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Forecasting the crop phenology helps in crop production estimation, irrigation scheduling and in crop classification. In this article, we propose a methodology that uses the Normalized Difference Vegetation Index (NDVI), derived from the bands of an optical multispectral satellite (Sentinel-2) data for forecasting crop phenology stages using a Long Short-Term Memory (LSTM) network. Firstly, LSTM is used for forecasting the NDVI values until the end of season and then the stage estimation technique is applied on this forecast data to get the phenology points. This method is experimented on a region in India, where the potato crop was grown. The performance of the LSTM model on test dataset are: MAE≈ 0.19, MSE≈ 0.06 and RMSE≈ 0.23, and the phenology points are detected correctly with a mean deviation of ±10 days.

INTRODUCTION

The estimation of a crop's phenological growth stage is very important in remote monitoring and advisory of crops using satellite imaging. However, it has not been well studied and documented in the context of it's application to crop identification, crop health, scheduling of irrigation, decisions regarding purchase and application of agricultural inputs such as soil nutrients, alerting of possible diseases, harvest prediction or detection, and yield estimation. It is now known that the application of soil nutrients in the panicle stage of a paddy can increase the Chlorophyll and Nitrogen (N) content in the high photosynthetic-rate leaves, and as a result increase the yield [START_REF] Qiangsheng | Effect of application stage of panicle fertilizer on rice grain yield and the utilization of nitrogen[END_REF]. Irrigation scheduling is also critical in the paddy growth period, especially in the active tillering stage. Early detection of crop stages help in advance production estimation which has direct impact in regards to crop procurement, distribution, price structure and import/export decisions. As a case study, in this article, we consider forecasting the growth stages for a potato crop. Although this is demonstrated for the potato crop, this method can be scaled to other crops and geographical locations.

In general, the Normalised Difference Vegetation Index (NDVI) or the Leaf Area Index (LAI) is used to character-ize the vegetative growth periods in a crop cycle. We use the NDVI time-series data for assessing the crop remotely. From an agronomist's point-of-view, a life cycle (starting from planting) of potato crop is approximately 60 -90 days (depending upon the location, weather and the variety) and can be broken down into five stages viz. [START_REF] Timothy S Griffin | A simulation model for potato growth and development: Substor-potato Version 2[END_REF]: i) Sprout development, ii) Vegetative growth, iii) Tuber initiation, iv) Tuber bulking, v) Maturation stage. As the photosynthesis gradually decreases, the tuber growth rate slows to a saturation and eventually the vine dies. It was observed that the NDVI starts increasing slowly from the vegetative stage and it reaches to the highest point during the tuber bulking stage, and finally going down relatively faster in the maturation stage. By considering this phenomenon, the phenology forecasting technique is developed and it helps describe the whole life cycle starting from Vegetative stage to Maturation stage by four salient points: Sowing, Vegetative, Heading and Maturity.

We used the popular Long Short-Term Memory (LSTM) [START_REF] Hochreiter | Long shortterm memory[END_REF] architecture of the Recurrent Neural Network (RNN) as a backbone for the time-series modeling. One of the uniqueness is it's ability to learn the long-term dependencies. This network was used for predicting the NDVI values by using the historical values to generate the entire time-series data and then detect the stages. There have been a few prior reported work on forecasting NDVI time-series data [START_REF] Reddy | Prediction of vegetation dynamics using ndvi time series data and lstm[END_REF][START_REF] Ahmad | A machinelearning based convlstm architecture for ndvi forecasting[END_REF]. The main contribution of this work is the development of a new method to crop phenological stage forecasting and detection. Based on our knowledge, there is no study yet documented that forecast stages of a crop within season, specifically for the potato crop.

METHODOLOGY

In the section, we describe the main proposed methodology for the crop phenological parameters forecasting using the following two main steps (see Fig. 1): (i) Forecasting the time-series vegetation index using the LSTM; (ii) detecting the main peak and salient points on the forecast data for mapping the phenological parameters like sowing, tillering, heading and maturity points. The NDVI is derived from the optical bands of the Sentinel-2 series satellites.
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Fig. 1: Conceptual framework for forecasting crop phenology parameters.

LSTM-based Forecasting Model

LSTM networks [START_REF] Hochreiter | Long shortterm memory[END_REF] are an extension of the RNNs introduced for retaining information for a longer time period, and designed to almost completely remove the vanishing gradient problem. A typical LSTM cell is composed with three gates: forget gate, input gate and output gate, and two states: hidden state and cell state. The complete set of parameters in a LSTM cell can be expressed as We design our input sequence in such a way that it meets our objective of forecasting NDVI time-series and consequently, deriving the phenological stages. Let us assume that we know a priori the NDVI time-series (x 0 , x 1 , x 2 , . . . , x t-1 , x t , . . . , x T ) generated from a life cycle of a potato crop. To predict x t , our network is trained with previous L values, say (x t-L , . . . , x t-1 ). L is the minimum number of timestamps required to start the prediction and hence the input dimension has a fixed length L. The network output is designed in such a way that instead of single value prediction, a few more ahead values can be forecast along with x t . Let us assume that y

P k = {(W f , b f ), (W i , b i ), (W c , b c ), (W o , b o )},
(p) t = (x (p) t , x (p) t+1 , . . . , x (p) 
t+M -1 ) T is the forecast value for x t , where M is the number of time stamps for which the value is forecast. Now, if y t = (x t , x t+1 , . . . , x t+M -1 ) T represents the corresponding true value, then the loss can be defined as:

L(y (p) , y) = 1 M t (y (p) t -y t ) 2 . ( 1 
)
The minimization of the loss which constitutes the learn-ing process of estimation the parameters and learning rate updating is achieved here by the Adam Optimizer [START_REF] Diederik | Adam: A method for stochastic optimization[END_REF].

