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Abstract

:

The measurement of plant sap flow has long been a traditional method for quantifying transpiration. However, conventional direct measurement methods are often costly and complex, thereby limiting the widespread application of tree sap flow monitoring techniques. The concept of a Virtual Measurement Instrument (VMI) has emerged in response to this challenge by combining simple instruments with Artificial Intelligence (AI) algorithms to indirectly assess specific measurement objects. This study proposes a tree sap flow estimation method based on environmental factors and AI algorithms. Through the acquisition of environmental factor data and the integration of AI algorithms, we successfully achieved indirect measurement of tree sap flow. Accounting for the time lag response of the flow to environmental factors, we constructed the Magnolia denudata sap flow estimation model using the K-Nearest Neighbor (KNN), Random Forest (RF), Backpropagation Neural Network (BPNN), and Long Short-Term Memory network (LSTM) algorithms. The research results showed that the LSTM model demonstrated greater reliability in predicting sap flow velocity, with R2 of 0.957, MAE of 0.189, MSE of 0.059, and RMSE of 0.243. The validation of the target tree yielded an R2 of 0.821 and an error rate of only 4.89% when applying the model. In summary, this sap flow estimation method based on environmental factors and AI provides new insights and has practical value in the field of tree sap flow monitoring.
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1. Introduction


Root systems play a critical role in the physiological activities of plants, including their growth, development, temperature regulation, and nutrient transport [1,2,3]. Adequate water supply not only contributes to photosynthesis and dry matter accumulation, but also fulfills the basic nutrient requirements for healthy plant growth [4]. Most of the absorbed water is used for plant transpiration [5,6]. Due to growth rhythmicity, the water uptake efficiency of the plant root system shows cyclical variations in different seasons or at different times of the day [7]. Extensive research has been conducted to reveal the biological mechanisms involved in the above processes [3,8,9]. Measuring plant sap flow has long been a traditional method to quantify transpiration. Various techniques have been employed in this field, including the dye method, isotope tracing method, gravimetric method, magnetic fluid mechanic method, whole-tree container method, rapid weighing method, and heat technique [10,11,12,13]. In forest environments, traditional methods such as the whole-tree container method and rapid weighing method may introduce potential errors during sampling and measurement. In contrast, the heat technique has multiple advantages due to its high sensitivity, real-time monitoring capability, and relatively simple measurement procedures. It is worth noting that the heat technique supports digital modeling, automated data collection, storage, and multi-probe measurements at different time intervals [14]. This technique has become the preferred method for researchers in various application scenarios [15]. Currently, the widely adopted method involves the use of thermal dissipation probes (TDP), which are inserted into tree trunks to measure the voltage difference between the upper and lower probes. These measurements are calibrated and modeled based on known sap flow data, and the voltage signal changes are used to estimate tree sap flow rates [16]. Despite the great potential demonstrated by heat-based sap flow monitoring instruments in practical applications, their relatively high costs still limit their development. The manufacturing and maintenance costs of these instruments are high, and their power supply depends mainly on mains electricity or solar cells, which restricts their feasibility in large-scale and long-term monitoring applications. Even in extensive areas such as forests, there are still challenges in overcoming technical and resource limitations for widespread device installations. In addition, the process of acquiring sap flow data also faces challenges. Complex data preprocessing procedures and tedious calibration steps make it difficult to directly analyze and interpret the raw data collected from monitoring instruments. These data preprocessing steps may include noise filtering, data interpolation, and outlier handling, which require a significant amount of time and human resources. At the same time, instrument calibration needs to be regularly conducted to ensure the accuracy and reliability of sap flow data. All these factors, to some extent, reduce the efficiency of sap flow data acquisition. Therefore, finding an economically feasible and reliable plant sap flow monitoring method, particularly for third-world countries, is a highly meaningful research topic.



