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We propose a method for reducing the nonstationary noise in signal time series of Sentinel data, based on a hidden Markov model. Our method is applied on interferometric coherence from Sentinel-1 and the normalized difference vegetation index (NDVI) from Sentinel-2, for detecting the mowing events based on long short-term memory (LSTM). With integrating our noise reduction step to the LSTM neural network architecture, we improved the F 1 -score from 0.69 to 0.76.

Introduction

The availability of free and open Sentinel data offers an opportunity to monitor in large scale different phenomena such as the impact of climate change, biodiversity, monitoring agricultural events, and land cover by investigating the regular dense time series. Many remote sensing approaches has been acquired in the literature for monitoring agricultural events using Sentinel-1 and Sentinel-2 data or the combination of them [START_REF] Tamm | Relating sentinel-1 interferometric coherence to mowing events on grasslands[END_REF][4] [START_REF] Stendardi | Exploiting time series of sentinel-1 and sentinel-2 imagery to detect meadow phenology in mountain regions[END_REF].

Neural networks and deep learning methods are the common approaches for detecting the changes in grasslands. Multilayer perceptron neural networks are used in [START_REF] Taravat | Automatic grassland cutting status detection in the context of spatiotemporal sentinel-1 imagery analysis and artificial neural networks[END_REF] for automatic detection of the cutting status of grasslands, using SAR imagery. The time series dataset of VV (vertical transmit, vertical receive) and VH (vertical transmit, horizontal receive) Sentinel-1 C-band SAR polarization backscattering intensities and second-order texture metrics (homogeneity, entropy, contrast, and dissimilarity) are used as input and different topologies are analyzed by changing the input parameters of the model. Despite all the potentials of Sentinel data, the results of the studies on these datasets suffer heavily from the atmosphere condition. Therefore, applying a noise reduction step is crucial to achieve higher accuracy in results, and hence, in the publicity of Sentinel data for detecting farming activities over more traditional approaches. Nevertheless, the body of literature is rather shallow in this area. Authors in [START_REF] Hird | Noise reduction of ndvi time series: An empirical comparison of selected techniques[END_REF] provide a framework for evaluating noise-reduction strategies for NDVI time series, empirically, and under different conditions. In their experiments, asymmetric Gaussian [START_REF] Jonsson | Seasonality extraction by function fitting to time-series of satellite sensor data[END_REF] and double logistic function-fitting [START_REF] Beck | Improved monitoring of vegetation dynamics at very high latitudes: A new method using modis ndvi[END_REF] techniques performed best.

Model-based methods are one of the main statistical approaches for signal noise reduction [START_REF] Zhao | Hmm-based gain modeling for enhancement of speech in noise[END_REF] [START_REF] Sameti | Nonstationary-state hidden markov model representation of speech signals for speech enhancement[END_REF]. In these methods, the signal model and noise models are first generated in a training phase, and then the clean signal is estimated based on this preliminary information in a test phase. The non-model-based procedures only consist of the test phase, and the required information is estimated using the noisy signal. Under the non-stationary noisy conditions, the model-based techniques have advantages over the non-model-based techniques through prior information [START_REF] Jonsson | Seasonality extraction by function fitting to time-series of satellite sensor data[END_REF]. Hidden Markov Model is one of the efficient model-based methods applied to signal enhancement under non-stationary noisy conditions [START_REF] Zhao | Hmm-based gain modeling for enhancement of speech in noise[END_REF], [START_REF] Nilsson | Hmm-based speech enhancement applied in non-stationary noise using cepstral features and log-normal approximation[END_REF], [START_REF] Sameti | Nonstationary-state hidden markov model representation of speech signals for speech enhancement[END_REF], [START_REF] Veisi | Speech enhancement using hidden markov models in mel-frequency domain[END_REF].

In this work, we introduce a model-based noise reduction method for improving the accuracy of the mowing event detection in grasslands through noise modelling. Although no separate training set for noise and signal exists in our work, our main contribution is in adapting the available techniques to estimate the noise model and signal model. To the best of our knowledge, no noise reduction method based on Markovian approaches, applied to Sentinel data, is presented in the literature.

Our work presented in this work is the result of an industrial collaboration with Kappazeta Ltd 1 . Mowing events on agricultural grasslands are detected by Kappazeta Ltd, based on Sentinel-1 and Sentinel-2 data and by employing interferometric coherence from Sentinel-1 and the normalized difference vegetation index (NDVI) from Sentinel-2 for detection of mowing events using long short-term memory (LSTM) neural network architecture.

Given the Kappazeta Ltd framework for detecting the mowing events, we introduce a noise reduction method for time series with non-stationary noise to make a smoother time series. This process helps the LSTM training to achieve a better result. Our approach is based on a Hidden Markov Model (HMM), obtained from the combination of two other HMMs, one for modeling the signal and the other for modeling the noise. We propose an iterative technique for training the HMMs of signal and noise at the same time. We use these HMMs and their combination for decomposing the noisy-signal time series to signal and noise time series.

Preliminaries

In this section, we briefly give an overview of the common terminology about the data sources and the features that are extracted from them.

