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Abstract: A model to predict photosynthetic carbon assimilation rate (A) with high accuracy is important for forecasting crop yield and productivity. Long short-term memory (LSTM), a neural network suitable for time-series data, enables prediction with high accuracy but requires mesophyll variables. In addition, for practical use, it is desirable to have a technique that can predict A from easily available information. In this study, we propose a BLSTM-augmented LSTM (BALSTM) model, which utilizes bi-directional LSTM (BLSTM) to indirectly reproduce the mesophyll variables required for LSTM. The most significant feature of the proposed model is that its hybrid architecture uses only three relatively easy-to-collect external environmental variables—photosynthetic photon flux density (Qin), ambient CO2 concentration (Ca), and temperature (Tair)—to generate mesophyll CO2 concentration (Ci) and stomatal conductance to water vapor (gsw) as intermediate outputs. Then, A is predicted by applying the obtained intermediate outputs to the learning model. Accordingly, in this study, 1) BALSTM (Qin, Ca, Tair) had a significantly higher A prediction accuracy than LSTM (Qin, Ca, Tair) in case of using only Qin, Ca, and Tair; 2) BALSTMCi,gsw, which had Ci and gsw as intermediate products, had the highest A prediction accuracy compared with other candidates; and 3) for samples where LSTM (Qin, Ca, Tair) had poor prediction accuracy, BALSTMCi,gsw (Qin, Ca, Tair) clearly improved the results. However, it was found that incorrect predictions may be formed when certain factors are not reflected in the data (e.g., timing, cultivar, and growth stage) or when the training data distribution that accounts for these factors differs from the predicted data distribution. Therefore, a robust model should be constructed in the future to improve the prediction accuracy of A by conducting gas-exchange measurements (including a wide range of external environmental values) and by increasing the number of training data samples.
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1  Introduction

Plants and animals, including humans, require food for survival. Food is not only a material for building the organism's body but also a source of energy for other biological activities. Photosynthesis is the process used by plants and other organisms to convert light energy through cellular respiration into chemical energy and environmental carbon dioxide (CO2) into organic compounds. Each year, approximately 3 × 1021 J of energy is fixed as carbon (2 × 1011 tons) by photosynthesis, representing stored solar energy [1]. Accordingly, photosynthesis is a major source of food and energy, and it helps maintain the homeostasis of the carbon cycle on Earth. In this context, the photosynthetic carbon assimilation rate (A) indicates the level of plant photosynthesis. Research on this parameter is important for determining carbon fixation—the process by which inorganic carbon, especially in the form of carbon dioxide, is converted into organic compounds by living organisms. Carbon is primarily fixed through photosynthesis and promotes plant growth and development [2]. Therefore, photosynthesis in green leaves forms the basis of crop growth.

The Farquhar model is a representative mathematical model that expresses the relationship between the biochemical processes of photosynthesis and A [3,4]. This model assumes light energy, the CO2 fixation reaction by ribulose-1,5-bisphosphate carboxylase-oxygenase (Rubisco), and the ability to regenerate inorganic phosphoric acid as the rate-determining factors for photosynthesis. It calculates A using the photosynthetic photon flux density (PPFD), leaf temperature, and CO2 concentration as the external environmental factors. Meanwhile, this model must determine parameters such as the temperature-dependent dark respiration rate, Michaelis constant for CO2 and O2, CO2 compensation point, maximum carboxylation rate, and maximum electron transfer rate during light saturation to reproduce the response of A in a steady-state environment. However, a steady-state environment does not exist in the field. Moreover, it is difficult to apply the Farquhar model to the reproduction and prediction of A, especially in constantly fluctuating light environments. Furthermore, light intensity, CO2 concentration, water availability, and temperature are the key factors affecting A. When any one of these becomes a limiting factor, it masks the effects of the other parameters [5]. Considering such limiting factors and environmental variations, researchers must setup several devices in the field to measure environmental variables such as A, which is costly and logistically difficult. Furthermore, studies on the photosynthetic response and photosynthetic induction response to dynamic light in a natural environment were intended to clarify their effect on stomata for a pulse waveform with repeated strong and weak light. Nevertheless, these studies have not focused on a modeling technique to reproduce and predict A [6–13].