Crop Phenology Detection

The forecast NDVI values are fed to the phenology estimation model for predicting the dates of sowing point, tillering point, heading point, and maturity point. As mentioned in Section 1, these are the five crop growth stages derived from the four phenology points. Fig. 2 shows the NDVI time-series signature of potato crop along with the different stages in its cycle. Savitzky-Golay (SG) filter is used for smoothing the NDVI data. SG filter is found more suitable for S2 NDVI values compared to the other techniques like mean values iteration (MVI), Gaussian or logistic techniques. On the smooth NDVI curve, the first and second order derivatives help in detecting the salient points like the peak and the inflection points. From the first order derivative, Sowing and Heading points is attained (see Fig. 3a). Tillering and Maturity points are obtained from inflection points of the second order derivative (see Fig. 3b).

The algorithm for phenology estimation is presented in Algorithm 1. The challenge in this technique is to find the parameters for the SG filter and to remove the anomalous phenology points. It is observed that by deriving the dynamic values to the SG filter parameters, depending on the peaks present in the NDVI curve and time duration of the crop, resulted in improving the points detection.

EXPERIMENT

Data Preparation

The time-series satellite data is downloaded from the Sentinel-2 Copernicus hub. Sentinel-2 L1C (top of the atmosphere reflectance) data from October 2019 to April 2020 is downloaded on the Amazon Web Services (AWS) command line interface (CLI). The time-series data is composed of 25-30 Fig. 3: (a) First order derivative analysis for finding sowing and heading points, (b) Second derivative analysis for finding tillering and maturity points images having a 5 day interval between each of the timestamps. The dataset has cloudy pixels which are masked using the s2cloudless classifier and filled using the linear interpolation technique. Around 2000 potato plots was collected near Ahmedabad district, Gujarat, India.

Forecasting NDVI Timeseries

In this experiment, the LSTM model is built with two hidden layers where input sequence is L = 5 and output sequence length is M = 4 (see 2). Total number of samples in the dataset is around 50000, 80% of this dataset is used for training and the rest of them is used for validating the model. The accuracy obtained for training and validation is shown in the Table 1. Only limitation of this model is that it requires minimum L timestamps. We start with minimum L values as input and forecast next M timestamp values. This procedure is iterated untill we reach 25 timestamp values. Since, 25 timestamp values (25 × 5 days i.e. 100 days) is good enough for completing the potato crop cycle. The results for a sample pixel is shown in Figure 4.

  where (W f , b f ) are the weight matrix and the bias terms associated with the "forget gate", (W i , b i ) for the "input gate", (W c , b c ) with the "cell state", and (W o , b o ) associated with the "output gate" respectively. The objective of the model training is to estimate P k based on input training sequences. The procedure of building a successful model depends on many factors like the model architecture, the training sequences that are fed into model based on the requirements, loss function and the choice of the training dataset itself.
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 2 Fig. 2: NDVI time-series signature for potato crop with phenology parameters

Detecting Phenological Stages on Potato Crop

We deployed the algorithm in the Ahmedabad district in Gujarat, India. For the potato crop, the tillering point occurred around the 30th day after the sowing at 0th day, the heading date is around 60th day and the maturity date is observed on the 85th day. Fig. 5 illustrates an example of potato crop pixel with the occurrence of phenology points. We tested on 400 plots in real and found that the phenology points has a mean deviation of ±10 days. 

CONCLUSIONS AND FUTURE WORK

One of the main objectives of this article is to forecast crop phenology points, and so we are not evaluating the precision of the NDVI predictions as long as the forecast signal follows the original crop signature. The number of parameters in LSTM is also kept minimal, and after multiple experiments, we found that LSTM with two layers is enough for describing the potato crop signature accurately and avoid over fitting. It is possible that there might be more deeper layers required, if we consider multiple crops together. Though our method is tested on potato crop, the technique is crop agnostic as long as similar salient points can be found in other crops as well.

The phenology points can be used for generating other parameters like start of season (SOS), end of season (EOS), and duration of season. The novelty and contribution of this approach is that it is has minimum parameters to tune and there is only one threshold that is used for removing the anomalous zero-crossing points. However, this parameter can also be integrated out of the problem by introducing other parameters like temperature or any crop specific features. The proposed technique is deployed in moderately large area in India and we found highly consistent detection of the phenology points. Considering the fact that the time-interval between two acquired timestamps is 5 days or more, this is quite a remarkable achievement for a medium temporal resolution satellite data. The major challenge faced while deploying this to the entire region is when the signal dropped due to longer period of cloudy days. In these cases, it is unlikely to generate the real crop signature unless we can estimate the missing data by augmenting it with spatial features.