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Abstract

:

While using sap-flow sensor measurements is a well-established technique for quantifying leaf water transpiration in tree species, installing and maintaining a large number of sensors and data loggers in large-scale plantations to obtain accurate measurements is both costly and time-consuming. We developed a copula-based approach to predict sap flows based on readily available vapor pressure deficits (VPDs) and found that the Normal copula was the best among five commonly used copulas. The Normal-copula approach was validated using our field-measured eastern cottonwood (Populus deltoides (Bartr. ex Marsh.)) sap flow data, yielding solid statistical measures, including Mann–Kendall’s τ = 0.59, R2 = 0.81, and p-value < 0.01. The approach was applied to predict sap flows of eastern cottonwood during the growing period from 1 March to 31 October 2015 as well as the 5-year growing period from 2019 to 2023. It successfully replicated the characteristic diurnal sap flow pattern, with rates increasing during the day and decreasing at night, as well as the typical seasonal pattern, with rates rising from winter to summer and decreasing from summer to next winter. Our study suggests that the copula-based approach is a reliable tool for estimating sap flows based on VPD data.
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1. Introduction


Heat-based sap flow measurement is a non-destructive method used to quantify the transpiration of tree species [1], while the transpiration of trees is a critical component for better-estimating forest evapotranspiration (ET) [2]. In general, forest ET is water transpiration from tree leaves plus water evaporation from bare soil, tree canopy, and open waterbodies in forest watersheds. It has been reported that forest ET contributes more than any other ecosystem to global ET, accounting for 44% of total ET [3]. Forest watersheds have long been recognized for conserving rainwater, mitigating surface water runoff, and generating clean water [4], while tree ET means a large amount of water is lost from forest watersheds, and it is a crucial surficial process for estimating hydrologic cycles and water resource availability [5,6]. Although sap flow measurement is a well-established technique used to measure tree transpiration with the advantage of continuously monitoring without modifying the ambient environment [2], this technique is costly and time-consuming because it involves the installation and maintenance of large numbers of sensors, dataloggers, and field crews in large-scale plantations for accurate measurements. Therefore, a need exists to develop practical and reliable methods for estimating tree water use in forest watersheds.



This issue may be tackled with an understanding that correlations exist between sap flow and some surficial environmental factors such as photosynthetically active radiation, air temperature, relative humidity, vapor pressure deficit (VPD), and solar radiation [7,8,9]. Nadezhdina et al. [8] measured sap flow in apple trees (Malus domestica Borkh.) and reported that the diurnal pattern of sap flow is somewhat correlated to environmental factors such as leaf water potential, air temperature, relative humidity, and solar radiation. Liu et al. [7] reported that sap flows of sawtooth oak (Quercus acutissima Carruth) and China-fir (Cunninghamia lanceolate (LAMB) Hook.) are, to a certain degree, correlated to photosynthetically active radiation, air temperature, relative humidity, VPD, precipitation, and soil water content. While the above and many other studies provide useful insights into the correlations between sap flow and surficial environmental factors, most of the correlations have a low coefficient of determination (R2). It appears that the diurnal pattern of sap flow is not strongly associated with that of environmental factors. Therefore, it is impractical to simply predict sap flux based on those environmental factors.



To circumvent this obstacle, Ouyang et al. [10] developed a STELLA (Structural Thinking and Experiential Learning Laboratory with Animation)-based model to predict the sap flow of eastern cottonwood (Populus deltoides (Bartr. ex Marsh.)) in Mississippi, USA, using VPD with adjustments. The VPD is selected in their study partially because VPD data are easy to obtain from local weather stations, and the correlation of sap flow to VPD is somewhat more substantial than other environmental factors [10]. After calibration and validation, the STELLA model was able to predict the diurnal and annual patterns of sap flow: it increases during the day and decreases at night, increases from winter to summer, and then falls from summer to next winter. The model provides a new means to predict sap flow using the readily available VPD. One primary assumption in applying this model is that the diurnal peaks of VPD and sap flow do not arrive at the same periods, and thus, the VPD peak times need to be adjusted to match those of sap flow. These adjustments vary with tree species, site conditions, and geographical locations. The major limitations of the STELLA-based model were that soil water availability is not a limiting factor for sap flux and the exceedingly high sap flux peaks were not easy to predict. Additionally, STELLA is a commercial software package (https://www.iseesystems.com/store/products/stella-architect.aspx, accessed on 10 April 2024) and may involve a moderate to steep learning curve for users. These make the applications of the STELLA-based model somewhat difficult.



