by other factors, especially cloud cover, which may cause deviations in the simula-
tion of the shelterbelt growth process. If clouds were present, shelterbelts in state 1 could
be misclassified as 0, or shelterbelts in state 2 could be misclassified as 0 or 1. According to
the three-stage growth process in Figure 6, the following rules were developed to improve
prediction accuracy:

If the growth state in the year (i) is 2, then the state in the previous period (i − 2) could
not be 0. Farmland shelterbelts could not change directly from 0 to 2 in two years. In such
a situation, which could be the result of interference by clouds, the 0 in the previous period
(i − 2) would be revised to either 1 or 2.

If the growth state in the year (i) is 2, then the state in the subsequent period (i + 2)
could not be 1. Farmland shelterbelts could not change directly from 2 to 1 in two years.
In such a situation, which could be attributed to the presence of thin cloud cover or the
decline in a mature shelterbelt, the 1 in the subsequent period (i + 2) would be revised to 2.

The prediction of shelterbelt states in years with missing imagery could also be made
according to the three-stage growth process, as shown in Table 2.

Table 2. Growth-state prediction for missing years based on the three-stage growth process over a
two-year period.

i − 2 Missing Year (i) i + 2

Growth state

0 0 0

0 if I − 4 = 2, statei = 1;
if I + 4 = 1, statei = 0 1

0 1 2
1 × 0
1 × 1
1 1 or 2 2
2 0 or 2 0
2 0 1
2 2 2

2.5. Algorithm for the Identification of Shelterbelt Ages Based on Time Series Remote
Sensing Images

If the two-year interval was determined as the monitoring period, the age of the
shelterbelt j (AGEj) in monitoring year X could be determined by the following algorithm:

AGEj = (1 or 2) + (X − Yi) (3)

where X is the year being monitored and Yi is the nearest year when the jth shelterbelt
had been classified as state 0. For example, in the monitoring year 2010 (X = 2010), one
shelterbelt had been classified as state 0 in year 1998 (Yi = 1998). The age of this shelterbelt
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should have been 13 or 14. As there was no suitable image available in 2019, the image from
2020 was substituted. Therefore, the following special condition existed: if state2017 = 2 and
state2020 = 1, the shelterbelt age was 2–3.

3. Results
3.1. Modification and Predication of the Shelterbelt States

Following the steps in Figure 2, ANDVI of the shelterbelts in each image were cal-
culated by Formulas (1) and (2). The threshold values were determined by analyzing the
shelterbelts for which the years of planting were known. The states of the shelterbelts
were divided using threshold values A and B. The growth states of the shelterbelts in all
monitored years were divided successively.

In the results, large areas of shelterbelts in state 0 were distributed in 1995, and the
large area of shelterbelts in state 1 were distributed in 2007. This was due to the cloud cover
in these two years. Especially in 1995, the cloud cover area reached up to 30%. In order
to reduce the impact of the cloud cover, the shelterbelt states in each period, especially in
1995 and 2007, were modified using the rules established by the three-stage growth process.
According to rule 1), the shelterbelts in states 0 in 1995 were revised to either 1 or 2 based
on their states in 1997 and 1999, and the shelterbelts in state 0 in 2007 were revised to either
1 or 2 based on their states in 2009 and 2011. According to rule 2), the shelterbelts in state 1
in 1995 were revised to 2 based on their states in 1991 and 1994 (the states in 1994 replaced
1993 due to there being no suitable image available in 1993), and the shelterbelts in state 1
in 2007 were revised to 2 based on their states in 2003 and 2005. The modification results
in the areas with cloud cover are shown in Figure 7. It indicated that some shelterbelts,
which were divided into state 0 or 1 in the cloud cover areas, were adjusted into state 2
after modification.
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Landsat image with cloud cover; (b). the shelterbelt states without modification; (c). the shelterbelt
states modified by the rules of three-stage growth process and shelterbelt states in the previous and
subsequent years).

In addition, the shelterbelt states in 1989 and 1993 were not determined as there were
no suitable remote sensing images available. The states of some shelterbelts in 1989 and
1993 were predicted using the rule in Table 2. The shelterbelt states in 1989 were predicted
from their states in 1987 and 1991, and the shelterbelt states in 1993 were predicted from
their states in 1991 and 1995. The predicted results are shown in Figure 8.



Remote Sens. 2022, 14, 1457 10 of 15

Remote Sens. 2022, 14, x FOR PEER REVIEW 10 of 15 
 

 

states modified by the rules of three-stage growth process and shelterbelt states in the previous and 
subsequent years). 

