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Abstract: The Latent Heat Flux (LE) is an important component of surface water heat transfer and
hydrological cycle, and monitoring it is of great value for water resource management and crop
water demand estimation. The Heihe River Basin has complex topography, which ensures better
variable control in LE analysis. In this paper, the time series analysis and statistics of LE under
different underlying surface conditions in summer were carried out by using the eddy correlation
observation data in the Heihe River Basin, and the regression factors were analyzed. The results
show that when the underlying surface types are greatly different, there are obvious differences in
the daily distribution of LE, the daily variation trend of LE and the influencing factors. The range of
diurnal distribution of LE in dune, Gobi and desert from —-50 W/m? to 100 W/m?2. The diurnal LE
distribution of vegetable fields, cornfields and wetlands were about 55% concentrated between —50
W/m? and 100 W/m?. Temperature and carbon dioxide concentration (COz) are the dominant fac-
tors affecting latent heat flux. Further analysis of temperature and CO:z is carried out by stepwise
regression analysis, and multiple regression models are established. In terms of correlation and
confidence, the results are better than the single factor fitting, which can better reflect the syner-
gistic effect of temperature and CO:z on LE.

Keywords: eddy correlation; latent heat flux; underlying surface; climatic conditions; arid area

1. Introduction

Latent heat flux (LE), as the energy expression of Evapotranspiration (ET), is an
important link and key component of surface water heat transfer, hydrologic prediction,
and hydrological cycle [1-5]. Latent heat of evapotranspiration is a primary process
driving the energy and water exchange between the hydrosphere, atmosphere, and bi-
osphere [6,7]. It is an important element of the hydrological cycle in reflecting the max-
imum water demand of the environment to maintain water balance [8,9]. The water re-
quirement of crops is reflected by evapotranspiration, but it is difficult to accurately
measure evapotranspiration, and the LE can better reflect the evapotranspiration. From
the perspective of meteorological and environmental factors, the climate and environ-
mental factors affecting LE typically include net radiation, relative humidity, air tem-
perature, and leaf area index.

Although many scholars and researchers have studied and discussed the response
relationship between LE and its drivers on the space-time scale, the conclusions are not
completely consistent, especially when sorting the sensitivity of meteorological factors
[10-12]. It indicates that when studying the response relationship between LE and its
drivers, the control of climate, environment and other variables has a certain
one-sidedness. In previous studies, there was often only a single underlying surface, or
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there was a large spatial difference between various underlying surfaces, which made the
analysis results subject to geographical space and it was difficult to form a robust inves-
tigation. Therefore, it is necessary to carry out further work to systematically study the
characteristics of the latent heat flux of different underlying surface types and their rela-
tionship with the drivers.

The estimation and measurement methods of LE have always been a hot topic for
many scholars. Commonly used evapotranspiration measurement methods include the
Bowen ratio energy balance method, the remote sensing method, the in situ measure-
ment method, the hydrologic method and the eddy correlation method [13-19]. The
Bowen ratio-energy balance method has limitations in accuracy under complex geo-
morphological conditions. The hydrology method, based on the principle of water bal-
ance, measures the total evapotranspiration in the study area. The method has the defects
of a large time scale (water balance method) or a small spatial scale (vaporation method)
[20,21]. Remote sensing is suitable for large-scale long-term observations, but it is not
continuous due to the limitation of satellite operating cycle and short transit time. The
applicable conditions, theoretical basis and measurement scale of different methods are
various. Eddy correlation has the advantages of fewer theoretical assumptions, high ac-
curacy, short measurement period, and high temporal resolution, which can obtain a
large amount of evapotranspiration and environmental change information in a short
time. [22]. The method provides a direct verification for the material-energy exchange
model between soil-vegetation atmosphere, which is widely used at present. The eddy
covariance (EC) system of the “Joint Experiment on Integrated Remote Sensing Observa-
tion of Eco-Hydrological Processes in the Heihe River Basin” [23] is applied in the study.
The complex terrain of the Heihe River Basin, including sand dunes, Gobi, vegetable
fields, corn fields, and deserts, ensures variable control during LE analysis. Based on the
EC system observation data of the “Integrated Remote Sensing Observation Joint Ex-
periment of Eco-Hydrological Processes in the Heihe River Basin”, this paper focuses on
typical desert oases landform characteristics in the middle reaches of the Heihe River
[14], and from the perspectives of LE daily frequency distribution, LE daily variation
curve and correlation analysis, etc. The characteristics of latent heat flux and the response
relationship of its influencing factors are discussed when considering spatio-temporal
variation and land cover type.

