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ABSTRACT

This paper takes the native vegetation in Hanzhong City as the research object, and constructs a multi-
objective linear programming model to optimize the distribution of the suitability of the native
vegetation in Hanzhong City. The ArcGIS software was used to test the sample consistency and screen
the environmental variables of the native vegetation data in Hanzhong City represented by alfalfa, and
the model in the software was used to predict the distribution of alfalfa's suitability area. Based on the
prediction results, this paper constructs a multi-objective linear planning model with economic and
ecological benefits as the objective function and the land area of different utilization types as the
decision variables to optimize the distribution of the suitability of native vegetation in Hanzhong. At
the same time, the fuzzy mathematical planning method was used to solve the constructed model.
After the model optimization, the area of fitness distribution of native vegetation in Hanzhong City
increased significantly, and the growth of the fitness distribution area of each vegetation by 2080 was
49.61%, 35.51%, 36.41%, 28.11%, 15.36%, 24.75%, 27.92%, 28.40%, 31.22%, and 31.52%,
respectively. In addition, the optimization of the distribution of native vegetation suitability using the
model of this paper can produce obvious economic and ecological benefits, which fully demonstrates
the effectiveness of the model of this paper.

Keywords: multi-objective linear programming, fuzzy mathematical programming, objective function,
decision variables, vegetation suitability

1. Introduction

Native vegetation refers to plants growing in or around the region, which are usually well adapted to
the local environment and play important ecological and economic functions [1]. Drawing on the
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existing vegetation classification system, native vegetation can be broadly categorized into world
geographic native vegetation and regional native vegetation according to the differences in geographic
location, and Hanzhong native vegetation belongs to the latter [2].

Hanzhong City is located in the southwestern part of Shaanxi Province, which is situated in the
transition zone of the warm-temperate zone, with four distinct seasons, hot and rainy summers, and
dry and cold winters. Hanzhong City has a wide range of vegetation cover, including forests, grasslands,
wetlands, etc. It is characterized by a wide variety of species, complex composition of zones, diverse
vegetation types, and obvious vertical structure [3-4]. The plant species and vegetation types are
different in different natural areas. For example, the Han River valley has deciduous broad-leaved
forests mixed with evergreen broad-leaved species reflecting subtropical climate [5]. Whereas, the
Qinba Mountains have deciduous broad-leaved forests, mixed coniferous and broad-leaved forests and
coniferous forests reflecting the warm-temperate and mesotemperate climatic environments [6]. In
addition, native vegetation has the basic characteristics of regionality, adaptability, resilience, economy;,
inner richness, and penetration and expansion due to its geographical distinction [7-10]. Its
adaptability is due to the diversity of climatic and geographic conditions, native vegetation needs to
be adapted to different environmental stresses in order to survive [11-13]. For example, some plants
are adapted to cold climatic conditions, such as rhododendrons and tundra plants in the high
mountains, while some are adapted to arid environments, such as desert plants and steppe plants in
the north. Native vegetation is also adapted to different soil types, such as acidic, alkaline and infertile
soils [14]. This wide range of adaptability enables native vegetation to survive and reproduce under a
variety of environmental conditions, and plays an important role in the restoration and protection of
the ecological environment.

The native vegetation of a region is closely related to the local environment, and human activities,
soil nourishment, water purification, agricultural cultivation, as well as the adsorption of airborne dust
and the transformation of harmful gases are all indispensable factors for the stabilization of the
ecological structure of the region [15-18]. The loss of native vegetation not only affects the biodiversity
and microclimate of the region, but also jeopardizes the stability of the whole ecosystem.

In this paper, the geographic location, topography and soil vegetation of Hanzhong City were
introduced in detail, and alfalfa was used as the representative of native vegetation in Hanzhong City
to select sample sites. With the help of ArcGIS technology, the consistency test of the selected sample
data was carried out, and the environmental variables were screened by the significance analysis of
the correlation coefficient matrix between each environmental variable. The model in ArcGIS software
was utilized to predict the changes in the adaptive distribution area of the native vegetation in
Hanzhong City represented by alfalfa in the time periods of 2030, 2050 and 2080. Cultivated land area,
vegetation area, construction land area, water area and unutilized land area were selected as decision
variables in the process of optimizing the distribution of native vegetation in Hanzhong City, and a
multi-objective linear programming model was constructed to optimize the distribution of native
vegetation in Hanzhong City by setting a series of constraints without the objective function of
economic and ecological benefits. The performance of the model is demonstrated by comparing the
changes in the area of native vegetation habitability distribution before and after the optimization, and
the benefits achieved by different models in optimizing the distribution of native vegetation
habitability.