In recent years, precision agriculture has attracted considerable attention from researchers. Accordingly, the use of smart agriculture has enabled classical growth surveys and observation methods to analyze the complex factors related to crop production with a high spatiotemporal resolution. Moreover, this technology has been leveraged for developing optimal farming strategies and farm work decisions for profit improvement and to address environmental load [14–18]. Meanwhile, studies on the application of artificial intelligence (AI) technology to various field-scale agricultural production issues have also been conducted. For example, many studies have applied AI and machine learning to understand the variations in growth conditions and to detect pests from map information using drones, remote sensing yield combines, harvesting robots, and means (e.g., Liakos et al. [19]). Some studies have applied machine learning to the reproduction and prediction of A. Lü et al. [20] used the hyperspectral reflectance of flag leaves of wheat to predict A by adopting three methods: quadratic polynomial stepwise regression (QPSR), partial least-squares regression, and back propagation neural network. The results showed that the QPSR model was the best hyperspectral model for flag leaf photosynthetic carbon assimilation rate A of wheat, whose first derivative changed as a consequence of the 750–925 nm reflectivity of the wheat leaf. Heckmann et al. [21] evaluated a wide range of machine learning methods to predict crop photosynthetic capacity using leaf reflectance spectra. They observed that partial least-squares regression had the highest predictive power for this prediction. Zhang et al. [22] used leaf phenotypes, including the area, length, width, perimeter, leaf aspect ratio, and shape factor, to predict A of Populus simonii using extreme gradient boosting (XGBoost), support vector machine, random forest, and generalized additive models. According to their results, the best-performing approach was XGBoost, with a mean absolute error (MAE) value of 1.12, root mean square error (RMSE) value of 2.57, and R2 value of 0.63.

As mentioned above, steady progress has been made in photosynthesis research and in the application of AI in this research field. Many attempts to predict photosynthetic ability using machine learning have employed hyperspectral data. However, this approach requires expensive equipment to obtain the input data and is not practical. A few case studies have also applied machine learning to sequential predictions of A under a constantly fluctuating field environment. Searching for the information needed for predicting A and extracting issues are useful as a core module for building a decision-support-system engine that focuses on information technology. Such a system engine would include the simultaneous pursuit of crop growth models, sensing, cultivation management, environmental conservation, and productivity.

In this study, rice (Oryza sativa L.) was cultivated in a field, and gas-exchange measurements were performed to measure leaf transpiration, photosynthesis, and respiration rate. The obtained sequential measurement data were used as an explanatory variable, which was the rate-determining factor of A. Then, A was predicted using a long short-term memory (LSTM) neural network and a bidirectional LSTM (BLSTM)-LSTM network, which is the coupling of a recurrent LSTM[23–25] and a BLSTM [26–28] network. The objectives of this study were the following: 1) to determine whether the explanatory variable of the external environment and the long-term information of the mesophyll environment (i.e., learning of these previous histories) lead to improved prediction accuracy; 2) to determine the extent of the prediction period in which a sufficient prediction accuracy for A can be maintained; 3) to determine whether the prediction accuracy of A can be improved by incorporating the intermediate product output value to reproduce the mesophyll variable, along with the external environment variable, by BLSTM into the model; and 4) to explore ways to improve predictions using a neural network model of A.

2  Structure

In this study, we performed gas-exchange measurements on individual leaves of three rice (Oryza Sativa L.) cultivars, “Koshihikari,” “Akitakomachi,” and “Takanari,” which were cultivated in 2017 and 2019 at the Field Museum Fuchu Honmachi paddy fields (139.47°E, 35.67°E), which are owned by the Field Science Center of the Tokyo University of Agriculture and Technology. A plant photosynthesis analysis system (LI-6800; LI-COR, Inc., NE, USA) was used for the measurements, for a total of 28 leaves (16 in 2017; 12 in 2019) when they were fully grown. Measurements were conducted from sunrise to sunset with samplings at 1-min intervals. Table A1 shows the measurement date, measurement start/end time, and the log score of each individual leaf. For the measurements, the LI-6800 light source was removed, and a fluctuating natural light was applied to the individual leaves in the chamber. The temperature and relative humidity in the chamber were measured hourly via a temperature/humidity meter (TR-72wb; T&D Corporation, Tokyo, Japan) that was installed near the field area and manually entered into the LI-6800 console. A, shown in Table 1, was used as the objective variable, and all others were used as explanatory variable candidates.
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2.1 Data Pre-Processing

The outliers of the variables included in the measured data, as well as the different scales between variables, cause a loss of their characteristics and can have negative effects on the prediction accuracy of the constructed model. Therefore, it is necessary to pre-process and screen outliers prior to using values as model inputs and outputs. In this study, the mean μ and standard deviation σ values in the data that met the following conditional expressions in terms of the explanatory variable xt at time t in the gas-exchange measurement data were set as outliers.

|xt−μ|>2σ(1)

The outliers detected under the condition in Eq. (1) were first removed. Then, data interpolation was performed by a linear polynomial using the immediately preceding and immediately subsequent values.