2. Materials and Methods
2.1. Research Area

The research area is located in Zhangye City, Gansu Province, which is the core oasis
in the middle reaches of the Heihe River Basin (HRB) (100.104~100.853° E, 38.549~39.399°
N). The climate type is semi-arid and arid in the middle temperate zone, with an average
altitude of 1474 m. The annual average temperature is 7.3 °C, the monthly average
maximum temperature is 29.3 °C (July), and the monthly average minimum temperature
is —16.2 °C (January). The average annual precipitation is 130.44 mm, the average annual
precipitation days are 51.6 days, and the average monthly precipitation days are 9.4 days
(July). The area receives plenty of sunshine, evaporation is strong, the annual average
evaporation is 2000~3500 mm, and the temperature difference between day and night is
very large.

In this paper, six stations were selected. Daman superstation is located in the Daman
irrigation district, Zhangye city, Gansu province. The underside of encryption station 1 is
vegetable field, the underside of encryption station 12 is cornfield, and the Huazhaizi
station is a typical desert subsurface with sparse red sand and pearl sand growing on the
surface. In the Bajitan station, the surface is mainly coarse sand and gravel, the surface is
short of water and plants are scarce, and only some drought-tolerant plants such as
tamarisk and camel thorn grow. The Shenshawo station is a barren area mainly covered
by sand with rare plants and dry air; in the Wetland station, the underlying surface is
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wetland with adequate moisture and dense vegetation. The information of these stations
in this paper was collected from a large station in the Heihe Hydrological Remote Sens-
ing Experiment, in which vegetable fields and cornfields are subsite stations of the
Daman Super Station. These sites are complete and informative and suitable for research.
The specific information and distribution of sites in the research area is shown in Table 1
and Figure 1. The land cover of the Heihe River Basin is shown in Figure 2 [24].

Table 1. Site name and related information of the research area.

Site Name Type of Underlay Surface  Altitude(m) Data Start and End Time
station 1 Vegetable ground 1552.8 5 June - 31 August
station 12 Cornfield 1559.3 1 June — 31 August 31
Shenshawo station Dune 1562.6 1 June — 31 August (data unavailable on August 2)
Bajitan station Gobi 1731.0 7 June — 31 August
Huazhaizi station Desert 15494 2 June - 30 August
Wetland station Wetland 1460.0 26 June to 30 August
100° 15'0"E 100° 20 0”E 100° 25'0"E 100° 30°0"E
c
1:30,000,000 % %
100° 15'0"E 100” 20° 0" 100° 25’ 0"k 100° 30" 0"

Figure 1. Geographical location and site distribution map of the research area.
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Figure 2. Land cover map of the Heihe River Basin.
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2.2. Instrument and Test Content

An imaging spectrometer, a light detection and ranging (lidar) system, a
charge-coupled device (CCD), a multi-angle thermal infrared camera, and a microwave
radiometer were used in the test. In the whole HRB, the ordinary automatic meteorolog-
ical station (AMS) measures the radiation, precipitation, air pressure, wind speed and
direction, air temperature, humidity, soil moisture and temperature profiles, and soil
heat flux. The superstation was outfitted with an EC system, a Bowen ration energy
balance system, an LAS (large aperture scintillometer), and a lysimeter (optional) to
measure fluxes at multiple scales. In addition, the standard observations performed in
an ordinary station, photosynthetically active radiation (PAR) and land surface temper-
ature (LST) are measured at a superstation. Detailed instrument introduction can be
found in Li’s article [25,26].