2. Overview of the study area

2.1. Geographical location

Hanzhong City is located in southwestern China and southwestern Shaanxi Province, and its
geographiclocation is shown in Figure 1. [tis neighboring with Baoji and Xi'an City of Shaanxi Province
in the north, bordering with Ankang City of Shaanxi Province in the east, linking with Longnan City of
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Gansu Province in the west, and bordering with Guangyuan City and Bazhong City of Sichuan Province
in the south. Geographic location 105°30' 50" -108°16’' 45" E, 32°08' 54" -33°53’ 16" N.East-
west length of 258.6km, north-south width of 192.9km, covering an area of 27246km?, accounting for
13.24% of the total area of the province.

34.0°N

33.5°N -

33.0°N ~

Latitude

32.5°N +

32.0°N ~

31.5°N T T T T
105.5°E  106.0°E  106.5°E  107.0°E  107.5°E  108.0°E

Longitude

Fig. 1. Geographic location

2.2. Topography and geomorphology

Hanzhong City has a large mountainous area, “eight mountains, one water, one field”, with complex
and varied topography and geomorphology. The terrain is high in the north and south and low in the
middle, from north to south, it is the Qinling Mountain area, Han River Valley area and Bashan
Mountain area. The Han River runs across the basin from west to east, becoming the natural boundary
between the two mountain systems. The Qinling Mountains stretch from east to west, with an average
elevation of about 2000 meters. The mountains are undulating, with many rivers and faults developing,
and the broken line basin is interspersed with river valleys and river valleys, and the rocks are broken,
and the weathered layer is deep and loose. There are three landform types in the Qinling Mountain
area, namely Zhongshan Mountain, Low Mountain and Hills, with less distribution of hilly landforms,
just along the northern edge of the Hanzhong Basin, with an elevation of about 600 m. Zhongshan
Mountain is mainly distributed along the south bank of the Muma River, Ninggiang and Lianshui River
Basin and Jialing River Basin, with an elevation of mostly 1,000 to 1,200 m, with slow slopes, thick soil
layers and better soil development. The Bashan Mountain Range runs east to west and is slightly lower
than the Qinling Mountain Range, with no peaks exceeding 3,000 meters, but it is very steep, with an
average elevation of about 2,000 meters. The mountainous area of Hanzhong accounts for about 75.2%
of the total land area, the hills account for 14.6%, and the flat dams account for 10.2%. The elevation
of Hanzhong Basin is about 500m above sea level, and the Qinba Mountains are about 500~2500m
above the Hanzhong Basin.

2.3. Soil vegetation

Hanzhong City has large differences in topography and geomorphology, and the soil formation process
is complicated, so the soil types are diverse. Hanzhong city soil belongs to the soil of the region, in the
country belongs to the aluminum soil domain yellow-brown soil belt, there are 10 soil classes, 21
subclasses, 38 soil genera, 97 soil species. Agricultural soil is mainly yellow-brown soil. The yellow-
brown soil is the main zonal soil in Hanzhong City, which is distributed in the hills and valleys below
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1500m on the south slope of Qinling Mountain and below 1800m on the north slope of Ba Mountain.
The mountain brown soil in Hanzhong City is distributed in the middle mountain forest belt above
1500~2200m on the south slope of Qinling Mountain and 1800~2000m on the north slope of Bashan
Mountain, which is an important forest soil. It is rich in forest products and has favorable conditions
for forestry development. Rice soil is the main cultivation soil in Hanzhong area, mainly distributed in
the first and second terraces along Jianghan and its tributaries, as well as Hantai and Xixiang basins.
Lime soil is mainly distributed in Zhenba, Ningqgiang, Xixiang, Nanzheng and Luoyang, Liuba, Mianxian
and other places.

The vegetation in Hanzhong City is varied and complex, with obvious vertical structure. The Han
River valley has a deciduous broad-leaved forest belt mixed with evergreen broad-leaved species, and
the Qinba Mountain area is mainly deciduous broad-leaved forests, coniferous forests and mixed
coniferous and broad-leaved forests. The vegetation of Han River basin consists of secondary
plantation forests, shrub forests and grasslands, and among the existing secondary forests, the
proportion of tree forests, which are mainly used for timber and protection, is larger, reaching about
70%. Tree species mainly include oil pine, cypress, sequoia, etc.,, economic forests mainly include
ginkgo, tea, walnut, citrus, etc., and grasses mainly include lobelia, alfalfa and other weeds.

3. Data sources and processing

There are many types of vegetation in Hanzhong City, which would cause great trouble for the study if
analyzed one by one. Therefore, in order to simplify the analysis, this paper chooses to use alfalfa as a
representative of vegetation to analyze the distribution of native vegetation suitability in Hanzhong.