In our previous research, the concept of a virtual measuring instrument (VMI) was introduced [17]. As an innovative measurement device, the VMI combines the results of real measuring instruments with computer algorithms to simulate the measurement behavior of another instrument. Its uniqueness lies in its ability to simulate the effects of using expensive measuring instruments with relatively cheap or simple instruments. In recent years, the rapid development of artificial intelligence (AI) algorithms has brought new possibilities to VMI. Especially in dealing with large and complex data and conducting accurate simulations, AI has shown tremendous potential and advantages. According to VMI theory, we can transform the collection of sap flow data from traditional heat-based instrument measurements to estimation using more economical instruments combined with AI algorithms. Based on this theory, our research method is as follows: first, real sap flow data of certain trees are obtained using heat-based methods in specific areas; then, through feature engineering methods, we identify environmental factors that affect sap flow variations [18,19,20]. Finally, we build a sap flow estimation model based on AI algorithms. Then, we deploy simple instruments in other areas and apply the model we have established to obtain sap flow estimations for those areas. Therefore, to some extent, we can deploy micro-weather stations within a forest to obtain small-scale meteorological data. Even on a larger scale, we can consider spatial interpolation using rough meteorological station data or use remote sensing technology to obtain data of different resolutions. Ultimately, by utilizing the model we have established based on real data, we can estimate tree sap flow at different scales [21] (such as individual trees, entire forest stands, etc.).



In recent years, the rapid development of AI algorithms has introduced new possibilities for VMI. Especially in handling large and complex data and performing accurate simulations, AI has demonstrated great potential and advantages [22,23]. Initially, linear regression models were used to analyze sap flow data based on long time series as inputs for AI algorithms. However, researchers later realized that there are complex nonlinear relationships between environmental factors and sap flow [24], leading them to turn to more powerful machine learning algorithms such as support vector machines, extreme gradient boosting, random forests, and single-layer neural networks (ANN) [24,25,26,27,28,29]. However, recent research has focused on the field of deep learning, exploring more complex models. For example, ANN has been expanded into a multi-layer structure, and the long short-term memory network, with memory units and a new convolutional gated recurrent unit (CGRU) structure, have been introduced [30]. These innovative deep learning methods aim to better capture dynamic patterns and complex correlations in long time series data, thereby improving the accuracy and predictive performance of sap flow data analysis.



VMI, as a logical integration of physical measuring instruments and algorithms, requires consistent measurement results for different objects being measured. Existing research has clearly shown that AI models for sap flow velocity have significant application potential and achieve satisfactory high accuracy in arid or semi-arid regions. Therefore, the focus of this study was to explore whether similar AI models can obtain similar results in urban green spaces. Additionally, we also aimed to investigate if there exists a specific AI model that can consistently achieve high accuracy levels in our study and other research. If this model was validated, it would have the potential to become a fixed algorithm for VMI. In this study, we employed K-nearest neighbors (KNN), random forest (RF), backpropagation neural network (BPNN), and long short-term memory network (LSTM) algorithms to estimate the sap flow of Magnolia trees in urban green spaces.




2. Materials and Methods


2.1. Study Site


The experimental site for this study is located at the Qing Song Science Base of the Shanghai Institute of Landscape Science and Planning (31°9′15′′ N, 121°26′36′′ E), with an average altitude of 2.2 m. The site has a subtropical monsoon climate, characterized by an average annual temperature of 17.8 °C. The maximum temperature can reach 39.9 °C during July and August, while the minimum temperature can drop to −12 °C in winter. The site experiences a distinct four seasons, and annual precipitation is primarily distributed between May and September. The site receives rainfall in three different seasons: spring, plum, and autumn, with an annual rainfall of 1159.2 mm. The frost-free period at the site lasts approximately 230 days throughout the year. The soil at the site is predominantly clayey and heavy, with an average pH of 7.79. The soil is dominated by sandy, powdery clay, with high bulk mass and poor soil porosity.



The Magnolia (Magnolia denudata) is a deciduous tree. Its leaf is obovate, with a wide, round apex and a short, pointed tip, and is covered with soft hairs along the veins. The flowers are white, with varying degrees of purple-red markings. As the city flower of Shanghai, Magnolia is also one of the important “Four Modernizations” tree species in Shanghai. It can live for a long time. In terms of appearance, Magnolia has a majestic body and large, brightly colored flowers. Magnolia is widely used in greening projects in many cities around the world.




2.2. Monitoring of Environmental Factors


The environmental factors used in the model were measured by means of an automatic weather station. The weather station used a multifunctional meteorological sensor of type DNB202 (LSI Lastem, Milano, Italy). The monitored factors included air temperature (AT, °C), total solar radiation (RAD, W/m2), relative air humidity (RH, %), and wind speed (WS, m/s). The 5TE sensors (Decagon Devices Inc., Pullman, WA, USA) were installed 30 cm below ground to monitor soil temperature (ST, °C) and soil water content (SWC). The data were stored every 10 min in the data logger E-LOG (LSI Lastem, Milano, Italy), powered by a 12 V solar-charged battery.