2.3. Research Data

The data needed in this paper are from the thematic test of evapotranspiration over
non-uniform surface in the combined experiment of integrated remote sensing observa-
tion of ecohydrological processes in the Heihe River Basin (referred to as “Joint telemetry
Experimental Study in the Heihe River Basin”, HIWATER [23,26,27]). Six stations were
selected for this study, namely, Bajitan station, Huazhaizi station, Shenshawo station,
wetland station in the middle reaches of the Heihe River (Gobi, desert, dune and wetland
will be used in the following) and two encrypted stations 1 and 12 in the Daman irriga-
tion area (vegetable field and cornfield will be used in the following). EC observation
data of horizontal wind velocity, air temperature, water vapor density, carbon dioxide
concentration and latent heat flux were selected and obtained from Heihe Plan Data
Management Center Network (http://westdc.westgis.ac.cn accessed on: 1 September
2022). The data averaging interval was 30 min, among which the data before June 25 in
wetland station and August 2 in Bajitan Station were missing. The start and end times of
research area sites and data are shown in Table 1.

2.4. Data Processing

There are a small number of missing values in the EC observations. The
interpolation data is mainly LE, and the missing part is mainly concentrated in the early
and late time periods. The trend of LE in these two time periods is not obvious, and it has
no influence on the analysis. Data is complemented by linear interpolation.

Stepwise regression analyses considered the contribution of independent variables
and introduced screening results in descending order. Model identification only needs to
optimize the coefficients of each input, and then uses AIC (Akaike information criterion)
criterion to realize the automatic optimization of parameters, so it has been widely used
[28].

In this paper, correlation coefficients (R) and stepwise regression methods need to
be applied in the analysis of LE and its drivers. Related introductions are as follows:

The R has been widely used to measure the average discrepancy between models,
though they are oversensitive to high extreme values (outliers) [29,30]. R is defined as:

1> 0,0-0)Q,0)-0))
R : )
L2007 30 0-0,

Akaike’s information criterion (AIC) is based on the information-theoretic ap-
proaches [31]. It is a standard for assessing the complexity of statistical models and
measuring the goodness of statistical model fitting. When performing model training, the
complexity of the model tends to increase with increased amount of data. At the same
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time, it is difficult to avoid over-fitting problems. In order to avoid over-fitting of the
model, AIC and BIC (Bayesian Information Criterion) methods are often used. The pen-
alty term of the BIC method is larger than the AIC method, so that in the case of a large
sample size, a more desirable result is obtained [32]. When we use AIC to evaluate the
model fit, we should give priority to models with the lowest AIC value to avoid over fit-
ting [33].

In the general case, AIC can be expressed as:

AIC =2k - 21n(L) 2)

where k is the number of parameters and L is the likelihood function.
The model’s error is subject to an independent normal distribution:

AIC =2k + nIn(RSS / n) 3)

where n is observation number and RSS (Residual Sum of Squares) is the sum of the
residuals.

In view of the multiple impact factors often involved in multiple regression analysis,
the computing cost can be very high to obtain the full set of parameters [34]. Using
stepwise regression is a robust method [35]. The stepwise regression model in accordance
with the quadratic response surface model is given as:

n n n
2
y(x)=a,+ Zal_xl. + Zaﬁxl. + Zaﬁxjxi (4)
i=1 i=1

Jj<1

The stepwise regression method introduces the significant independent variables
into the regression equation according to the order of the independent variables in the
model. It re-examines the significance level test at the pre-specified F or AIC level and
eliminates variables that are not significantly affected by the dependent variable, until
the variables are not able to make the model better by reintroducing the independent
variables, that is, completing the regression process and obtaining the optimal regression
equation [34,35]. According to Equation (4), the objects of stepwise regression can be
linear or nonlinear relations among factors, and the interaction between factors can be
considered. Calculation flow chart is shown in Figure 3.