3.1. Sample data

3.1.1. Sample data sources. The distribution data of alfalfa in Hanzhong City were mainly obtained
by reviewing and organizing the relevant websites of various countries, the platform of standardized
organization, integration and resource sharing of teaching specimens, the relevant literature of various
countries, and the experimental data of field investigation. By combining the above ways, a total of 724
sample points of alfalfa distribution were obtained in this paper.

3.1.2. Sample data screening. Since the accuracy of the locus distribution data directly affects the
simulation and prediction results of the model, this experiment obtained the current vegetation type
map of the study area according to the analysis of land cover types of the International Geosphere
Biosphere Program with the help of Arc GIS technology, and eliminated the locus distribution data of
the alfalfa vegetation part, and finally obtained the accurate distribution data of 315 loci as shown in
Figure 2.
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Fig. 2. Sample point distribution

3.1.3. Sample set consistency test. The total sample set containing 315 loci distribution data was
divided into samples in the ratio of 3:1, and the number of loci in the training sample set was obtained
to be 210, and the number of loci in the test sample set was 105. The attribute values of the sample
points corresponding to the environmental variables were extracted using ArcGIS, and the
Kolmogorov-Smirnov test [19] was performed on the two sample sets. The K-S test determines
whether the observations of the samples are from the same distribution of the total by analyzing the
differences between the two distributions. The results show that the p-values of the K-S test are all
greater than 0.1, so the original hypothesis is accepted and the two sample sets are considered to be
from the same distribution of the whole.

3.2. Environmental variable data

3.2.1. Environmental data preparation. The environmental variable data include two major parts of
data, the current dataset (1988-2023) and the future dataset (2030s-2080s), each dataset includes 72
environmental variables each, and some of the variables are shown in Table 1. Among them, the
topographic variable data mainly include elevation, slope and slope direction, the elevation data are
derived from SRTM data, the SRTM topographic data used are SRTM3 with a resolution accuracy of
100M data, while the slope and slope direction factors are calculated from the elevation data. Climate
variable data include air temperature, precipitation, humidity ( K ), >0°C -year cumulative
temperature (29) and 17 bioclimatic factors (Bio1-17), etc. The air temperature, precipitation and
bioclimatic factors were obtained from the WorldClim environmental database, whereas the humidity
and >0°C -year cumulative temperature data were computed and calculated according to the
humidity model, in which r is the annual precipitation (mm) and 29 is the >0°C -year
cumulative temperature. The spatial resolution of the environmental data is 35s.
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Table 1. Partial environment variable

Environmental . Environmental )
. Meaning . Meaning
variable variable
) . Average temperature of the wet
Alt Altitude Bio 8
quarter
. Average temperature of the most
Aspect Slope aspect Bio 9
dry quarter
) Average temperature of the
Slope Slope Bio 10
warmest quarter
L . Average temperature of the
Prec 1-12 Precipitation from 1 to 12 Bio 11

coldest quarter

Maximum temperature from 1

Tmax 1-12 t0 12 Bio 12 Annual average precipitation
()
Mean temperature from 1 to ) e - _
Tmenan 1-12 12 Bio 13 Precipitation variation coefficient
) Minimum temperature from 1 ) L
Tmin 1-12 t0 12 Bio 14 Wet quarter precipitation
0
Bio 1 Annual average temperature Bio 15 Most dry quarter precipitation

Monthly average temperature
Bio 2 difference between day and Bio 16 Warmest quarter precipitation
night

The ratio of diurnal
Bio 3 temperature difference to Bio 17 Coldest quarter precipitation
annual temperature difference

. Standard deviation of seasonal K
Bio 4 o Wetness
temperature variation
Bio & Maximum temperature of the Z o 20°C annual accumulation
io
most warm month temperature

. Minimum temperature of the
Bio 6 Sand 2 Bottom sand content
coldest month

. The range of changes in )
Bio 7 Clay 2 Underlying clay content
average annual temperature
Since the WorldClim database lacks data from 1989 onwards, this experiment was supplemented
with data from 1988-2023, which were mainly obtained according to the methods provided on the
WorldClim website using Anusplin, ArcGIS, and R. Anusplin is a tool that provides practical
transformational analyses and interpolations of multivariate data using thin disk Smooth Spline
Interpolation for interpolation. It provides all the statistical analysis, spatial distribution standard
errors, and data diagnosis, and can also support a variety of data input and surface query functions.
The station data for meteorological interpolation were mainly obtained from the China Meteorological
Science Data Sharing Service Network (CMSDSN), and the temperature and precipitation data from
1988 to 2023 were fitted by thin-disk smooth spline interpolation with latitude and longitude as the
independent spline variables and elevation as the covariate through the Anusplin software, using the
longitude and latitude as the independent spline variables and elevation as the covariate. 17
bioclimatic factors were obtained by using “dismo” function packages of the R software. The 17
bioclimatic factors can be calculated using the “dismo” function package of the R software. The 17
bioclimatic factors can be calculated using the “dismo” function package in R. Similarly, the data for
factors K and 29 were calculated by interpolating the results of temperature and precipitation.
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3.2.2. Environmental data analysis and screening. Because all environmental variables are
correlated with each other, which will affect the results of the model's screening of the importance of
the factors, this study utilizes Arc GIS software to perform correlation analysis between 72
environmental variables, and uses the band collection statistics tool in ArcGIS to obtain the correlation
coefficient matrix between each environmental variable for significance analysis. Finally, the
environmental variables that were significantly correlated with other environmental variables were
eliminated. At the same time, the MaxEnt model was run to screen the importance of environmental
factors, analyze and determine the limiting environmental variables affecting the alfalfa suitability
distribution model simulation, and screen out the environmental variables with higher contribution
rate to the model simulation.