An important technique when constructing a predictive model using machine learning is scaling for alignment by converting the values of the explanatory variables used for the input to the model according to a set standard. Scaling is performed to eliminate the effect of relatively small or large inputs that are strongly influenced by the predictive model. This is because the explanatory variables have numerical values of different magnitudes owing to their different units. In this study, scaling was performed using the following equation to eliminate the effect of the range of each explanatory variable on the model.

xstd=x−x¯σ(2)

Here, xstd is the value of each explanatory variable after standardization, x denotes the value of each explanatory variable before standardization, x¯ is the mean value of x, and σ is its variance. Applying Eq. (2) converts the mean to zero and the standard deviation to one, thereby scaling the dataset.

2.2 Variable Selection

General regression models have a multicollinearity problem, wherein increasing the regression coefficient's variance makes it unstable when there is a combination of explanatory variables with high correlation coefficients [29]. Therefore, it is recommended that either one of the explanatory variables with a high correlation coefficient be removed or the appropriate variables be selected [24]. Even the neural network behaves as a feature extractor that automatically extracts the important variables from the input; a combination of explanatory variables with extremely high correlations can make it difficult to properly capture the characteristics of patterns during learning. Furthermore, in terms of computational costs, it is desirable to appropriately select and reduce explanatory variables. In this study, the correlation coefficients at the same time point were determined for all explanatory variables shown in Table 1 (Fig. 1). According to the results, E, gtw, gtc, SVPleaf, VPDleaf, Qabs, and Qamb_in show highly positive and negative correlations with LHF, gsw, gsw, Tair, RH, Qin, and Qin. Therefore, these explanatory variables were excluded to avoid multicollinearity problems in the model. The latter group of variables adopted here had higher absolute correlation coefficient values with respect to the prediction target of A than the former group of variables.
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Figure 1: Color heatmap of correlation coefficient (R) between variables

2.3 Model Overview

The predictive model of A for each rice leaf based on LSTM uses a prospective hidden layer to capture the long-term time-series characteristics of the explanatory variables. To confirm this property, we compared several regression models and other network architectures: principal component regression (PCR) [30], partial least-squares regression (PLS) [31], random forest regression (RFR) [32], basic recurrent neural network (RNN) [25], and gated recurrent units network (GRU) [33]. As shown in Table 2, LSTM showed the best accuracy when all variables selected in Section 2.2 were available. However, the accuracy decreased when using easy-to-measure variables listed as LSTM (Qin, Ca, Tair). Therefore, we tried to solve this problem by using a mechanism that generates variables that are effective for prediction from easy-to-measure variables. In the following sections, we provide details on LSTM and BALSTM.
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2.3.1 LSTM and BLSTM

LSTM is a trainable model for long-term sequential data that is applied to solve problems such as long-term memory difficulty and gradient disappearance. LSTM has an information transmission architecture from past to present that resembles that of an RNN [34], but with a different transmission weighting format. Its most significant feature is that a hidden layer, called memory cell Ct, is inserted for state preservation in addition to weight matrix Ht, which is the previous node input. This helps avoid long-term memory and gradient disappearance (Fig. 2). LSTM includes forget gate ft, which is used to select content to maintain the memory, along with the input gates (it, gt) and output gate ot, which are used to control how new data are reflected or output at each time point as controllers for information propagation in the network. Its architecture is different from a simple RNN, which directly overwrites weights based on the state of the connected node. These gates are represented by four computational units that interact in a special architecture. Further, they contain a series of weights and activation functions, ft, it, gt, and ot, which are calculated as Eq. (3):

{ft=sigmoid (XtWX,f+Ht−1WH,f+bf)it=sigmoid(XtWX,i+Ht−1WH,i+bi)gt=tanh(XtWX,g+Ht−1WH,g+bg)ot=sigmoid (XtWX,o+Ht−1WH,o+bo)Ct=(Ct−1⊙ft)⊕(it⊙gt)Ht=ot⊙tanh⁡(Ct)(3)

Here, “sigmoid” is the sigmoid function, W denotes the vector parameter of the weight matrix to be trained, and b is the vector term of the bias. The operator ⊕ is the symbol for adding to the memory cell, and ⊙ is the pointwise product.

Memory cell Ct, which is defined by ft, it, and gt, adds the selected information after processing unnecessary information for the immediately preceding memory cell. The LSTM unit itself has a memory capacity with this series of memory control architectures, and the characteristics of long-term sequential data can be considered by using it in the intermediate layer and controlling the long-term information.
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Figure 2: Basic structure of LSTM

Fig. 3 depicts an overview of the BLSTM model. RNNs, such as LSTM, normally handle the hidden state at t − 1 as an additional input in terms of the input at time t. Meanwhile, BLSTM adds LSTM as an intermediate layer, which operates in the opposite direction by handling the state at time t + 1 as an additional input with regard to the input at time t. BLSTM then makes predictions using both forward propagation into the future and backpropagation into the past. BLSTM uses future values for prediction at a certain point in time; therefore, its applications have been limited to fields such as machine translation [35], speech [36], and handwriting recognition [37,38]. This method was adopted in this study because the generated variables in the BLSTM module are all in the past time-series compared to the predicted time of A in the LSTM module, and therefore the real-time property of the model was not impaired.
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Figure 3: Unfolded BLSTM architecture