Set the initial equation

n n n
y(x)=a, + Z:a,xr + ZGUXH‘ + Za”x‘,x,
i=1 i=l i<l

Calculate the AIC value -+

v L2 v

without x, without xx; without x;

| | |
v

Select the variable with the smallest AIC as the | |
cull variable

¥
Calculate R

)

Output fitting equation

Figure 3. Stepwise regression calculation flow chart.
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3. Results
3.1. Analysis of LE Variation Trend under Different Underlying Surface Types

LE data of June, July and August 2012 are selected to draw LE time series diagram
according to different underlying surface types. As can be seen from Figure 3, the current
underlying surface conditions (soil moisture content and vegetation coverage) are simi-
lar, and LE has a similar trend over time; in combination with the historical weather in
Zhangye city in June, July and August 2012, the fluctuation of LE trend line is further
obtained, which is roughly consistent with the sunny and rainy changes in the weather.
In this paper, with sunny days taken as a control variable, station data (vertical line
marker) with weather conditions as sunny days within three months were selected to
further analyze the characteristics and distribution rules of LE days.

Taking sunny days as a control condition and according to different sites, we se-
lected 9-day LE data of 8 June, 19 June, 29 June, 9 July, 13 July, 31 July, 2 August, 21
August, and 27 August 2012, and respectively mapped the nine days of LE intraday
frequency distribution histogram. LE days statistical results are also given. From Figure
4 and Table 2, it can be seen that the peak value and standard deviation of each site are
significantly different, and the difference is closely related to the type of underlying sur-
face. The peak value of LE was 661.3 W/m? for vegetable land, and the minimum value
was 201.2 W/m?2 for dune. The maximum LE standard deviation is cornfield, with a val-
ue of 180.8W/m?2; the minimum is dune, with a value of 39.3 W/m?2. The standard devia-
tion can reflect the degree of dispersion of the research object, and the kurtosis can re-
flect the steepness and slowness of distribution pattern, that is, the distribution of LE
value in vegetable field, cornfield and wetland is relatively discrete and slow, while that
in Gobi, dune and desert is relatively concentrated and steep. At the same time, the cu-
mulative values of Gobi, dune and desert on the -50~100 W/m?2 interval are 92.4%, 89.5%
and 94.1%, respectively, and the cumulative values of vegetable land, corn land and
wetland on the -50~100 W/m? interval are 53.8%, 54% and 57.7%, respectively, which can
also reflect that the dispersion degree and standard deviation of diurnal distribution of
LE are consistent.

Although the underlying surface conditions of each site are different, they can be
roughly divided into two types by analyzing the above data comprehensively: dry (Go-
bi, dune, desert) and wet (vegetable, corn, and wetland). LE value of underlying surface
is concentrated in the range of -50~100 W/m? under the dry environment. Under the
humid environment of the underlying surface, the LE value is also concentrated in
-50~100 W/m?, but with a high degree of dispersion, 42.2~46.2% of LE value is distrib-
uted over 100 W/m2. Evapotranspiration requires three driving factors: energy supply,
adequate vegetation water supply, high summer temperatures and surface temperature.
At the same time, the water vapor flowing upward diffusion and evaporation quantity
increase [36], relatively humid environment, vegetation coverage in the dry environ-
ment, lack of soil moisture, plant transpiration and soil evaporation lead to lack of cor-
responding water supply, and the evaporation quantity is very low [37]. Therefore,
compared with the dry-land environment, the latent heat flux of wetland environment
has a large change range, which can also be confirmed in the results of the study [38].
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Figure 4. Frequency distribution within LE days under different underlying surface types.

Table 2. LE statistical results of 9 days were synthesized under different types of underlying sur-
faces.