The vapor pressure deficit (VPD) was calculated using Equation (1):


  V P D =   1 − R H   × a ×   e    [   b × A T   A T + c   ]     



(1)




where constants a, b, and c are 0.611 kPa, 17.27 kPa, and 237.3 °C, respectively.




2.3. Monitoring of Sap Flow


The FLGS-TDP wrapped probe sensor (Dynamax Inc., Troy, MI, USA) was selected to measure sap flow velocity in three Magnolia from March through September in 2021 and 2022. The sensor was mounted on the trunk of a tree at a height of 30 cm from the ground and the TDP was inserted where the bark was scraped off at the installation. Sap flow data was collected at 10-min intervals. The study employed four methods to determine the zero sap flow conditions: the pre-dawn daily (PD) method, the moving window (MW) method, the double regression (DR) method, and the environmental-dependent (ED) method. The PD method identifies the maximum voltage difference within the daily range of zero to eight points [31]. The MW method calculates the maximum voltage difference using 11 days of PD data [32]. In the DR method, the average value before dawn is computed in the MW method for 11 days, and then all values below the mean are removed [31]. The maximum voltage difference is then calculated using the MW method. The ED method determines whether the temperature or atmospheric pressure at a certain moment satisfies specific conditions and, if so, takes the voltage difference at this moment as the maximum value [33]. The 7-day MW method was utilized in this study to calculate the maximum voltage difference. Additionally, the equation proposed by Granier [34] was employed to compute the sap flow velocity (Equation (2)):


  V = 0.0119 ×    [     d   V   m a x   − d V     d V    ]   1.231   × 3600  



(2)




where   d V   is the instantaneous voltage difference (mV),   d   V   m a x     is the highest probe voltage observed under maximum sap flow conditions (mV), and   V   is the sap flow velocity of the trunk (cm/h).




2.4. Correlation Analysis


To evaluate the relationship between the sap flow velocity and the seven environmental parameters, AT, RH, VPD, RAD, WS, ST, and SWC made up this list of variables. To investigate the effect of environmental factors on the sap flow velocity, a Pearson correlation analysis was performed between the sap flow velocity and each environmental factor [35]. When the absolute value of the correlation coefficient is less than 0.3, it indicates that there is a weak correlation between the variables. When the absolute value of the correlation coefficient is between 0.3 and 0.6, it indicates that there is a more significant correlation between the variables. When the absolute value of the correlation coefficient is greater than 0.6, there is a strong and significant correlation between the variables.




2.5. Time-Lag Effect Analysis


It was found that transient environmental factors were significantly correlated with trunk sap flow, but there was a time-lag effect between them [36]. However, many previous studies analyzed simultaneous data from both, leading to errors in the prediction models of sap flow based on environmental factors. To address this issue, we employed the dislocation contrast method to analyze the time-lag effect between sap flow and environment factors [28]. We combined sap flow velocities and environmental parameters into data columns based on time periods and integrated the data for each driving factor with sap flow velocity data into 30-min periods. Using this method, the data was moved one by one. We then performed a correlation analysis on the combined data, identifying the period with the highest correlation value as the time-lag value of the driver.




2.6. AI Algorithms


KNN is a non-parametric method that does not require defining or training parameters between the independent and dependent variables [37]. This method refers to the K training samples that are closest to the test samples, and the regression values are predicted by the similarity of the characteristics of the training samples to the test values [38]. The number of neighbors, weights of points, distances, and p-parameters associated with the Minkowski function are the factors considered when optimizing the model [39]. The number of neighbors K indicates how many groups the dependent variable is divided into. K is the key conditioning parameter in KNN regression [40]. The selection of the K value is very important for the accurate analysis of sap flow velocity data using KNN. The weights of the points are defined in two modes according to the distances in the model: uniform and weighted. The prediction accuracy of the KNN method is very sensitive to the choice of distance metric [41] and the distance judgment metrics include four types: Euclidean distance, Marxian distance, most similar nearest neighbor, and distance metric based on the nearest neighbor matrix [37].



RF is an integrated learning approach developed by Breiman [42]. The learning task of RF is done by constructing and combining multiple classifiers. Furthermore, the model simply contains two parameters (the number of variables in a random subset at each node and the number of trees in the forest). As a result, RF is simple to construct [43]. Integrated learning methods are broadly classified into two categories: boosting methods and bagging methods [44]. RF is a variant of the bagging method, which is similar to decision trees in that bootstrap samples are extracted to build multiple trees; the difference is that each tree in RF is grown with a random subset of predictors [45].