Chen et al. [11] developed a statistical method to calculate sap flow using heat–response curves. While this is a viable approach, field experimental data for heat pulse are required. Recently, Li et al. [12] developed an integrated network model by combining CNN (convolutional neural network)-GRU (gated recurrent unit)-BiLSTM (bidirectional long-short-term memory) networks to predict sap flow. However, this network model would require a large amount of experimental data. To overcome these limitations, a better approach with easily obtained and/or readily available data is very necessary. To this end, a copula method is employed in this study to predict sap flow based on VPD.



Copula analysis is a multivariate statistical approach used to identify the relationships among random variables that are otherwise difficult (if not impossible) to determine by traditional methods. As an example, Ouyang [13] has successfully applied the couple method to predict stream discharge using precipitation data, which is not possible by using traditional methods. The copula method was first developed by Sklar [14] and has been widely used for multidisciplinary applications, including actuarial science, finance analysis, hydrological modeling, and water resources management [15,16,17,18,19]. In recent years, some efforts have been made to apply copula regressions to predict one variable using other variables [10,20,21]. The advantage of copula regression is that there is no restriction on probability distribution as compared to the ordinary least squares and generalized linear regression methods [22]. Masarotto and Varin [21] applied a Gaussian copula regression model to fit malaria data with an excellent linear correlation, while Cote et al. [20] ranked property and casualty insurance using copula regression. These copula-based regression studies provide beneficial insights into developing correlations among random variables. However, few efforts have been devoted to establishing the correlations among hydrological variables using copula-based regression.



This study aimed to estimate hourly tree sap flow based on hourly VPD using the copula method. Our specific objectives were to (1) select the best copula function for predicting sap flow based on VPD in the R-Statistics platform; (2) validate the predicted sap flow from the selected copula with our field-measured data; and (3) develop a copula-based regression equation and apply it to predict the eastern cottonwood sap flow when the measured data are not available.




2. Materials and Methods


2.1. Data Acquisition


The sap flow and VPD data were obtained at the eastern cottonwood biomass production plantation (Figure 1) near Hollandale, Washington County, Mississippi, USA [9]. The plantation was originally established in 2012 to study eastern cottonwood biomass production with a planting density of 1 m × 1 m and a plot area of 1.01 hectares. In this study, we installed 2 cm long laboratory-made heat-dissipation-type sensors on 18 eastern cottonwood trees in the plantation to collect sap flow from September 2016 to September 2018. One sensor pair consists of a reference sensor and a heated sensor, each containing thermocouples within hypodermic needles. The sensors for each pair were mounted about 10 cm apart vertically and then covered with insulated aluminum shielding to prevent solar radiation from impacting readings. All sensors were connected to a CR1000 datalogger and an AM 16/32/B multiplexer (Campbell Scientific Inc., Logan, UT, USA), and the instrumentation was powered by rechargeable marine deep-cycle batteries connected to a solar panel. Measured sap flow data at a 30 min collection interval were transmitted to an office computer through a wireless carrier (Verizon Inc., New York, NY, USA). Details on the sap flow measurement and data acquisition can be found in Ouyang et al. [10].



The time-series air temperature and relative humidity data (used to calculate VPD) at the same collection interval were downloaded from the on-site weather station. Missing data from the on-site station were filled with data from the nearest weather station. The time-series hourly VPD data were then calculated as [23]:


    D   v p   =   1 −     R H   100       × 610.7 ×   10     7.5   T   a i r     237.3 +   T   a i r        



(1)




where Dvp is the VPD (Pa), RH is the relative humidity (%), and Tair is the air temperature (°C).



Figure 2a shows a poor correlation (R2 = 0.2631) between the measured sap flow and the calculated VPD, while Figure 2b reveals that the peaks of the daily sap flow came about 4 h earlier than those of the VPD. It is apparent that we cannot use the equation shown in Figure 2a to predict sap flow based on VPD. Therefore, the copula method was employed in this study.




2.2. Copula Analysis


Several methods are used to develop copula functions, but the methods of inversion, generation, and extreme value are the most used ones [24]. Copulas built with the inversion method are elliptical, copulas derived with the generation functions are Archimedean copulas, and copulas represent the dependence structure between extreme values (or exceptional events are extreme-value copulas) [24]. Copulas derived by these methods are determined by a small number of parameters that are not flexible, especially in high dimensions. Vine copulas circumvent this obstacle and are highly flexible and numerical applicable copula classes [25,26]. A wide variety of copula families are available within the Vine copulas for selecting the dependence structure, making selection of appropriate copulas somewhat difficult. In this study, we applied the Vine copulas package in the R-Statistics platform to select the best copula out of the five commonly used bivariate copulas, namely the BB8 (Joe-Frank), Clayton, Frank, Gumbel, and Normal copulas, for fitting our sap flow and VPD data. The following six steps were employed to perform the copula analysis [10,13]:




	i.