2.3.2 BLSTM-Augmented LSTM (BALSTM)

The explanatory variables used in the model should have low data acquisition costs and be easily measurable. Additionally, the practicality of the model would be greatly improved if only a few explanatory variables are used to reproduce the mesophyll variables and predict A. Meanwhile, as shown in Section 3.2, the prediction error of A when using only the external environment factors Qin, Ca, and Tair shown in Table 1, is relatively larger than the result of the model trained using all explanatory variables. Furthermore, screening tests for each explanatory variable suggest that fluctuations in Ci are important when determining A (Section 3.1). Therefore, the objective was to use the easy-to-calculate external environment variables for reproducing the mesophyll explanatory variables by augmentation architecture and to explicitly incorporate these values into LSTM for reproducing A using only external environment factors to improve its prediction accuracy.

Fig. 4 shows an overview of the BALSTM model, which consists of two modules: one that reproduces the sequential data for the mesophyll variables, and one that predicts the photosynthetic carbon assimilation rate from the sequential data of the reproduced mesophyll variables and external environmental factors. The former uses BLSTM as the generative model to reproduce the sequential data of the mesophyll variables from the sequential data of the external environment variables. As shown in Table 3, we compared several neural network models that perform intermediate generation and found that BLSTM is the best candidate. Note that the input time-series variables and the generated time-series variables are at the same time. That is, the sequential mesophyll data, which are handled as explanatory variables in the LSTM model (see the previous section), were used as objective variables in the BALSTM model for training. The latter-predicted part of A included a combination of the sequential mesophyll data reproduced by BLSTM as an additional explanatory variable. Accordingly, predictions were made using LSTM.
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Figure 4: Basic structure of the BALSTM model
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The BALSTM model is trained in two steps. First, the BLSTM model for augmentation is trained with the time-series variables of the external environmental factors as explanatory variables and the time-series variables of the leaf internals as objective variables. In the next step, the time-series variables of the leaf interior predicted using the trained BLSTM and the time-series variables of the external environmental factors are merged as the explanatory variables, and the objective variable, photosynthetic rate A, is trained using LSTM.

2.4 Model Validation

A total of 10,133 logs of actual measurement data from 2017 were used to develop the predictive model. However, the measurement period was long (approximately three months) and the temperature/light environment was variable. Therefore, A also fluctuated widely depending on the growth stage. Consequently, the predictive model could not be appropriately evaluated when fixing the validation data with the individual leaf data measured on a specific day because of its influence on training and testing. Thus, in this study, the nested cross-validation method [39] was used to evaluate the predictive model. Nested cross-validation is a method of validating a predictive model using bias elimination by transitioning the roles of the divided datasets for training, testing, and validation (Fig. 5).

[image: images]

Figure 5: Nested cross-validation

First, all data obtained from the gas-exchange measurements were distributed. The individual leaf data of each month were evenly disseminated and separated into validation data and training data. The training data were then further divided into training data and test data. Training was performed using the training data, and the test data were used to search for the optimum values of the hyperparameters to minimize the learning error. In addition, they were employed to detect overfitting of training and to make early termination decisions. The predictive model was evaluated using the validation data. However, it was constructed by shifting the roles of the training and validation data to eliminate the bias influence of the training and adjustment data. Next, transitions of the validation data were conducted to eliminate the bias influence. The mean values of the evaluations for each validation data were used as the evaluated values of the final model. The time length in applying the sequential data for model accuracy validation in this study was set to 5 min. The predicted values were obtained for each sequential datum by moving it by 1 min (Fig. 6). The coefficient of determination (R2) and MAE were used to evaluate the predictive accuracy of A using the model.
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Figure 6: Relationship between input and predicted values by the model

2.5 Evaluation of Mesophyll Variables Reproduced by BLSTM

The reproduced sequential data were evaluated by the following two methods to investigate their effect on sequential data predictions associated with the mesophyll variables reproduced in the BALSTM intermediate stage. First, the time-series mean absolute error (TMAE), which is expressed by the following equation for the overall performance of the reproduced time series, and the mean absolute percentage error (MAPE), which is used to evaluate each element of the reproduced time series, were calculated as Eqs. (4)–(6):

MAE=∑i=1n⁡|Oi−Pi|n(4)

TMAE=∑i=1mMAEm(5)

MAPE(t)=100m∑i=1m|Ot,i−Pt,iOt,i|(6)

Here, O is the measured value of the mesophyll variable obtained by the gas-exchange measurements, P is the value calculated by the model, n denotes the input width of the sequential data, m is the total sample size in the evaluated data, and t represents the tth element in the input width of the sequential data.