 
Figure 8. The predicted farmland shelterbelt states in 1989 and 1993. 

3.2. Identification Result and Validation 
3.2.1. Identification Result 

Based on the modification and prediction results of the shelterbelt states in each mon-
itoring year, the shelterbelt ages in 2020 were identified using the algorithm. The result is 
presented in Figure 9. Given the two-year monitoring period, the monitoring error was 1 
year. The minimum age that could be monitored was 2–3 years, and the maximum age 
was 36–37 years; ages that exceeded 37 could not be identified as no suitable images were 
available. 

 
Figure 9. Identification result of farmland shelterbelt ages in 2020 in the study area. 

3.2.2. Validation 
The following formula was used to analyze the accuracy of the shelterbelt ages de-

rived from the remote sensing images: 

Figure 8. The predicted farmland shelterbelt states in 1989 and 1993.

3.2. Identification Result and Validation
3.2.1. Identification Result

Based on the modification and prediction results of the shelterbelt states in each
monitoring year, the shelterbelt ages in 2020 were identified using the algorithm. The
result is presented in Figure 9. Given the two-year monitoring period, the monitoring error
was 1 year. The minimum age that could be monitored was 2–3 years, and the maximum
age was 36–37 years; ages that exceeded 37 could not be identified as no suitable images
were available.
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3.2.2. Validation

The following formula was used to analyze the accuracy of the shelterbelt ages derived
from the remote sensing images:

RE = n/N (4)

where RE is the accuracy rate, n is the number of correct identifications, and N is the total
number of samples.
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The shelterbelt heights in the samples were measured using a portable laser range
finder in the field. A regression model between tree height and age in the study area,
established by [33], was used to calculate the actual age of a shelterbelt based on the field
measurements. To ensure the accuracy of the reference data, the age of each shelterbelt
was validated through visual interpretation from the time series remote sensing images
to determine the year of planting or updating. Of the total number of samples (N = 243),
within the error range of 1 year, the ages of 167 shelterbelts were identified correctly. The
identification accuracy of their ages based on the two-year monitoring periods was 68.7%.

According to phase-directional management [34], the shelterbelt ages in the study
area were classified, as follows, to be further validated: generated phase (1–3 years after
planting), pre-maturity phase (4–15 years after planting), protective maturity phase (16–33
years after planting), and regenerated phase (>33 years after planting). The accuracy was
evaluated using a confusion matrix. The results are presented in Table 3.

Table 3. Confusion matrix between estimated data and ground/truth data.

Ground Truth Data
Class 1–3a 4–15a 16–33a >33a Total Commission

Estimated data

1–3a 23 10 0 0 33 30.3%
4–15a 5 103 5 2 115 10.4%
16–33a 0 15 33 3 51 35.3%
>33a 3 13 4 24 44 45.5%
Total 31 141 42 29 243

Omission 25.8% 27.0% 21.4% 17.2%

As shown in Table 3, the misclassified shelterbelts were concentrated around adjacent
classes. The column data in Table 3, reflecting the omission error of each class, showed
that the average omission error was 22.9%. The reason was due to the year of shelterbelt
planting (state 0) having not been identified. This may have been due to the NDVI values
of these shelterbelts being influenced by neighboring vegetation pixels, or because the
threshold between the state 0 and 1 was slightly lower than in reality. The row data in
Table 3 shows the commission errors, which reflect those shelterbelts that had been assigned
incorrectly to certain planting years. The smallest commission error among the various
classes was for a shelterbelt with an age of 4–15 years. The commission error was larger in
the other age classes and was >45% for a shelterbelt with an age of >33 years. The reason
for this was that the ages had been calculated from the latest year forward; thus, the error
would be cumulative. Most shelterbelts for which the planting year was not correctly
identified were, therefore, incorrectly assigned to this class, especially those influenced by
cloud cover.

4. Discussion
4.1. Uncertainty Analysis

Some factors affected the identification accuracy: (1) The impact of missing images and
cloud cover. Although efforts had been made to overcome these problems by modification
and prediction using the three-stage growth process, some shelterbelts were still misclassi-
fied, especially in the early monitoring years with more frequently missing data. (2) The
three-stage growth process was suitable for most shelterbelts, but special shelterbelts such
as those with larger widths could have exhibited spectral characteristics of vegetation
in the second year following planting, which could have caused omission errors. More-
over, mature shelterbelts with short lengths or poor growing conditions could have been
identified as state 0 or 1, which could have caused commission errors. (3) The threshold
segmentation method also caused a certain degree of confusion, as there was no absolute
boundary between state 0 and 1.