BPNN is a method proposed by Rumelhart and McClelland in 1986 that is based on the idea that multilayer feedforward neural networks achieve self-organization, self-adaptation, and self-learning to deal with nonlinear problems through the process of error back propagation [46,47]. The computational process of the BP neural network includes forward and backward computation. Firstly, neurons receive information from the outside world in the input layer of the forward propagation process of BP neural networks. Then, the information is processed layer by layer into the output layer under various parameters (weights, deviation values) and activation functions. The algorithm initiates the backpropagation process when the error between the actual output and the target output exceeds the acceptable error range. In the next step, the algorithm will correct the weights of each layer according to the gradient descent method. At the same time, the error is propagated to the hidden layer and the input layer. The weights between the layers are continuously adjusted according to the gradient descent approach. When the output reaches the expected result or a predefined number of learning iterations, the training is ended and the BP neural network completes the learning process [48]. The principles and formulas of neural networks can be found in [49]. The number of hidden layers and the number of neurons in each layer of the BP neural network are set according to the specific situation.



Recurrent neural networks (RNN) are designed to deal with serial dependencies [50], so they can extract the temporal information in the data. In time series problems, RNN is commonly used [51]. Although RNN models have the ability to efficiently process nonlinear time series, they often suffer from gradient vanishing and explosion problems due to the difficulty of solving the long-term dependency of time series data [51]. LSTM aims to solve the long-term dependency problem encountered by traditional RNNs when dealing with long sequences, and efficiently captures the contextual information in the sequences through the introduction of a gating mechanism [52]. The LSTM unit is the basic building block of an LSTM network with forgetting gate, input gate, and output gate [53]. The forgetting gate determines which information from the memory state of the previous time step needs to be forgotten, the input gate controls the input of new information, and the output gate controls the output of the current time step. These gates adjust the flow of information by means of learnable weights, thus enabling the modeling of information at different time steps in the sequence. At each time step, the LSTM unit receives the input data and the hidden state of the previous time step. First, the values of the forgetting gate, input gate, and output gate are calculated based on the input data and the hidden state of the previous time step. Then, the values of the gates are utilized to control the update of the memorized state and the hidden state at the current time step. This gating mechanism allows the LSTM to efficiently capture long-term dependencies and avoids the gradient vanishing and gradient explosion problems.




2.7. Data Acquisition, Sample Segmentation, Data Processing, and Model Tuning


The study used data from three standard Magnolia trees collected from March to September in 2021 and 2022 as samples for the model. The dataset includes sap flow, atmospheric, and soil data. To analyze and compare the changes in sap flow velocity of Magnolia trees at different time periods, we selected a sunny day of each month as a standard day. Five sap flow indicators were counted on the standard day, i.e., sap flow initiation time, peak time, peak value, mean value, and trough time. To minimize the impact of precipitation on sap flow, data from rainy days were excluded. The entire dataset (n = 24,907) was divided into 80% training set and 20% testing set. To validate the effectiveness of the VMI theory in sap flow monitoring, we added a target tree. While the environmental factors and sap flow velocity of the target tree were monitored, the sap data was not input into the training model. The monitoring of the target tree was carried out from 10–20 August 2023. Our goal was to input the environmental factor data of the target tree into the model and obtain the estimated sap flow velocity for that time period. The aim was to verify whether a trained AI algorithm can estimate the sap flow velocity at an acceptable level with only environmental factor data. The survival rate of large-sized tree transplantation is a key factor affecting the efficient greening of urban gardens, especially for Shanghai, where the city flower is Magnolia. Therefore, we chose four large-diameter magnolia trees with good growth and development that were aged around 15 years in the study area as the study subjects (Table 1).



We used the R package TREX.R (v1.0.0) on the R platform (v 4.1.2) for data preprocessing [54]. The processing employed the functions presented in Table 2.



After processing with the TREX.R package, we obtained the data in Excel format corresponding to the sap flow and environmental factors. Subsequently, on the Spyder platform (v5.3.3), we used the Sklearn library (v0.22.1) for Python (v3.9.13) to build a sap flow velocity fitting model based on KNN and RF methods [55]. The parameter values of the model with the highest fitting accuracy were selected by using the grid search method. Prediction models for BPNN and LSTM were built using the PyTorch library (v1.3) [56]. The neural network models utilized algorithms from the Optuna library (v3.0.3) for parameter tuning [57]. Ultimately, the most effective deep learning neural network structure was selected.