3  Results and Discussion

3.1 Effect of Explanatory Variables on Learning Model Prediction Accuracy

Neural network-based predictions and classifications produce remarkable results. However, researchers have been unable to explain their internal working mechanism because the trained model essentially matches statistical patterns, rendering it a black box. Some studies have quantitatively clarified the thought process underlying the answers produced by machine learning; nevertheless, there are presently no uniform solutions to this end. One approach for machine learning interpretability in the field of image classification is displaying an image area with a heat map [40]. Another approach that has received attention in the field of natural language processing visualizes the relationships between words [41]. However, few studies have been conducted on the quantitative interpretation of the results of learning models in the field of time-series predictive modeling. This is because of the strength of correlations before and after a time series and the difficulty of intuitive visualizations in image-related fields. In this study, the effects were visualized with a heat map when creating a predictive model by deleting the explanatory variables for each time series. Accordingly, the effect of each explanatory variable for training on the prediction of A was investigated. This approach is based on the hypothesis that prediction accuracy decreases when important explanatory variables are deleted during a predictive model development.

As a preliminary experiment, an LSTM prediction model was created using only a single explanatory variable to investigate the above hypothesis and to evaluate the prediction accuracy of A (Fig. 7). The results showed that R2 was approximately 0.8 with Qin and Ca only, and a relatively high prediction accuracy was obtained.
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Figure 7: Accuracy of reproduction of assimilation rate (A) by a single variable

Fig. 8 shows the effect on the prediction accuracy when the explanatory variables are excluded during the LSTM learning model construction. The vertical axis denotes the excluded variable, and the horizontal axis represents the prediction result of A up to 60 min ahead in 5-min intervals. The effect of the excluded variable was quantified by developing a prediction model with the remaining variables after excluding the explanatory variable on the vertical axis. The R2 values were then calculated and standardized to make each column have a mean of zero and a variance of one. In other words, excluded variables that have a significant effect on the prediction accuracy are deemed important in the blue region, whereas the relatively unimportant variables are shown in the red region.
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Figure 8: Influence of explanatory variables for each prediction time on prediction accuracy by LSTM

As shown in Fig. 8, Ca, Ci, gsw, and gbw are important variables for improving the prediction accuracy at least 60 min ahead. It can also be observed in the prediction of the current values that Ci is the most important variable for determining A. Moreover, from the preliminary calculations, it is evident that the reproducibility of the LSTM model using only Ci is lower than that using Qin or Ca. Therefore, a high reproducibility may be achieved because of the influence of Ci fluctuations along with other variables. This can be explained by the fact that A is proportional to the difference between the internal and external CO2 concentrations. Meanwhile, Qin, which is the most important explanatory variable in the preliminary calculation, is less important in the LSTM model for all explanatory variables. This is believed to be because the effects of Qin are reflected in other explanatory variables, resulting in its relatively smaller influence. Further, it can be observed that the sequential values of Ca and Ci continue to have a strong influence on the prediction accuracy of A up to 60 min ahead.

3.2 Model Prediction Accuracy

Excluding the external environment variables, Ci, gsw, LHF, and RH exerted, in descending order, a larger influence on the predictive model with regard to the current value predictions of A by LSTM (Section 3.1). First, LSTM prediction accuracy values were calculated using all explanatory variables. Then, LSTM (Qin, Ca, Tair) values were predicted by only the external environment variables Qin, Ca, and Tair. BALSTM (Qin, Ca, Tair), which were calculated by the same external environment variables, reproduce and utilize mesophyll variables Ci, gsw, LHF, and RH via BLSTM. Note that the reproduced variable is represented as a subscript. The accuracy of each method was compared. The results showed that, excluding LSTM with all variables, the best prediction accuracy was for BALSTMCi,gsw(Qin, Ca, Tair), which generated and used Ci and gsw (Table 4). Meanwhile, the reproduction accuracy values of BALSTMCi,gsw,LHF, BALSTMCi,gsw,LHF,RH, and BALSTMgsw,LHF,RH, which were obtained by adding LHF and RH and generating three or more variables, did not improve compared to BALSTMCi,gsw. This is because the training parameters increased with an increase in the number of prediction targets, making the training of the entire model difficult. Furthermore, the data with a low importance and low accuracy were input to the LSTM, thereby predicting A as noise. However, improving the prediction accuracy of A may be possible if the mesophyll variables can be reproduced with high accuracy using a wider range of training data and model improvements. Furthermore, the TMAE values of the mesophyll variables were as follows: Ci = 1.21–1.32 μmol mol−1 and gsw = 0.055–0.077 mol m−2 s−1. For MAPE(0), the values were as follows: Ci = 2.8%–3.2% and gsw = 2.2%–3.3%. For MAPE(4), the values were as follows: Ci = 4.2%–7.1% and gsw = 6.3%–7.6% (Table 4). The initial stage of the input time series (i.e., MAPE(0)) could be reproduced with a higher accuracy than a later prediction point (i.e., MAPE(4)), is because the initial values of the time series to be reproduced were generated using future values on account of the BLSTM characteristics (Fig. 4). The advantage of this characteristic is evident from the comparison of the augmentation models shown in Table 4.
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Fig. 9 shows the prediction accuracy of A up to 60 min. This figure shows how the prediction accuracy of A changes by entering the values of the explanatory variables during a 5-min period into the trained model, thereby predicting the value from that time to a lead time of 60 min at 5-min intervals. Moreover, it is repeated with a time step of 1 min, and the measured and predicted values are compared. LSTM had the best prediction accuracy for 60-min-ahead predictions based on the MAE index, compared with LSTM (Qin, Ca, Tair) and BALSTMCi,gsw. Meanwhile, BALSTMCi,gsw had a smaller prediction error than LSTM(Qin, Ca, Tair) in terms of the MAE index. In terms of the R2 index, the 20-min-ahead prediction by BALSTMCi,gsw was less accurate than that by LSTM; however, the prediction value after 20 min was better than that of LSTM.