The set of environmental variables mainly included 72 variables such as elevation, slope, slope
direction, temperature, precipitation, and bioclimatic factors. The 72 variables were correlated to
obtain the correlation coefficient matrix and analyzed for significance, and seven environmental
variables with highly significant correlations, such as slope direction, wetness value K, and bottom
sand content, were finally excluded.

After eliminating the seven significantly correlated environmental variables, 65 environmental
variables were finally identified for model pre-selection. In this study, in order to make the model
simulation results more accurate, the current habitat distribution of alfalfa was repeatedly simulated,
and according to the contribution rate of the variables in the model running results, the environmental
variables with a contribution rate of 0 were excluded from the model simulation, and 32
environmental variables with a contribution rate of more than 0 were finally screened out as the
environmental variables used in this study, and the results of the screening of environmental variables
are shown in Table 2. From the contribution rate of environmental variables to the model, it can be
seen that all 32 environmental variables have a certain contribution rate to the model simulated by
the current distribution status of alfalfa, among which, the contribution rate of elevation is the most
prominent, which reaches 39.48%, followed by the coefficient of variation of precipitation and the
precipitation in December, which reaches 24.13% and 15.32%, respectively.

Table 2. The contribution rate of environment variable to model

Variable Contribution/% Variable Contribution/%
Alt 39.48 Tmean 11 0.32
Bio 15 24.13 Prec 7 0.29
Prec 12 15.32 Bio 16 0.22
Bio 2 3.83 Tmean 3 0.18
Tmin 6 3.31 Tmean 8 0.13
Bio 13 2.76 Tmax 12 0.1
Clay 2 1.88 Prec 8 0.09
Prec 4 1.57 Tmean 6 0.09
Prec 1 1.13 Tmin 3 0.09
Bio 12 0.94 Tmax 7 0.09
Tmin 4 0.87 Bio 14 0.07
Prec 6 0.73 Tmax 11 0.06
Tmax 9 0.62 Prec 10 0.03
Tmin 5 0.58 Tmean 2 0.01
Bio 7 0.53 Tmean 10 0.01
Slope 0.47 Bio 9 0.01
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4. Predicting the distribution of native vegetation suitability

4.1. Accuracy of simulation results

At this stage, the evaluation of simulation accuracy is usually done with the help of AUC value. It is the
value of the area under the ROC curve, and the range of values is 0.5~1.0. It is generally considered
that: when it is 0.5~0.60, it is set as failure; when it is 0.60~0.70, it is considered as poor; when it is
0.70~0.80, it is set as average; when it is 0.80~0.90, it is set as good; and when it reaches 0.90~1.00,
it is recognized as excellent. The constructed model is considered usable when AUC>0.75, and the
larger the AUC value, the better the prediction accuracy of the constructed model.

In this paper, Arc GIS software was utilized to predict the distribution of the suitability of Hanzhong
native vegetation represented by alfalfa in Hanzhong. The prediction accuracy of the prediction model
in the software was measured using the AUC value, and the results are shown in Figure 3. The AUC
values of the model simulation and test results in the study reached 0.947 and 0.924, respectively, and
the prediction accuracy reached an excellent level.