2.8. Model Verification


The input variables were normalized to mitigate the impact of differences in the magnitude scale between the data. To mitigate the influence of data differences, we conducted a normalization process on the input variables (i.e., environmental variables). Equation (3) was used for the specific treatment [56]:


    x   n o r m   =   x −   x   m i n       x   m a x   −   x   m i n      



(3)




where     x   n o r m    ,   x  ,     x   m i n   ,   and     x   m a x     represent the normalized, original, minimum, and maximum values of each environmental factor in the training data, respectively.



In order to assess the accuracy of the tree sap flow estimation model, we employed metrics such as the mean absolute error (MAE), mean squared error (MSE), root mean squared error (RMSE), and coefficient of determination (R2). The calculation methods for MAE, MSE, RMSE, and R2 are detailed in Equations (4)–(7), respectively:


  M A E =   1   n   ×   ∑  i = 1   n        y   i   −     y  ^    i        



(4)






  M S E =     ∑  i = 1   n          y   i   −     y  ^    i       2       n    



(5)






  R M S E =      ∑  i = 1   n          y   i   −     y  ^    i       2       n     



(6)






    R   2   = 1 −     ∑  i = 1   n          y   i   −     y  ^    i       2         ∑  i = 1   n          y   i   −     y  ̄    i       2        



(7)




where   n  ,     y   i    , and       y  ^    i     represent the number of data sets, measured values, and estimated values, respectively.





3. Results


3.1. Monthly Variation Pattern and Comparison of Sap Flow Density


The flow velocity of the Magnolia sap exhibits a unimodal daily variation, rapidly declining after reaching the peak until it reaches the trough (Figure 1). The average daily flow velocity ranged from 0.3294 to 1.9780 cm/h. The sap flow was initiated daily from 7:00 to 9:00, reached a peak between 1.24 and 5.49 cm/h from 13:00 to 14:30, declined rapidly after reaching the peak, and reached a trough within 17:30 to 19:30. The sap flow velocity floated in the range of 0–0.7619 cm/h during the night until the sap flow restarts the next day. In terms of time to peak, there was no significant difference in the time to peak sap flow velocity over the months. In terms of peak and daily average sap flow velocity, the peak of the sap flow velocity of Magnolia was the largest in June, with values of 5.18 and 5.49 cm/h in both years, and the smallest in March, with values of 1.21 and 1.31 cm/h. The maximum and average flow velocity in Magnolia during the experiment, ranked in descending order for different months in 2021 and 2022, are as follows: June > May > July > September > August > March > April; June > July > September > May > August > April > March (Table 3).




3.2. Correlation and Time-Lag Analysis of Factors Influencing Sap Flow Velocity


After analyzing the time-lag effect using the dislocation contras method, the correlation between VPD, RAD, and sap flow velocity reached its maximum at a lag of 30 min and 90 min (Figure 2). However, Ta, WS, and RH did not exhibit significant time-lag effects. The correlation of VPD increased from an initial value of 0.671 to 0.675, while the correlation of RAD rose from 0.670 to 0.754. Since the threshold for the transition of environmental factors’ correlation with sap flow velocity was set at an absolute value of 0.3, the ST and SWC indicators were excluded when constructing the sap flow velocity estimation model (Figure 3). The model incorporated the time-lag effect of RAD and VPD, as well as WS, AT, and RH at corresponding normal moments during the construction of the sap flow velocity estimation model.




3.3. Performance Comparison of AI Sap Flow Velocity Estimation Models


This study conducted a comprehensive comparison of the performance and fitting ability of four AI algorithms—KNN, RF, BPNN, and LSTM—for estimating sap flow velocity. The results showed that the R² values of the four models ranked as LSTM > BPNN > RF > KNN, indicating that the LSTM model achieved the highest estimation accuracy among the four models (Table 4). For the specific values, the R² values of KNN, RF, BPNN, and LSTM models were 0.688, 0.797, 0.889, and 0.957, respectively. The corresponding MAE values were 0.456, 0.254, 0.203, and 0.189, while the MSE values were 0.434, 0.282, 0.155, and 0.059, and the RMSE values were 0.658, 0.531, 0.394, and 0.243. According to the results from the validation set, all four models demonstrated satisfactory estimation accuracy, with the LSTM model being particularly notable.