	
VPD data adjustment. Figure 3a shows the percentages of maximum diurnal peak values for the measured hourly sap flow and VPD. About 95% of the diurnal sap flow peaks occurred at 12 h, while about 95% of the diurnal VPD peaks took place at 16 h, indicating a 4 h lag with 95% maximum values in the sap flow and VPD data. To accurately predict hourly sap flows based on hourly VPDs, the VPDs need to be adjusted by shifting 4 h backward to align with the diurnal peaks of the sap flow (Figure 3b). This shift will obtain a better correlation between sap flow and VPD when randomly generating the correlation in copula analysis.














	ii.

	
Histogram plot. A histogram plot showed a Gamma distribution of the sap flows and VPDs (Figure 4). Thus, the Gamma type of distribution was used as a marginal distribution function when building the bivariate distribution for the five copulas. In statistical analysis, the probability distribution of all its random variables is defined as a joint distribution, whereas the probability distribution of one random variable is called a marginal distribution. The marginal distribution functions play a vital role in determining dependence among random variables. Two random variables are dependent (or correlated) if and only if their joint distribution function is not equal to the product of their marginal distribution functions (https://www.statlect.com/glossary/marginal-distribution-function, accessed 10 April 2024).














	iii.

	
Dependence of sap flow on VPD. In a copula analysis, the correlation (or dependence) of two or more variables is normally measured (or estimated) by Mann–Kendall’s tau (τ) and Spearman’s rho methods. In this study, Mann–Kendall’s τ value was used to measure the correlation (or dependence) between the sap flow and the VPD. The τ value ranges from −1 to 1. If τ = 0, no relationship exists, and if τ = 1 (or −1), a perfect relationship exists (with positive τ for an increasing trend and negative τ for a decreasing trend). The best copula function (with the highest τ value) was selected for further analysis.




	iv.

	
Validation of the selected copula. The selected copula function was used to predict sap flows based on VPDs. The predicted sap flows were then compared with our field measurements. The goodness-of-validation was estimated with Mann–Kendall’s τ at p < 0.01.




	v.

	
Randomly generate sap flow and VPD data. Once the selected copula was validated, it was used to randomly generate sap flow and VPD data.




	vi.

	
Establish a copula-based regression equation. The randomly generated sap flow and VPD data (Step 5) were used to establish a copula-based regression equation in an Excel spreadsheet. This equation was applied to predict sap flows when the VPDs were given. It should be noted that the sap flows predicted by the copula-based regression equation based on VPDs do not include the time-series component. In the real world, however, sap flow varies with times in hourly, daily, monthly, and annual manners. In other words, the sap flows predicted by the copula-based regression equation cannot be directly used because they do not tell when the sap flows occurred. Therefore, the time-series component must be included in the copula analysis. Fortunately, VPD data are always associated with time series and therefore the sap flows predicted by the copula-based regression equation based on VPDs are time-series data.









Steps ii to v were implemented using an R script (R 4.3.0) written in this study. This script is available to readers upon request. The flow chart associated with the above six steps is shown in Figure 5 for readers’ convenience.





3. Results


3.1. Copula Selection and Validation


A comparison of the Mann–Kendall’s τ and p values among the five copulas (Table 1) reveals that the Normal copula was the best one in predicting sap flows based on VPD data because of its highest τ value (0.59). The p-value is a statistical measure of a trend; if p ≤ 0.05, there is a monotonic trend [27].



The Normal (or Gaussian) copula belongs to the elliptical copulas family and is derived from the multivariate Gaussian or Normal distribution [28] as:


    C   N o r m a l   (   u   1   ,   … ,   u   n   ) =   Φ   n   [   ϕ   − 1       u   1     , … ,   ϕ   − 1       u   n     ]  



(2)




where Φ is the cumulative distribution function (cdf) of a multivariate normal distribution with zero mean and covariance matrix, and Φ is the cdf of the standard normal distribution at θ (0, 1). The Normal copula is popular as it allows for modeling dependence in arbitrarily high dimensions with only one parameter governing the strength of dependence. The τ value for the Normal copula is calculated as:


  τ =   2   π   a r c s i n θ  



(3)







The goodness-of-fit of the Normal copula was validated by comparing the copula predicted and measured sap flows and VPDs (Figure 6). The measured hourly sap flow data were the averaged sap flow from 18 trees in the plantation from 2017 to 2018, whereas the calculated VPD data were obtained using the measured air temperature and relative humidity during the same period and Equation (1). With τ = 0.59 and p < 0.01, we concluded that the predicted sap flows matched the estimated sap flows reasonably well.