124 M Stochastic prediction (AUC=0.5)
' Test subset (AUC=0.924)
Training subset (AUC=0.947)
1.0
) 0.8
i
2 0.6-
Qo
7
0.4 1
0.2
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
1-specificity

Fig. 3. Model prediction accuracy

4.2. Prediction of fitness distribution

Fig. 4 shows the prediction results of native vegetation suitability in Hanzhong represented by alfalfa,
(a) is the "current” suitable distribution area in 2023, (b)-(d) is the distribution of alfalfa suitable area
in 2030, 2050 and 2080, respectively, and H, M and L represent high suitability, moderate fertility and
low fertility suitability, respectively. From the figure, it can be seen that the distribution of alfalfa
suitable area shows a northward trend in general, and the area of suitable area shows a decreasing
trend.In 2023, the alfalfa suitable area is mainly distributed in the south and southeast of Hanzhong.
In 2023, the suitable area of alfalfa was mainly distributed in south Hanzhong and southeast Hanzhong,
in which the moderate suitable area in the south was densely distributed in the form of strips, and the
suitable area in southeast Hanzhong was densely distributed in the form of blocks, and it was mainly
the dense distribution area of alfalfa that was highly suitable. Sparse distribution of alfalfa aptitude
area also exists in most of the rest of Hanzhong. By 2030, with the change of climate conditions such
as temperature and precipitation as well as other related factors, the suitable area of alfalfa will be
changed, which is mainly manifested as: the original southern and southeastern suitable area will be
shifted to the north, and the southern area will be changed from a medium suitable area to a highly
suitable area. In 2050, the density of alfalfa habitat distribution decreased, leaving only the northeast
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as a highly suitable area for alfalfa. The original southern suitable area is no longer suitable for alfalfa,
and the southeastern suitable area is shifted further north, and the degree of suitability is reduced to
a low suitable area. The northwestern area has new dense areas of moderate suitability for alfalfa
growth, but the area is small. By 2080, the alfalfa suitability area in Hanzhong is mainly densely
distributed in the northwest, north and northeast areas, and there is no highly suitable area for alfalfa,
and the area and degree of suitability and denseness of the area are decreasing sharply. It is expected
that the suitable area of native vegetation represented by alfalfa in Hanzhong will face the possibility

of disappearing in the future, and it is urgent to optimize the distribution area of vegetation suitability.
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Fig. 4. Prediction of the distribution of alfalfa suitable areas
5. Multi-objective linear programming models to optimize fitness distribution

Multi-objective planning model, also known as multi-objective decision-making [20], is based on
multi-objective decision-making theory to solve decision-making problems in resource management
in the case of multiple conflicting and competing objectives, with multi-objective, multi-program
features, which can make full use of the existing resources, and decision-makers to provide technical
support for the development of relevant decisions. The advantage of multi-objective planning is that
decision makers can formulate a variety of programs for their reference according to different criteria,
and ultimately choose the most satisfactory configuration, so as to improve the scientific nature of the
optimal allocation. The multi-objective linear programming model has two or more objective functions,
and the objective functions and constraints are linear. In this study, a multi-objective linear
programming model was used to establish an optimal allocation model for the distribution of the
suitability of native vegetation in Hanzhong.

5.1. Modeling

5.1.1. Decision-making variables. There are many factors affecting the distribution of native
vegetation suitability in Hanzhong, and the factors are interdependent and responsive to each other,
and different influencing factors will produce different benefits, so the optimal allocation of the
distribution of native vegetation suitability is a very complicated systematic project. The utilization of
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land resources determines the amount of demand for native vegetation resources, so in this study, we
chose the land area of five utilization types, i.e., cropland area, vegetation area, construction land area,
water area, and unutilized land area of seven districts and counties in Hanzhong City as the decision
variables in the process of the optimization of the distribution of the suitability of native vegetation in
Hanzhong City, and the results are shown in Table 3, with the C1-C7 in the table representing the 7

districts and counties.

Table 3. Decision variables

X l.k C1 C2 C3 C4 C5 cé Cc7

. 1 2 3 4 5 6 7
Ploughing X, X, X; X, X; X, X,
Grass X) X; X; X; X3 X?$ X]
Construction 1 2 3 4 5 6 7
land X, X, X; X, X; X, X,
Waters X, X; X; X, X; X! X
Unexploited land XS1 XS2 XS3 X54 X55 XS6 X57

5.1.2. Objective function. The objective functions established in this study are as follows:
1) Economic efficiency objective. The most intuitive reflection of economic efficiency is the gross
national product of the region. This study adopts the maximum GNP generated by different types of

land as the economic efficiency objective, i.e.:
7 5
maxE(X)zZZanik (D

Where: i denotes land type; aik denotes GDP generated per unit area of £ region (county) i
type of land (million yuan/ km?). X isthe area ofthe k region i type ofland (km?).

The coefficient a/ is the ratio of the total GDP of each type of land in each district and county to
the corresponding total area of each type of land, calculated as shown in Table 4.