The trends in the estimated values for the four models were highly consistent with the trends in the actual sap flow velocity values (Figure 4). However, compared with the other models, the estimation of the KNN model in the range of 0–2 cm/h sap flow velocity showed obvious bias; especially in the sap flow velocity estimation results beyond this range, a considerable number of low actual values and high estimated values appear. The RF model also had a certain degree of bias in the estimation of low sap flow velocity of 0–2 cm/h, although the sap flow velocity in the range beyond 2 cm/h is estimated with overall higher accuracy. Although the overall accuracy was higher in the estimation of sap flow velocity over 2 cm/h, there is still a phenomenon of low actual value and high estimated value similar to that of the KNN model. In contrast, the fitted graphs of BPNN were closer to the ideal y = x straight line, which significantly reduced the appearance of outliers, although a few outliers still existed. The LSTM model exhibited exceptional estimation capabilities throughout the entire dataset. Furthermore, the simulation curves of the LSTM model are notably smoother than other models, particularly at higher sap flow velocity, and it is largely free of outliers. In the range of low sap flow velocity, it is important to note that the LSTM model’s estimates exhibit slight deviations from the actual values. However, overall, it outperforms the other models.




3.4. Analysis of Results for Target Tree Accuracy Validation


The estimations of sap flow velocity by the four models were compared with the actual values (Figure 5). Consistent with the performance indicators previously presented by each model, the LSTM model demonstrated a strong fitting capability. Based on the results after inputting the environmental factor data of the target tree into the LSTM model, we found that the LSTM model tended to be conservative in estimating the peak values of sap flow velocity of the target tree, while it tended to be aggressive in estimating the valley values (Figure 6). This phenomenon was particularly evident during the time when there were high peaks and low valleys in sap flow velocity. Although the LSTM model showed some deviations in these cases, the estimated results achieved an R2 of 0.821. In the ten-day dataset, the total flow volume was 297.418 cm, while the estimated flow volume was 311.985 cm, resulting in an error of 14.567 cm, with an error rate of only 4.89%. Overall, the estimation performance of the LSTM model was satisfactory.





4. Discussion


In this study, we observed a close relationship between sap flow velocity and environmental factors. AT, RH, VPD, WS, and RAD are the environmental factors that have the most significant impact on the sap flow velocity of Magnolia. In our study, RAD and VPD play a crucial role in sap flow. High temperatures, in particular, lead to a rise in VPD, which, in turn, increases leaf transpiration (provided stomata do not close) [58]. WS can change the air conditions and leaf humidity near the canopy [59]. The sap flow velocity of Magnolia was greatly influenced by external environmental factors and exhibits noticeable time-lag effects. It is worth noting that the sap flow lags behind VPD by 30 min and behind RAD by 90 min, while AT, WS, and RH do not show a significant time-lag effect. The sap flow usually lags behind RAD, but precedes VPD [60]. However, in some studies, the sap flow lags behind VPD and RAD, which is consistent with our research results [61]. Therefore, in the modeling process, we need to consider not only the selection of environmental features, but also the time-lag response of sap flow to these environmental features to improve the accuracy of the model.



AI algorithms play a central role in VMI measurements. In this study, the KNN algorithm was used to estimate the sap flow velocity, but its R2 was only 0.688. Although KNN can effectively handle nonlinear problems in certain cases, its performance may not be satisfactory for time series data with complex periodic patterns [62]. This is mainly because the KNN model ignores the temporality of data; thus, it is unable to consider the temporal relationships and intervals between data points [63]. This limits its ability to capture cyclical changes. While most sap flow studies adopt the RF algorithm, which achieved acceptable accuracy in this study with an R2 of 0.797, its predictive ability is limited when dealing with time series data, such as sap flow. This is because the decision trees in RF do not explicitly consider the temporal characteristics of the data, and mainly focus on the static relationship between inputs and outputs rather than dynamic processes [25,64]. Therefore, RF struggles to capture relevant features when dealing with obvious cyclical variations. In contrast, the BPNN algorithm achieved an R2 of 0.889 in the prediction results. However, similarly, BPNN also does not consider the temporal characteristics of the data. Although BPNN demonstrates satisfactory predictive performance in certain cases, it can easily get stuck in local minima in time series data with complex cyclical variations, limiting its predictive ability [65,66]. Unlike the aforementioned three algorithms, the LSTM networks are neural network models specifically designed to handle time series data. Through its memory mechanism, LSTM can capture long-term dependencies in the data and is particularly good at dealing with time series data with cyclical variations [30]. In predicting sap flow data, LSTM demonstrated the ability to understand and predict daily and yearly cyclical variations. Therefore, compared to other models, LSTM often exhibits superior predictive performance, with an R2 as high as 0.957.