Based on the sap flow and VPD data randomly generated from the Normal copula, the following copula-based regression equation was obtained (Figure 7):


      Y   s a p   = 1.38 ×   D   V P D                                   R   2   = 0.81 ,     p < 0.001  



(4)




where Ysap is the predicted sap flow (g/m2/h) and DVPD is the VPD (Pa). When the time-series VPD data are available, the time-series sap flows can be predicted using Equation (4). It should be kept in mind that the sap flow predicted using Equation (4) is the average value of a tree from the plantation. For the whole plantation, the overall sap flow can be summed up if the tree planting density of a plantation is known.



While we cannot use the equation shown in Figure 2a to predict sap flow based on VPD because the sap flow had a very poor correlation (R2 = 0.26) with the VPD, we can apply Equation (4) to achieve the goal because these two variables had a very good linear correlation (R2 = 0.81) after copula analysis (or transformation). The results prove that a good correlation between sap flow and VPD can be established with copula transformation, which is otherwise very difficult to accomplish using traditional methods.



To develop confidence in applying the copula-based regression in Equation (4), we further validated this equation with another set of measured sap flow and VPD data during the period from 1 March to 31 October 2016 (Figure 8). With reasonable R2, low normalized root-mean-square error (nRMSE), high Nash–Sutcliff efficiency (NSE), and low p-value, we concluded that the copula-based regression equation (Equation (4)) is adequate for predicting sap flows based on VPDs.




3.2. Growing Season Sap Flow Prediction


Predictions of average hourly tree sap flow in a 5-year-old eastern cottonwood plantation over a growing season from 1 March to 31 October 2015 are given in Figure 9a. The VPD data used for the predictions were calculated with Equation (1) using air temperature and relative humidity data obtained from the on-site weather station. It should be noted that the growing season of eastern cottonwood was used because a very low sap flow of eastern cottonwoods occurred during winter. As stated in the previous section, sap flow predicted with Equation (4) is the average value of a tree in the plantation.



The predicted average hourly sap flow varied from time to time over the growing season, with a maximum of 5442 g/m2/h occurring in August (Figure 9a) due to the high air temperature. The predicted average sap flow was 1311 g/m2/h during the growing season, which was comparable to our measured average sap flow of 1307 g/m2/h for the same growing season and tree species. The results indicated that the Normal copula-predicted sap flows were well within the range of the measured ones.



The monthly variation of sap flow during the growing season can be deduced from Figure 9a. The hourly sap flow increased from March, attained its maximum in August, and decreased from August to October. On average, the monthly amount of sap flow followed the order: August (1273 kg/m2) > July (1132 kg/m2) > June (985 kg/m2) > May (925 kg/m2) > September (802 kg/m2) > April (691 kg/m2) > October (608 kg/m2) > March (431 kg/m2). This pattern of monthly sap flow corresponded well to that of the monthly air temperature in Mississippi. The higher the air temperature, the larger the leaf sap flow that occurred. Similar results were obtained by Vose et al. [29]. These authors quantified the tree and stand-level transpiration of eastern cottonwoods in central Texas and reported that the highest sap flow of the eastern cottonwoods occurred during early summer.



The diurnal pattern of the predicted sap flows over a 2-week period in summer from 1 June to 14 June 2015 is shown in Figure 9b. The results showed that the sap flow increased in the early morning, reached the maximum in the late afternoon, and decreased at night. This diurnal pattern was comparable to that reported by Ouyang et al. [10], who performed a field experiment to measure eastern cottonwood sap flow at the same study site using sensors. Figure 9b further reveals that the sap flow peaks varied from day to day over the 2-week period. For example, the sap flow peak was 1710 g/m2/h at 17 h (1 June) but was 4000 g/m2/h at 114 h (5 June). The latter was about 2.3 times greater than the former. This occurred due to the variations of weather variables such as air temperature and precipitation.




3.3. Multiple Years Sap Flow Prediction


Annual variations of average daily eastern cottonwood sap flow over approximately a 5-year simulation period from 1 January 2019 to 31 October 2023 are presented in Figure 10a. This figure shows a typical annual pattern of sap flow increasing from winter to summer and decreasing from summer to next winter. This annual pattern corresponded well to the annual pattern of air temperature. It is apparent that air temperature is one of the major driving forces for eastern cottonwood sap flow. Additionally, the annual pattern of sap flow was similar to that reported by Samuelson et al. [30]. These authors performed field experiments to estimate the influence of irrigation and fertilization on the sap flow and hydraulic properties of a 3-year-old eastern cottonwood at a 24.4 ha experimental plantation located near Aiken, South Carolina, USA. Our simulations further reveal that the annual average daily sap flow of a tree was 23,038 g/m2/d, which was comparable with that of 25,920 g/m2/d reported by Ouyang et al. [9] at the same study site. The results confirmed that the copula-based regression equation was able to repeat the annual pattern of daily eastern cottonwood sap flow.