Table 4. Calculation result of al.k

al.k C1 c2 C3 C4 C5 Cé C7

A 198.43 132.56 84.73 189.64 489.38 127.64 290.57
A 732.04 113.59 52.74 268.31 83.78 42.16 122.93
A 13862.07 6849.56 9038.71 11253.44 23496.82 11992.47 41235.84
I 709.27 126.84 108.32 593.47 361.28 73.58 226.34
A 0 0 0 0 0 0 0

2) Eco-efficiency target. Eco-efficiency adopts the objective of minimizing the total amount of
groundwater supply. Due to the shortage of surface water resources in the study area, the main source
of water supply is groundwater, resulting in a high degree of groundwater exploitation and utilization
and serious over-exploitation. Therefore, under the circumstance of meeting the water supply, the
exploitation and utilization of groundwater resources should be as little as possible. Namely:

7.5
minF;(X)zzzbikXik (2)
k=1 i=l

Where: bl,k is the amount of water supplied from groundwater sources in the & counties to the i
types of land per unit area (million m’/km?), and the other letters have the same meaning as above.
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The coefficient b/ is the ratio of the amount of water that can be supplied by the groundwater
supply project in each district and county to the total area of each land type, and the results of the
calculation are shown in Table 5.

Table 5. Calculation result of b l.k

bl.k C1 C2 C3 C4 C5 cé Cc7

I 13.46 9.82 7.36 13.83 7.42 15.94 17.43
A 4.08 0.43 0.52 1.87 0.28 0.62 1.49

A 68.43 43.24 32.84 19.45 132.71 40.83 138.42
A 8.36 0.51 9.48 4.96 43.58 35.81 0

I 0 0 0 0 0 0 0

5.1.3. Constraints:

1) Water Resource Constraints. Water resource constraint, i.e., total water constraint, means that the
sum of water demand of all types of land in each district and county should not exceed the amount of
water resources available, i.e.,:

1 s

S ext<w 3)

k=1 i=1

Where: c¢; is the water use quota for each type of land. W is the amount of water resources

available, using the average value of water supply from 1988 to 2023, while referring to the
development plan of Hanzhong City and the restrictions on the development of groundwater to
determine the amount of water resources available, i.e., W = 304,863,000 m?, of which the amount of
groundwater developed and utilized shall not exceed 2,786,340,000 m’*.
2) Total land area constraint. The total land area constraint means that the sum of each type of land is
equal to the total amount of land resources. That is:

7 s
d>X =T (4)
k=1 i=l
Where: T is the total area of each type of land, 7 =39483km®.
The constraint areas of arable land and grassland are clearly defined in the 2000-2030 land use
master plan of Hanzhong City.
Therefore, the constraints on the area of these two types of land can be determined as follows:
3) Cultivated land area constraint

S
10212.56SZXIk <16487.42 (5
k=1
4) Vegetation area constraints
7
16312.74< ) X} <23687.13 (6)
k=1

5) Construction land constraints. With the development of industrialization and urbanization, there
will be a certain degree of population growth, and the land for construction will inevitably grow with
it, and therefore will be larger than the current area. Therefore:

D X{ >627.44 (7)

1
k=1
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6) Restriction of water area. According to the current area of the rivers and ditches in Hanzhong City
and the land area of the completed reservoir, then it can be stipulated that the watershed area shall
not be smaller than the current area. That is:

7
D X >14822 (8)
k=1
7) Unutilized land constraint. Unutilized land is dominated by sandy, saline and bare land, whose
treatment and development is difficult to achieve in a short period of time, so the area of unutilized
land is assumed to be constant. Namely:

=

D X =4328.61 9)
k=1
8) Non-negative constraints on variables. Each variable should be greater than or equal to zero to
ensure the validity of each variable. Namely:

Xt >0 (10)

5.2. Model solving

Multi-objective linear programming is an important part of multi-objective optimization theory,
because each objective must be contradictory to each other, so it is impossible to make all the
objectives at the same time to achieve the optimal solution, but only to find its effective solution (non-
inferior solution). In this study, the fuzzy mathematical planning method is used to transform the
multi-objective problem into a single objective [21], and the mathematical software Matlab is used to
solve the optimal solution that satisfies the objective function and constraints at the same time.

The objective function and constraints of multi-objective linear programming are linear, and its
mathematical model expression is:

Objective function:

max Z =Cx (11)

Ax<b
x>0 (12)

Constraints:

Among them:

VA :(ZI,ZZ,---,ZI)T
A= (ay)rylxn;c = (C,,)

b=(b,b,,+,b,)"

X = (xlaxza"'axn)T

rxn

(13)

Since there is more than one objective function, to find a certain pointas x~ so that the objective
function can be satisfied, usually such an optimal solution does not exist. Therefore, the fuzzy
mathematical planning method is used to defuzzify each objective function, transforming the complex
multi-objective problem into a simple single-objective problem, so as to simplify the solution process
and find the fuzzy optimal solution. The specific practices are as follows:

5.2.1. Solving the feasible region. First find the maximum value Z of each single objective
Ax<b

Z.,i=1,2,---,r under constraint
x>0
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Z: =maX{Z1 | Z. |=Zci/.,Abe,x2 0} i=1,2,---,r (14)
j=1

For each objective function Z,i=12,---,7, the corresponding fuzzy scaling factor d,(d;>0) is
given, and the selection of scaling factor d; should be chosen according to the importance of each
sub-objective, and should follow the principle of “the more important the index scaling indicator is
smaller”, and fuzzy processing will be carried out for each sub-objective.