Site Name g::::;l(i Average Maximum Minimum Kurtosis Partial
J(W/m?) /(W/m?)  /(W/m?)  /(W/m?) Degrees
station 1 162.35 154.12 661.32 -67.13 -0.28 0.91
station 12 180.83 164.91 627.27 ~75.64 -0.69 0.23
Bajitan station 40.98 29.6 205.03 -56.5 2.99 1.6
Huazhaizi station ~ 56.45 46.26 29291 -71.79 2.34 1.55
Shenshawo 5908 2990 20123 9575 268 111
station

Wetland station =~ 168.83 152.44 636.53 -23.52 -0.4 0.13

3.2. Analysis of Intraday Variation Trend of LE on Different Underlying Surfaces

For different sites, the variation trend of the same site within LE days at different
times was analyzed. Figure 5 shows that the variation trend of different sites within LE
days was mostly the same. According to the climatic conditions at different times in June,
July and August, the lack of EC observation data is based on sunny days and less data
loss. 29 June, 13 July, and 27 August were selected as typical days to further study the
variation trend of LE intraday at different sites on the same time scale (see Figure 6 for
details).

On 29 June, the LE intraday trend lines of all stations were significantly affected by
the underlying surface. At 9:30, the LE intraday trend lines of all stations showed scat-
tered changes. At this time, the LE intraday trend lines of vegetable fields, cornfields and
wetlands continued to rise. At 12:00, vegetable and cornfields showed maximum value,
and then the upward trend slowed down. The minimum value appeared at 12:30 and
13:00, respectively. From 12:00 to 15:00, the overall horizontal vibration of vegetable field
and cornfield presented a multi-peak situation. The intraday trend line of wetland was
slightly different from that of cornfield and wetland, reaching the maximum at 13:00, and
then showing a tendency of oscillation and decline. Within LE days, the trend lines of
Gobi, desert and dune were relatively flat. The internal trend line of the dune is the gen-
tlest, with the lowest peak. There was no significant change throughout the day, and the
desert was between the Gobi and the dune. The multi-peak trend of LE intraday trend
line in vegetable and corn fields was mainly due to the obvious phenomenon of midday
depression of crop, when vegetation stomata was closed and transpiration was weak-
ened. From 15:00 to 16:00, solar radiation decreased, leaf water potential gradually rose,
and vegetation transpiration recovered, which agrees with the law of evapotranspiration
rate change previously reported in the literature [39].
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The average value of LE in wetlands, vegetable fields and cornfields were at the highest
level in three months, reaching the peak value within LE days from 14:00 to 15:00, and the

peak form was a single peak. However, the average LE value of dune, desert and Gobi
was at the lowest level in three months, and the trend line tends to be stable with little
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fluctuation. The daily average LE value was only 33.69 W/m? 56.16 W/m? and 34.83
W/m?2.

The diurnal variation trend of LE at all stations on August 27 was basically con-
sistent with that on July 13 [40]. The peak values of vegetable land, corn land and wetland
decreased slightly from July to the lowest level in three months, among which the peak
values of vegetable land decreased significantly [41].

After comprehensive analysis of the three days’ data, it is not difficult to find that
there is little change in the daily LE trend line of each site on June 29, July 13, and August
27, but there is significant difference in the daily LE trend of different sites compared
with the other sites.
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1 —e— June 19
700 June 29
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600
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500 — —<— July 31
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Figure 6. LE intraday variation trend of nine days under different underlying surface types.
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3.3. Analysis of LE Drivers for Different Underlying Surface Types