VMI integrates real measurement instrument results with computer algorithms to simulate the measuring behavior of another measurement instrument. Based on the concept of VMI, we regard devices that monitor environmental factors (such as small weather stations, drones, and remote sensing satellites) as measurement instruments of VMI. With the AI algorithm based on environmental factors, we can use AI algorithms to replace the traditional thermal technology for obtaining sap flow velocity data. Due to cost limitations, we only validated one VMI case, which is the target tree, using virtual measurement methods. In this assumption, we input the training data of standard trees into the AI model, and the actual measurement data of the target tree is not included in the training set of the model. After the training of the AI model, we chose the LSTM algorithm with the highest accuracy to simulate the sap flow velocity of the target trees and achieved satisfactory simulation results, with an R2 of 0.821 and an error rate of only 4.89%.



However, the limitation of the amount of input data samples is often an important factor affecting the accuracy of AI algorithms [67]. Obtaining ground sap flow monitoring data is usually complex and costly. Nowadays, there are various types of sensors available on the market for monitoring meteorological and soil factors, with a wide price range from economical options to high-end products.



In the current field of scientific research, access to reliable and rich data is crucial for the development of powerful AI algorithms. It is in this context that SAPFLUXNET was born [68]. SAPFLUXNET is a global database that collects sap flow data, environmental data, and various levels of metadata from researchers around the world [69]. It is of great value to explore how to use the SAPFLUXNET database to train sap flow AI algorithms for different tree species and achieve high-precision estimation [70]. For example, based on the SAPFLUXNET database, Li et al. [30] used various AI algorithms, such as MLP, RF, SVR, BPNN, LSTM, CNN-LSTM, and CGRU, among which the R2 of the CGRU algorithm reached 0.948, higher than the LSTM algorithm. Although the accuracy of the LSTM algorithm in this study exceeds the above case, the different dataset size or tree species factors may be the reasons for this difference. It is worth noting that, although the accuracy of certain AI algorithms may vary in different studies, algorithms that incorporate memory mechanisms generally perform better [30]. In addition to using public data, using synthetic data (SD) is also a new approach to address the shortage of data [71]. SD simulates the statistical characteristics of real data and can be synthesized from existing datasets through generative adversarial networks (GANs) [72]. In some related studies, the use of GAN methods to synthesize SD data and use them for neural network algorithm prediction of sap flow achieved an R2 of up to 0.92 [73]. These two data acquisition methods significantly reduce data collection costs while providing many samples for AI algorithm training.



In addition to ground environmental factor data, remote sensing technology is also a feasible method [74]. To some extent, large-scale estimation based on remote sensing technology is the application of VMI theory. By using surface temperature recorded by drones as input indicators for a RF model, the sap flow prediction of this model achieved an R2 of 0.87 compared to ground-measured sap flux [75]. Furthermore, by combining Sentinel-2 images, ground survey data, and local meteorological data, training RF algorithm showed a training R2 ranging from 0.57 to 0.80 in cross-validation at the measurement site [76]. This indicates that, by integrating field data and remote sensing data, scale enhancement can be achieved at a larger spatial scale, enabling estimation of transpiration at plot, or even landscape, scales using AI modeling algorithms.



As emphasized, VMI is a measurement process that combines instrument measurement results with AI algorithms. In fact, the instrument measurement results themselves are the data. To achieve excellent simulation results of sap flow for different tree species in different scenarios using AI algorithms, a large dataset is needed to support algorithm training. However, this study is limited to Magnolia in urban green spaces, and the available data is relatively limited. Furthermore, with the development of deep learning models, an increasing number of AI algorithms are emerging. Further validation is needed in future research to determine which AI algorithms are most suitable for forest transpiration estimation.