To reduce the uncertainties and improve overall accuracy, remote sensing images
obtained from multiple sources and an annual monitoring period should be considered in
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future work. In particular, the Ice, Cloud, and Land Elevation Satellite-2 (ICESat-2; [35])
and the Global Ecosystem Dynamics Investigation (GEDI; [36]) could provide useful data,
as they offer unprecedented opportunities to establish geodetic elevation distributions
of global topographic surfaces and canopy heights [37]. Data fusion from active and
multispectral sensors (e.g., Landsat, Sentinel-2) could improve the characterization of
shelterbelt ages. To improve the classification accuracy of shelterbelt growth states, a more
scientific approach that requires less human interpretation should be considered in the
future to determine appropriate thresholds. We also found that the planting structure of
farmland shelterbelts (e.g., the width and spacing of the trees) affected the growth state
estimation, and these factors should also be considered in future research regarding the
identification process. The proposed method will be optimized in future work, and thus
the accuracy will be further improved.

4.2. Method Comparison

Remote sensing methods have significant potential and a wide range of applications
in forest age mapping [38]. Optical remote sensing, as one of the most commonly used data
types, has been an important resource for regional forest age mapping through its use of
forest spectral characteristics and multi-temporal observation data [39]. However, remote
sensing signals, such as from Landsat TM signal, have not been significantly sensitive
enough to determine forest ages [13,40], so it has been difficult to infer forest age directly
from optical remote sensing data. Active sensors such as LiDAR have shown great potential
for the monitoring of structural attributes in forests [41]. However, they have not been able
to directly retrieve tree age.

Monitoring via time series remote sensing images could address the aforementioned
problems. In this research, a method for monitoring shelterbelt age was developed based
on time series Landsat remote sensing images. Most studies concerning forest age using
time series monitoring have used pixel-based image analysis [42]. For monitoring objects
in stands of similar age, Fujiki et al. (2016) extracted stand ages from a change-detection
analysis using Landsat time series images superimposed with the derived stand ages on the
segments that had been classified by object-based image analysis, using WorldView-2 [43].
Farmland shelterbelts have relatively uniform planting structures, so an object-based image
analysis may be a better choice. In this paper, each shelterbelt was digitized into linear
vector objects, which were taken as a unit to identify the shelterbelt state. Furthermore,
the method involved the establishment of a general monitoring model of the shelterbelt
growth process, which may be feasible for large-scale identification of shelterbelt ages in
other regions. Therefore, this method demonstrated considerable potential, as compared to
other methods used in shelterbelt age identification by remote sensing.

It should be noted that the shelterbelt age identified by this method represented the
number of years after planting; generally, a tree is approximately 2–3 years old before it is
planted in these shelterbelts. The proposed was applicable to similarly aged, single-species
shelterbelts with relatively uniform planting structures. To determine the accuracy of this
method for shelterbelts of mixed ages, mixed species shelterbelts should be evaluated.

4.3. Implications of the Result

The division of the shelterbelt management phase is crucial for the appropriate man-
agement of a shelterbelt. Jiang and Zhu (2002) proposed the concept of phase-directional
management for protective plantations [34]. Shelterbelt age is an important parameter to
determine the management phases. Therefore, the management phases of shelterbelts can
be classified on a regional scale based on the shelterbelt age extracted using this method.

The shelterbelt age can also be used to estimate aboveground biomass (AGB) based
on its relationship with the stand age. Since AGB have been shown to be strongly related
to successional age [44], it may be possible to use this information to estimate the spatial
distribution of AGB. Some researchers have estimated the AGB based on forest biomass–
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age relationships [45,46]. The AGB of the shelterbelts can also be mapped based on the
relationship using the shelterbelt age data.

5. Conclusions

In conclusion, this research established a generalized shelterbelt growth process and
developed a method for the accurate estimation of shelterbelt ages based on multitem-
poral Landsat remote sensing images. The method was successfully used to determine
shelterbelt ages in the midwestern Jilin Province in China. The proposed method provides
a cognitive mechanism and application model for the identification of shelterbelt age using
remote sensing imagery. The data could be used to support more precise management of
shelterbelts and the estimation of carbon flux in shelterbelt ecosystems.
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