This part analyzes the correlation between LE and its driving factors under different
underlying surface types. According to Table 3 and the correlation coefficient statistics of
each driving factor, the LE of this site has a strong correlation with the two driving fac-
tors: temperature and CO2. According to the ranking of stations in Table 2, the correlation
coefficients between temperature and LE were 0.72, 0.70, 0.31, 0.45, 0.39 and 0.68, respec-
tively, and the correlation was extremely significant (p < 0.01). The correlation coefficients
of CO2 and LE were 0.64, 0.64, 0.28, 0.34, 0.18, 0.65, respectively, and the correlation was
very significant (p < 0.01). The correlation between water vapor density and LE was pos-
itive or negative, depending on the site. From the regression curve of Figure 7, it is con-
cluded that in the case of abundant soil moisture, LE and temperature rise rapidly
through exponential relationship, and the rising speed is significantly greater than when
soil moisture is missing. LE and CO: have similar trends with temperature [42]. It is
noteworthy that the underlying surface of the sand dune is the Shenshawo station, and
the increase of LE with CO: does not immediately show a downward trend, but has a
turning point, which is obviously different from the monotonous change of CO:z on the
LE. In this paper, two drivers (air temperature and COz2) with high correlation at each site
were further selected for stepwise regression analysis, and multiple regression equations
were established, as shown in Table 4.
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Figure 7. LE intraday variation trend under different pad types on June 29, July 13 and August 27.

Table 3. The correlation coefficients of LE and influencing factors under different underlying sur-

face types.
Carbon Di-
Wind Speed Temperature Water Vapor ar 0(;“ !
(] D 1 3

/(m/s) /°C ensity/(g/m3) ide/(mg/m?)
station 1 0.38 ** 0.72 ** -0.12 -0.64 **
station 12 0.38 ** 0.70 ** -0.13 ** -0.64 **
Bajitan station 0.20 ** 0.31** 0.16 ** -0.28 **
Huazhaizi station 0.22 ** 0.45 ** 0.10*% -0.34 **
Shenshawo station 0.08 0.39 ** 0.18 0.18 **
Wetland station 0.13* 0.68 ** -0.14 ** -0.65 **

Note: ** and * passed the significance test of 0.05 and 0.1 respectively.

Table 4. The multiple regression analysis of temperature and CO:z on LE under different underly-
ing surface types.

Site Name. Station 1 Station 12  Wetland Station

Intercept item 519.66 -58.56 245.80 **
T 49.57 ** 51.96 ** --

Flttmg Coefficient C02 _239 _083 0002 -
T&CO:2 -0.07 ** -0.07 ** -

(CO2)2 0.002 ** 0.001 * 0.004 **

(T2 - -- 0.20 **
R2 0.59 0.56 0.51

Note: * indicates that the relationship is significant at the level of 0.1 by T-test.** indicates that the
relationship is significant at the level of 0.05 by T-test. T & CO2 represents the interaction between
temperature and CO2. -- denotes that the data is empty.

Figure 8 shows there is a positive correlation between air temperature and LE, be-
cause the altitude of Zhangye city is relatively high and the sunlight is sufficient, and the
solar radiation will cause the temperature rise [43,44]. The opening and closing degree of
plant stomata is closely related to the temperature, and the solar radiation provides an
energy supply for the transpiration of plants, so LE increases with the temperature rise.
There is a significant negative correlation between CO: and LE, which is because the in-
crease of CO:z concentration, the decrease of stomatal opening and stomatal conductance
increases the resistance of water vapor transportation, leading to the decrease of tran-
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spiration and latent heat flux. The correlation between water vapor density and LE is
positive or negative. It can be considered that under the type of underlying surface with
high vegetation coverage of vegetable land, corn land and wetland, soil moisture content
is high, and the size of surface LE is mainly contributed by plant transpiration. In Gobi,
dune and desert, the influence of temperature and CO: on LE is greatly reduced, and the
correlation between water vapor density and LE changes from negative to positive. This
is mainly because the underlying surface is composed of sand and gravel, and its parti-
cle size is large, and the contact area with air is also large relative to the soil, and the
water is more likely to evaporate. At the same time, the specific heat capacity of sand is
relatively small. This is mainly because the underlying surface is composed of sand and
gravel. At the same time, due to the high temperature in summer, the soil water poten-
tial drops sharply, and the transpiration and respiration of plants are restricted. At this
time, LE is mainly provided by soil evaporation. Currently, soil evaporation leads to LE
as well. As can be seen from Table 4, the correlation and credibility of the model estab-
lished by considering the dual factors of temperature and CO:z on LE have been im-
proved, indicating that the influences of temperature and CO:z on LE are mutually com-
plementary and affect each other through the transpiration and respiration of plants.