In this study, the value of the scaling factor d; is taken as calculated in accordance with Eq.
d = Zl,* —Z; . However, in the multi-objective planning problem, it is difficult for each sub-objective to
reach the maximum value Z,.* at the same time, but the range of its value can be determined, i.e.,
Z <Z,<Z ,where Z =minZ,.

For objective Z,, a fuzzy objective M. is constructed and its affiliation function is defined as:

1

gy

0 Zn:c.,x,<Z:—di
=1

n 1 . n N n .
Mi:g’(zlc"fxf} 1——d [Zl. _Zlcijx/] Z, —diSZ;cijijZi (15)
= , = e

i J

1 Z,-* < Z C;X;
Jj=1
Remember:
M=NM, (16)
i=1

Then A7 is said to be the fuzzy objective of the multi-objective linear programming problem,
denoted:

D={x|Ax<b,x>0} (17)

Then D is the set of possible solutions satisfying the constraints, called the feasible solution
domain.

5.2.2. Optimal solution using fuzzy judgments. Constructing fuzzy judgments as:
B, =DM (18)
Is the optimal solution of M(x) over the feasible solution domain D).
Then x" satisfying D,(x") =max ., (D(x) A M(x))=max, _, M (x) is said to be the fuzzy optimal

solution, i.e, x~ then the multi-objective problem is transformed into a single-objective problem, so
as to find the optimal multi-objective solution. The transformation process is as follows: let:

A=M(x)= ﬂ]\;[,., then the fuzzy optimal solution to solve the multi-objective linear programming
i=1
problem can be transformed into:

maxZ =A

Zcﬁxj ~dA>7 -d, i=12,r
J=1

" (19)
D agx, <b, k=1,2,---,m
j=1

A>0 X, Xy, X, 20
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The optimal solution (x;,x,,"-*,x,,A").is calculated by MATLAB software, where X = (X, ,X,,"**,X,)
is the fuzzy optimal solution of multi-objective current planning.

5.3.  Results and analysis

5.3.1. Optimization of the area distribution of the suitability of native vegetation. The multi-objective
linear programming model was used to optimize the distribution of the suitability of the native
vegetation in Hanzhong City, and the current and predicted changes in the suitability distribution area
of the native vegetation represented by alfalfa before and after the optimization were obtained as
shown in Table 6, in which V1-V10 denoted the 10 types of native vegetation in Hanzhong including
alfalfa, and 2023 denoted the current status quo of the vegetation's suitability distribution area, and
2030, 2030, 2050 and 2080 represent the predicted vegetation habitability distribution area,
respectively. From the table, it can be seen that the area of suitable distribution of each native
vegetation increased significantly after optimization. At the current stage in 2023, for example, the
area of suitability distribution of the 10 planted vegetation is 281.64 km?, 224.07 km?, 252.78 km?,
236.42 km?, 284.39 km?, 245.03 km?, 201.31 km?, 267.25 km?, 254.19 km?, 237.72 km?, compared to
the pre-optimization growth of 9.01%, 66.56%, 59.41%, 94.42%, 6.82%, 69.70%, 13.70%, 6.72%,
43.30%, and 110.67%, respectively. In the projection of 2080, only 65.89 km?, 71.05 km?, 66.68 km?,
69.23 km?, 76.69 km?, 73.94 km?, 66.83 km?, 69.65 km?, 75.11 km?, and 68.62 km? of the un-optimized
vegetation distributions were left, respectively, and it is expected that they may decrease further in the
future. And after optimization, the fitness distribution area of each vegetation increased by 49.61%,
35.51%, 36.41%, 28.11%, 15.36%, 24.75%, 27.92%, 28.40%, 31.22%, 31.52%, respectively. It shows
that the multi-objective linear planning model constructed in this paper can effectively realize the
growth of the area of the distribution area of the suitability of native vegetation in Hanzhong, so as to
provide scientific support for the protection and restoration strategy of native vegetation in Hanzhong.
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Table 6. Areal product change(km?)