[image: images]

Figure 9: Relationship between prediction time and prediction accuracy of A with each model: (a) MAE and (b) R2

These findings suggest that BALSTMCi,gsw plays an important role in preventing a decline in prediction accuracy by considering the sequential characteristics of the mesophyll variables, especially for predicting A 20 min in advance. These findings also show that the time-series values of the mesophyll variables reproduced by BLSTM contributed to improving the prediction accuracy of A, even for prediction times up to 20 min ahead. These results suggest that prior knowledge of the mesophyll environment has a significant influence on the prediction of A.

3.3 Effect of Sequential Data Length in Model Input on Prediction of Photosynthetic Carbon Assimilation Rate

The time-series length of the input data used in this study's prediction model was 5 min. This is because highly accurate predictions could be made without setting the window size of the sequential data to over 5 min when predicting the current value of A by LSTM (Table 5). Furthermore, whether a prior history of the external environment influences the prediction accuracy was investigated for LSTM (Qin, Ca, Tair) and BALSTMCi,gsw. The results showed that both LSTM (Qin, Ca, Tair) and BALSTMCi,gsw had the highest accuracy when the time-series length was 5 min, and the accuracy decreased when the input width was increased. By contrast, the decrease in accuracy was minimal when the window size of the time series was reduced to 3 min. The above results show that important information was concentrated in the latest value for the prediction of A, and they show the appropriate window size for capturing the dynamic characteristics of A from the time-series information of external variables using LSTM, LSTM (Qin, Ca, Tair), and BALSTMCi,gsw (Qin, Ca, Tair). By contrast, increasing the window size increased the model complexity and decreased the prediction accuracy.
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3.4 Model Generalization and Applicability

Fig. 10 and Table 6 show the results of predicting A using the dataset of gas-exchange measurements of each individual leaf in FY2019 (Table A1) by applying the model trained with the FY2017 dataset. According to the results, three categories could be classified relative to LSTM (Qin, Ca, Tair) (Table 6): the case where errors significantly decreased because of BALSTMCi,gsw incorporating Ci and gsw as intermediate product variables (Fig. 10a), the case where errors were almost unchanged in both models and the prediction accuracy was generally satisfactory (Fig. 10b), and the case where the absolute error was large for both models and the prediction accuracy was low (Fig. 10c).
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Figure 10: Measured and simulated assimilation rate (A): (a) July 5, 2019, (b) July 18, 2019, and (c) July 17, 2019

[image: images]

The use of BALSTMCi,gsw enabled both the reproduction of Ci and gsw and the confirmation of samples in which the prediction accuracy of A was significantly improved (Category A in Fig. 11 and Table 6). Meanwhile, the accuracy of BALSTMCi,gsw is not always excellent in each Category B sample in Table 6. These results suggest that accuracy was improved in samples for which sufficient accuracy could not be obtained only with external environment variables by reproducing the mesophyll variables with BALSTM and by using them as explanatory variables for the prediction. Additionally, half of the samples in Table 6 have relatively lower prediction accuracies of A for both LSTM (Qin, Ca, Tair) and BALSTMCi,gsw (Qin, Ca, Tair) when comparing Categories A and B. As shown in Fig. 12, the data distribution of the external environment variables of the samples classified as Category C shows that the photosynthetic photon flux and temperature in the summer were higher than those in the training data. The prediction accuracy was also low for “Takanari,” whose strains are different from those of “Koshihikari” and “Akitakomachi,” neither of which were used to train the models. Therefore, there remain certain unresolved issues for making predictions using input data outside the numerical range of training data, such as time, cultivars, and growth stage, and for applying them to models of cultivars not used in learning. Meanwhile, Ci and gsw in the mesophyll can be reproduced in addition to predicting A if BALSTMCi,gsw is used; thus, we can assume that both Ci and gsw can be reproduced and A can be predicted based on various external environment scenarios using a wide range of gas-exchange measurement data as the training data for machine learning models in the future.
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Figure 11: Residual plot of assimilation rate (A) in each category in Table 6
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Figure 12: Box plots of variable values for training data and each leaf for measurements in 2019: (a) assimilation rate (A), (b) PPFD incident on the leaf (Qin), (c) ambient CO2 (Ca), and (d) chamber air temperature (Tair)