Station 1 Station 1
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Figure 8. Regression analysis curves of LE and influencing factors under different underlying sur-
face types.

3.4. Deficiencies and Discussions

Based on the EC observation data of the HIWATER test, this study discussed and
analyzed the characteristics of evapotranspiration and the impact of various drivers on
LE fluxes under different underlying surface types. Studies have shown that different
conditions of dry (dune, desert, Gobi) and wet (vegetable land, corn land, wetland) un-
derlying surface, latent heat flux distribution and intradernal variation trend are differ-
ent, and vegetation cover has a greater impact on latent heat flux. Due to the limited ob-
servation time of this experiment, the corresponding hydrological annual frequency is
single, which may be affected by the uneven distribution of rainfall in the year. In
densely vegetated areas, precipitation is often more abundant. Because the plant roots
store water, soil moisture is retained, so soil/plant moisture content is not the main rea-
son for limiting evapotranspiration. In sparsely vegetated areas, precipitation is relatively
low After precipitation occurs, soil water is rapidly replenished, but at the same time it
also rapidly evaporates, soil water is difficult to retain, and soil/plant water content will
limit the generation of evapotranspiration [45]. Therefore, in this study, it was found that
in arid regions, evapotranspiration has no obvious correlation with each influencing
factor, and the regularity of the corresponding data is even worse, so the evapotranspi-
ration model estimation featuring vegetation cover has more potential [46—48]. Through
the analysis of climate, environment and geomorphology, the conclusions obtained are
more referential, which can provide a reliable reference for the study of drivers affecting
farmland irrigation, drainage and evapotranspiration [49].

The drivers of latent heat flux under different underlying surface types are various,
as well as the degree of correlation. There is not a simple linear relationship between the
drivers and latent heat flux, and there is a turning point in the influence of CO: on latent
heat flux under dry conditions. The weather on the research day selected in this paper
was sunny. The diurnal variation of ET is prone to obvious mutation within a certain
time after the occurrence of precipitation. However, due to the great influence of rainfall
on EC observation instrument [50], the variation trend of latent heat flux under different
weather conditions of sunny and rainy months in June, July and August in summer was
not studied [27,51]. In addition, studies on latent heat flux and other meteorological
factors have not been introduced [52].
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4. Conclusions

Different underlying surface types will affect the distribution characteristics of latent
heat flux, and the difference of latent heat flux is small under the condition of small dif-
ference in surface vegetation coverage and soil moisture.

In the same season, the diurnal variation trend of latent heat flux under the same
underlying surface type was not significantly different, but the diurnal variation trend of
LE under different underlying surface types was significantly different. When soil
moisture is sufficient, latent heat flux will be affected by the midday depression of crop,
and the change range is large. When soil moisture is deficient, latent heat flux fluctuates
gently.

When the soil water supply is sufficient, the correlation between temperature and
CO: and latent heat flux is strong. As air temperature rises, soil evaporation and plant
transpiration strengthen, and latent heat flux increases; CO: concentration affects sto-
matal resistance, so that latent heat flux decreases with increasing CO: concentration;
when soil water supply is sufficient, the synergistic effect of temperature and CO: has a
great impact on latent heat flux through transpiration and respiration of plants.

This paper only compared and analyzed the relationship between influence factors
and latent heat flux of all stations in the middle reaches of the Heihe River in June, July,
and August 2012, which was limited in terms of time scale. Therefore, more studies are
needed to reveal the role and influence of evapotranspiration in surface energy trans-
mission and water circulation.
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