) Before optimization After optimization
Vegetation

2023 2030 2050 2080 2023 2030 2050 2080
V1 258.36 112.66 82.63 65.98 281.64 186.12 110.36 98.71
V2 134.53 91.53 83.5 71.05 224.07 166.92 103.08 96.28
V3 158.57 97.1 95.31 66.68 252.78 170.41 110.1 90.98
V4 121.6 103.12 81.78 69.23 236.42 162.83 104.66 88.69
V5 266.23 107.73 98.49 76.69 284.39 190.56 112.99 88.47
V6 144.39 99.85 93.19 73.94 245.03 186.22 116.37 92.24
V7 177.06 100.13 96.55 66.83 201.31 172.62 107.35 85.49
V8 250.42 103.45 95.89 69.65 267.25 186.1 103.88 89.43
V9 177.38 116.4 92.99 75.11 254.19 156.96 104.45 98.56
V10 112.84 106.77 84.49 68.62 237.72 155.55 115.81 90.25

5.3.2.  Comprehensive benefits analysis. The multi-objective linear programming model constructed
in this paper takes economic and ecological benefits as the objective function, and strives to achieve
the maximum economic and ecological benefits after optimizing the distribution of native vegetation
suitability in Hanzhong. In order to verify the validity of the model in this paper, five optimization
models (denoted as M1, M2, M3, M4, M5, respectively) such as two-population genetic algorithm,
weighted average method model, grey linear programming model, fuzzy linear programming model,
and interval linear programming model were selected to calculate the comprehensive benefits of the
optimization of the distribution of the habitability of the native vegetation in Hanzhong in the years of
2023,2030, 2050 and 2080, and the results are shown in Table 7. As shown in Table 7, the unit of GDP
in the table is billion yuan, and the unit of water demand (Water) is million cubic meters. The results
show that this paper's model can realize the maximum benefits in all time periods. Specifically: in 2023,
the economic benefits achieved by this paper's model in terms of GDP are 1.838 billion yuan, and the
ecological benefits achieved in terms of water demand are 124,800 cubic meters. Compared with the
M5 optimization model with the second best performance, this paper's model improves the economic
and ecological benefits by 36.76% and 56.78%, respectively.In 2030, this paper's model improves the
economic and ecological benefits by 72.21% and 136.39%, respectively, compared with the M5
model.The model M1, M?, and M3 can no longer achieve the economic and ecological benefits of
optimizing the distribution of the suitable distribution of the native vegetation after 2050. The
optimization benefits of models M4 and M5 keep increasing, but the growth rate slows down obviously.
However, the model in this paper not only can realize the continuous growth of the benefits of the
optimization of the distribution of the habitability of native vegetation, but also the growth rate is
increasing, and the benefit growth rate in 2050 compared with 2030 is 46.20% and 48.72%, and the
benefit growth rate in 2080 compared with 2050 is 67.97% and 58.62%, respectively. It is fully
demonstrated that the optimization model of this paper can maximize the economic and ecological
benefits of the optimization of the distribution of native vegetation suitability in Hanzhong, and
effectively achieve the predetermined objectives of the model. At the same time, the above results also
show that the optimization of the distribution of native vegetation in Hanzhong can produce
significant economic and ecological benefits, and with the passage of time, the amount of benefits will
gradually increase, which is in line with the reality of the concept of ecological protection, and further
illustrates the validity of this paper's model.
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Table 7. Optimal allocation efficiency

Models 2023 2030 2050 2080
GDP Water GDP Water GDP Water GDP Water
M1 2.86 0.89 3.07 1.74 3.07 1.74 3.07 1.74
M? 4.83 3.21 5.04 5.68 5.04 5.68 5.04 5.68
M3 6.94 4.84 7.13 7.03 7.13 7.03 7.13 7.03
M4 10.72 6.79 11.22 10.96 7.42 11.94 7.69 12.03
M5 13.44 7.96 13.89 13.85 8.03 13.98 8.17 14.05
Ours 18.38 12.48 23.92 32.74 34.97 48.69 58.74 77.23

6. Conclusion

In this paper, a multi-objective linear programming model was constructed to optimize the
distribution of native vegetation adaptability in Hanzhong City. In 2023, the optimized distribution
areas of the 10 vegetation will be 281.64 km?, 224.07 km?, 252.78 km?, 236.42 km?, 284.39 km?,
245.03 km?, 201.31 km? 267.25 km? 254.19 km? and 237.72 km? respectively, which has a
significant increase compared with that before optimization. In the prediction of 2080, the growth
rates of the optimized adaptive distribution area of native vegetation in Hanzhong City were 49.61%,
35.51%, 36.41%, 28.11%, 15.36%, 24.75%, 27.92%, 28.40%, 31.22% and 31.52%, respectively. The
results show that the multi-objective linear programming model in this paper can continuously
optimize the growth and optimization of the distribution area of native vegetation in Hanzhong City.
At the same time, compared with the other five optimization models, the proposed model can achieve
the greatest economic and ecological benefits of optimizing the distribution of native vegetation
adaptability.
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