5. Conclusions


In this study, we introduced the concept of VMI theory with the aim of solving the challenge of sap flow measurement by indirect measurement. By analyzing the sap flow data of Magnolia trees from March to September in 2021 and 2022, we input the environmental factors, considering the time-lag effect, into four AI algorithms. We compared and analyzed the prediction results of KNN, RF, BPNN, and LSTM models. The results showed that there was no significant correlation between Magnolia sap flow velocity and SWC and ST. However, there were significant correlations between VPD, AT, RAD, RH, and WS and sap flow velocity. The lag times of sap flow on RAD and VPD were 90 and 30 min, respectively. After comparing and analyzing the models, we found that the LSTM model showed the best performance. On the test set samples, the R², MAE, MSE, and RMSE of the LSTM model reached 0.957, 0.189, 0.059, and 0.243, respectively. By inputting the environmental data of the target logs from 10–20 August 2023 into the LSTM model, we obtained a value of R² of 0.821, with a simulated sap flow value error of only 4.89%. Therefore, the LSTM model constructed based on the TDP method provides a feasible means of indirect measurement, i.e., by inputting environmental factors and thus obtaining sap flow estimates, which has some practical application value.
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Figure 1. Sap flow velocity line graph for each month during the experiment. 
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Figure 2. Line graph of correlation analysis of VPD and RAD at different time intervals obtained using the mismatch comparison method. 
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Figure 3. The maximum correlation value obtained after considering the time-lag effect. 
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Figure 4. Scatter plots of sap flow velocity measurements and estimates for KNN, RF, BPNN, and LSTM models for test data. 
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Figure 5. Comparison of trends in estimated and measured sap flow velocity from the four models. 
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Figure 6. Real vs. simulated values of the target tree for validating the AI algorithm. 






Figure 6. Real vs. simulated values of the target tree for validating the AI algorithm.



[image: Forests 14 01768 g006]







 





Table 1. Characteristics of the selected trees.
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	Tree No.
	DBH (cm)
	Height (m)
	N-S Crown Width (m)
	E-W Crown Width (m)
	Note





	1
	19.2
	7.7
	2.35
	2.50
	Standard tree; As sample to the AI models



	2
	26.8
	9.8
	1.95
	2.70
	Standard tree; As sample to the AI models



	3
	25.2
	7.6
	2.10
	2.40
	Standard tree; As sample to the AI models



	4
	24.6
	8.5
	2.05
	2.55
	Target tree; As accuracy validation data for AI models







Note: Both standard trees and target trees include the collection of environmental factors and sap data; The samples used for the tree sap flow estimation model based on AI algorithms only consist of data from standard trees, and do not include data from target trees; The environmental factor data of the target trees are input into the model, and the output results are compared with the actual measured values to validate the accuracy of the model; DBH denotes Diameter at Breast Height; N-S Crown Width represents crown width measured along the north-south direction; E-W Crown Width represents crown width measured along the east-west direction.













 





Table 2. Preprocessing based on the TREX.R package.
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	Step
	Function
	Description





	1
	is.trex()
	Testing and preparing input data



	2
	outlier()
	Data cleaning and outlier detection



	3
	dt.steps()
	Determining temporal resolution



	4
	gap.fill()
	Gap filling by linear interpolation



	5
	tdm_dt.max()
	Calculating zero-flow conditions



	6
	tdm_cal.sfd()
	Calculating sap flux density







Note: The table shows the functions used in the preprocessing process based on the TREX.R package. Step numbers correspond to the order of preprocessing steps.













 





Table 3. Indicators of sap flow curve characteristics for each month of the experimental period.
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Year

	
Month

	
Start-Up Time

	
Peak Time

	
Peak Value

	
Average Value

	
Time of Trough






	
2021

	
March

	
9:00

	
14:00

	
1.24

	
0.3294

	
17:30




	
April

	
8:30

	
13:30

	
2.53

	
0.6433

	
18:00




	
May

	
8:00

	
13:30

	
4.60

	
1.4928

	
19:30




	
June

	
7:30

	
14:00

	
5.18

	
1.3294

	
18:30




	
July

	
7:30

	
14:30

	
4.36

	
1.4989

	
19:30




	
August

	
8:00

	
13:00

	
2.98

	
1.1387

	
19:30




	
September

	
7:30

	
14:00

	
3.89

	
1.4177

	
19:00




	
2022

	
March

	
9:30

	
13:30

	
1.31

	
0.3441

	
18:00




	
April

	
8:30

	
14:00

	
2.01

	
0.6456

	
18:00




	
May

	
8:30

	
13:30

	
4.60

	
1.1854

	
18:00




	
June

	
7:00

	
14:00

	
5.49

	
1.9780

	
18:30




	
July

	
7:00

	
14:00

	
4.52

	
1.7609

	
19:00




	
August

	
8:00

	
14:00

	
3.68

	
1.2394

	
19:00




	
September

	
8:30

	
14:00

	
4.29

	
1.4312

	
18:45











 





Table 4. Comparison of prediction accuracy of different models.
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	MAE
	MSE
	RMSE
	R2





	KNN
	0.456
	0.434
	0.658
	0.688



	RF
	0.254
	0.28