The meteorological environment in the closed chamber used in this study was significantly different from the field environment, except for the light environment. The target cultivar used for learning was “Koshihikari,” and only the most developed leaves were used for measuring the leaf positions. Therefore, measured values under various conditions, such as the cultivar, soil conditions, fertilization conditions, growth stage, and leaf position, are needed to make the proposed model more robust. Furthermore, applying this technology to the prediction of canopy-scale photosynthesis in the field requires detailed investigations on the historical effect of the meteorological environment on the photosynthetic carbon assimilation rate A of individual leaves. It also requires the accumulation of knowledge through experimental and theoretical studies, such as connections with a precise prediction model of micrometeorology, including the area's vertical direction. We believe that solving these problems would enable an accurate prediction of canopy growth and dry matter production, as well as the acquisition of a large amount of phenotypic data of crops that affect growth using a prediction model. This determination can provide a perspective on which phenotypes should be targeted when breeding for efficiency and speed.

4  Conclusions

This study focused on predicting the photosynthetic carbon assimilation rate A of individual rice leaves. BALSTM was used to construct a predictive model of A and to verify its accuracy. The most significant feature of BALSTM is its hybrid architecture, where Ci and gsw are reproduced as intermediate products in addition to A using only the easy-to-measure environmental variables of Qin, Ca, and Tair. The obtained output is then added to the training model. The results showed the following: 1) BALSTMCi,gsw (Qin, Ca, Tair) had a significantly higher prediction accuracy than LSTM (Qin, Ca, Tair); 2) the hybrid model with Ci and gsw as intermediate products had a higher accuracy in reproducing A than the other combinations of intermediate products; 3) the MAPE values in the reproduction of Ci and gsw were 5.1% and 7.6%, respectively, with good results overall; and 4) having a mechanism to reproduce the mesophyll variables improved the reproduction and prediction accuracy of A when compared with only using the external environment variables. In the future, we intend to conduct gas-exchange measurements that include a wider range of external environment variables, build a robust model by increasing the amount of data required for model learning, and improve the model's prediction accuracy. We will also strive to build an information infrastructure that can be applied to the decision-making of on-site agricultural work by combining spatial wide-area information, such as remote sensing data, with the relatively easy-to-measure external environment as an explanatory variable. Finally, we will spatiotemporally extend the application of BALSTM and simultaneously construct a system to predict A in real time.
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Table 3: Comparison of reproducibility of sequential series data by augmentation model about
intercellular CO,

Augmentation model Intermediate variable (C))
TMAE MAPE(0) MAPE(®4)

Full connected net 3.32 7.0 8.9

LSTM 2.59 7.2 4.4

GRU 2.82 7.2 4.7

BLSTM 1.21 2.8 4.2
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Table 4: Summary error statistics of intermediate variables (intercellular CO, (Ci), stomatal conduc-
tance to water vapor (g,,), latent heat flux (LHF) and relative humidity (RH)) and assimilation rate

(A) using the models
Model Intermediate  Intermediate variable A
variable
TMAE MAPE(0) MAPE(4) R* MAE
LSTM 0.977 0.516
LSTM (Q.. C,, T,;,) 0.891 2.24
BALSTMy, (Q,., C., T.;.) G, 1.21 2.8 4.2 0.903 2.08
BALSTM,,, (Q.., C., T.,) Low 0.060 2.2 6.3 0.907 2.03
BALSTMc 4, (Qin» Co> Tai) G 1.33 3.0 5.1 0.909 2.01
Low 0.055 3.2 7.6
BALSTMc 4 (Qins Cor Tiir) G 1.32 3.1 5.1 0.902 2.06
Lo 0.061 2.7 7.3
LHF 3.34 11.7 13.2
BALSTMc . Liizrir (Qins Cos G 1.25 3.2 7.1 0.899 2.36
Ta) 2o 0.071 3.3 6.7
LHF 3.26 10.7 15.6
RH 2.77 5.9 11.0
BALSTM, ek (Qins Cor Tr) g, 0.077 3.1 7.6 0.892 2.26
LHF 3.01 9.5 10.9
RH 2.98 7.1 10.2
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Table Al: Date and time of gas-exchange measurement for individual leaves of rice (Oryza sativa L.)