Seasonal changes of sap flow over the 5-year simulation period are shown in Figure 10b. The order of sap flow was summer (14,013 kg/m2/season) > fall (10,765 kg/m2/season) > spring (9618 kg/m2/season) > winter (3325 kg/m2/season). In other words, the summer season accounted for 37% and the winter season accounted for 9% of the sap flow, with spring and fall seasons in between.





4. Conclusions


This study develops an approach to predict tree sap flow based on the vapor pressure deficit (VPD) using the copula method in the R-statistics platform. The approach was tested against field-measured data collected with sensors from an eastern cottonwood plantation. A very reasonable agreement was obtained between the copula-predicted and field-measured sap flows, as indicated by the Mann–Kendall and Nash–Sutcliffe efficiency statistics.



The copula-based approach was applied to ascertain eastern cottonwood sap flows at a time when the measured sap flows were unavailable. The results suggest that the copula-based approach is a useful tool for predicting sap flows in a time-saving and cost-effective manner.



It should be noted that the copula-based approach can also be used to predict the sap flows of other tree species. For a specific tree species and study site, users will first need some measured sap flow data to develop a copula-based regression equation between sap flow and VPD by following the steps outlined in Section 2.2.



The copula approach developed here has great potential to predict biomass production based on plant water use and soil nutrient availability in forest management; surface water contamination (e.g., sediment contamination) based on stream discharge in water resource management; and climate change impacts on hydrological processes based on changing air temperature and precipitation.



A major limitation in the application of the copula approach is the need for field-measured data to establish a copula-regression equation between sap flow and VPD for a specific study site. However, this limitation applies to most well-known models such as SWAT (soil and water assessment tool) and HSPF (Hydrological Simulation Program—FORTRAN). To apply the SWAT and HSPF models, users must have field-measured data for model calibrations and validations.



The Kernel density function and machine learning algorithms have been employed to predict plant sap flow. Further study is therefore warranted to compare the copula approach developed here with the Kernel density function and machine learning algorithms for predicting tree sap flow.
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Figure 1. Location of the Hollandale biomass study site in Mississippi, USA. 






Figure 1. Location of the Hollandale biomass study site in Mississippi, USA.



[image: Forests 15 00695 g001]







[image: Forests 15 00695 g002] 





Figure 2. Relationship between measured sap flow and VPD (a) and diurnal patterns of the measured sap flow and VPD over a week in spring 2016 (b). 
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Figure 3. Percentages of maximum peak values for sap flow and VPD occurred in 24 h (a) and their adjustment (b). 
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Figure 4. Histogram plots of VPD (a) and sap flow (b) data, showing a Gamma type of distribution. 
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Figure 5. Flow chart used to perform copula analysis. 
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Figure 6. Comparison of the measured and copula-predicted sap flows and VPDs. The Mann–Kendall’s τ is 0.59 between the predicted and measured sap flows at p < 0.01. 






Figure 6. Comparison of the measured and copula-predicted sap flows and VPDs. The Mann–Kendall’s τ is 0.59 between the predicted and measured sap flows at p < 0.01.



[image: Forests 15 00695 g006]







[image: Forests 15 00695 g007] 





Figure 7. Relationship between the Normal copula predicted sap flow and VPD. 
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Figure 8. Comparison of the predicted sap flows using the copula regression Equation (4) with the measured sap flows. 
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Figure 9. Copula predicted hourly sap flows over a growing season (a) and a 2-week period during summer (b). 






Figure 9. Copula predicted hourly sap flows over a growing season (a) and a 2-week period during summer (b).



[image: Forests 15 00695 g009]







[image: Forests 15 00695 g010] 





Figure 10. Copula predicted daily (a) and seasonal (b) sap flows over a 5-year period from 2019 to 2023. 
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Table 1. Comparison of the Mann–Kendall’s τ and p values among the five copulas used to predict sap flows based on VPDs.
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	Copula Function
	τ
	p-Value





	BB8
	0.33
	0.01



	Clayton Copula
	0.21
	0.01



	Frank Copula
	0.16
	0.01



	Gumbel Copula
	0.04
	0.01



	Normal Copula
	0.59
	0.01
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