Year Cultivar Month Day Start End Log point
26 7:01 a.m. 7:00 p.m 719
27 6:33 a.m. 2:16 p.m. 463

June

28 1:11 p.m. 6:14 p.m. 303
29 6:42 a.m. 6:13 p.m. 691
July 11 7:52 a.m. 6:40 p.m. 648
13 8:19 am. 6:54 p.m. 635
. 14 7:07 am. 7:40 p.m. 753
2017 Koshihikari 15 7:57 am. 6:39 p.m. 642
Augustx 21 7:15 a.m. 7:06 p.m. 711
22 7:41 am. 6:01 p.m. 620
23 7:33 am. 6:25 p.m. 652
24 7:29 am. 6:20 p.m. 651
Augustx 21 7.17 a.m. 6:30 p.m. 682
22 7:45 am. 6:50 p.m. 665
23 7:47 am. 6:28 p.m. 641
24 7:45 am. 6:42 p.m. 657
Koshihikari 5 7:48 a.m. 1:48 p.m. 360
Akitakomachi 6 7:57 am. 2:57 p.m. 420
Koshihikari July 17 8:05 a.m. 6:01 p.m. 571
Akitakomachi 18 7:57 a.m. 2:45 p.m. 401
Akitakomachi 21 7:57 a.m. 6:03 p.m. 558
2019 Akitakomachi ~ August 2 8:00 a.m. 6:01 p.m. 578
Koshihikari 3 7:53 a.m. 6:01 p.m. 580
Akitakomachi 17 9:59 a.m. 6:07 p.m. 467
Koshihikari 27 11:32 a.m. 6:04 p.m. 376
Koshihikari 29 8:31 a.m. 6:04 p.m. 550
Akitakomachi ~ September 1 8:39 am. 6:06 p.m. 547
Takanari 16 1:33 pm. 6:02 p.m. 259
Takanari 17 10:02 a.m. 6:01 p.m. 461

Note: xMeasured using two LI-6800 on the same day.
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Table 1: Objective and explanatory variables used in this study

Variables Units Description

A pmol m—2 s™' Photosynthetic carbon assimilation rate

E molm~—s™' Transpiration rate

C, umol mol™' Ambient CO,

G umol mol~! Mesophyll CO,

Lo molm— s~ Stomatal conductance to water vapor

S molm~—2s™! Boundary layer conductance to water vapor
Lo molm= s~ Total conductance to water vapor

I mol m~2 s~! Total conductance to CO,

SVPy kPa Saturation vapor pressure at leaf temperature
RH % Relative humidity in the chamber

VPD,.,s kPa Vapor pressure deficit at leaf temperature
LHF Wm= Latent heat flux

SHF Wm= Sensible heat flux

0, pmolm=— s PPED incident on the leaf

(O umol m— s~ PPFD absorbed by the leaf

Qb in umol m=2 s~ In-chamber ambient PPFD

T, °C Chamber air temperature
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Table 6: Evaluating the prediction accuracy of the learned model using test data for each leaf of rice
for 2019

Month Day Cultivar MAE Category

LSTM(Qim Ca& Tair) BALSTMCi,g\'w (Qim Ca& Tair)

July 5 Koshihikari 5.80 0.73 A
6 Akitakomachi  4.31 1.98 A
17 Koshihikari 8.35 7.73 C
18 Akitakomachi  2.45 3.39 B
21 Akitakomachi 1.72 1.94 B
August 2 Akitakomachi  4.52 4.54 B
3 Koshihikari 6.09 6.01 C
17 Akitakomachi  6.64 5.99 C
27 Koshihikari 6.80 6.07 C
29 Koshihikari 2.99 2.56 B
September 1 Akitakomachi  7.96 7.95 C
16 Takanari 4.07 6.53 C
17 Takanari 6.64 6.91 C
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Table 2: Comparison with well-known forecasting models which can be applied to time-series data

Model R? MAE
PCR 0.913 2.046
PLS 0.904 1.727
RFR 0.939 1.561
RNN 0.930 1.612
LSTM 0.977 0.516
LSTM (Q.., C., T...) 0.891 2.240

GRU 0.956 1.122
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Table 5: Effect of window size on the prediction accuracy of assimilation rate (4) by the model

Window LSTM LSTM(Qu, Cay Tair)  BALSTM i g (Qins Cas Tiy)
s1ze MAE R MAE R MAE R

3 0.72 0.963 2.25 0.877 2.10 0.900

5 0.52 0.977 2.24 0.890 2.01 0.909

10 0.78 0.964 2.25 0.881 2.20 0.898

15 0.81 0.961 2.28 0.867 2.23 0.889

20 0.98 0.957 2.40 0.852 2.29 0.870
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