Sentinel-1 is the constellation of radar satellite operated by the European Space Agency, consists of two units: Sentinel-1A and Sentinel-1B; it is capable of acquiring a new image with 20 meters spatial resolution on average after every 1.5 day at Estonian latitudes.

Sentinel-2 is the constellation of optical satellites operated by the European Space Agency, consists of two units: Sentinel-2A and Sentinel-2B; it is capable of acquiring a new image with 10 meters spatial resolution on average after every 2.5 day at Estonian latitudes.

Different measures, extracted from Sentinel data, are commonly used for detecting the agricultural activities.

VH and VV are standing for Vertical-Horizontal and Vertical-Vertical polarization modes of Sentinel-1 respectively.

The coherence, γ, is defined as the normalized similarity measure of two Sentinel-1 radar images and cal-1 https://kappazeta.ee/ culated according to

γ = | s 1 s * 2 | s 1 s * 1 s 2 s * 2 (1)
where s1 and s2 denote two complex SAR acquisitions, s * denotes the complex conjugate of s, |•| denotes the absolute value, and • denotes the spatial average over a window of a certain size. When two Sentinel-1 radar images are identical, γ = 1 and in case there is no similarity between the two input images γ = 0. The coherence obtained by VH (VV) mode is called VHcoherence (VV-coherence).

The normalized difference vegetation index (NDVI) is another suitable measure for detecting changes in grasslands. NDVI is defined as the normalized difference between near-infrared and red channels from Sentinel-2 data and calculated as follows.

NDVI = NIR -RED NIR + RED (2) 
where RED and NIR stand for the spectral reflectance measurements acquired in the red (visible) and near infrared regions, respectively. Optical data is a suitable resource for detecting changes in grasslands. Mowing events and removal of vegetation cause a significant change in the reflected signals that can be detected by the use of NDVI.

Methodology

Our methodology is based on, first, calculating three times series: VV-coherence, VH-coherence, and NDVI for each grassland parcel. Then, reducing the noise for all the time series. In the next step, mowing events in each data point will be detected by LSTM neural network architecture. The workflow of the methodology is explained in figure 1. The contribution of this work is adding the noise reduction phase to the Kappazeta framework.

Input data and time series extraction phase

Our input data contains a collection of Sentinel-1 and -2 images made over Estonia from May to September 2017, prepared by Kappazeta company. Additionally, the geometry and the locations of the grassland parcels are obtained from ARIB2 (Agricultural Registers and Information Board). The data of the total number of 1223 parcels are used in our study.

For every given grassland parcel spatial average time series of VV coherence, VH coherence from Sentinel-1 

Noise reduction phase

After extracting the time series VV coherence, VH coherence, and NDVI, in this phase, we acquire a Hidden Markov Models (HMM) to generate the three corresponding time series with reduced noise. First, two separate HMMs are constructed, one for the signal model and one for the noise model. Then, a combined HMM is designed for the noisy-signal model. For building the combined HMM, we follow the same approach as [START_REF] Vaseghi | Advanced digital signal processing and noise reduction[END_REF], [START_REF] Vaseghi | Noise-adaptive hidden markov models based on wiener filters[END_REF] in the speech recognition use case. This method is particularly good when we have non-stationary noise. Assuming that the signal and noise are independent processes, the states of the noisy-signal model are defined based on multiplying every signal state by all possible noise states. See figure 3 for the illustration. The emission distribution of a noisy-signal state is defined by N (µ x +µ n , σ 2

x +σ 2 n ), when N (µ x , σ 2 x ) and N (µ n , σ 2 n ) are the emission distribution of the signal state and the noise state, correspondingly. The transition probability matrix of the noisy-signal model, C, is calculated by the tensor product of the signal model probability transition matrix, X, and the noise model probability transition matrix, N . C = X ⊗ N.

(3) Fig. 3: Combination of signal and noise HMMs. The state S ij in the combined HMM is obtained by merging states i and j in signal and noise HMMs, correspondingly. a ij refers to probability of the transition from the state S i to the state S j . Now, for each time series VV coherence, VH coherence, and NDVI, three HMMs are obtained for the signal, noise, and noisy-signal models. For each time series, the signal with reduced noise will be estimated by the following steps.

1. The time series, y(t), are fed to their noisy-signal HMM model, and the most probable sequence of hidden states is calculated by the Viterbi algorithm. This sequence is composed of paired states of signal and noise, according to the definition. 2. Sequences of hidden states for the noise model and the signal model are extracted. 3. The time series y(t) are decomposed to signal X M AP (t) plus noise N M AP (t) as in equation 4.

y(t) = X M AP (t) + N M AP (t) (4) 
Where X M AP is calculated based on equation 5, using the Maximum A Posterior (MAP) rule and considering the emission distribution of the signal model and the noise model.

X M AP (t) = 1 σ 2 X,s(t) + σ 2 N,n(t) σ 2 X,s(t) (y(t) -µ N,n(t) ) + 1 σ 2 X,s(t) + σ 2 N,n(t) σ 2 N,n(t) µ X,s(t) (5) 
The indices X, s(t) and N, n(t) represent the state of the signal model and the state of the noise model, accordingly.

Event detection phase

In this part, the three time series with reduced noise, obtained from the previous step, are labeled by the LSTM neural network model. Each data point is labeled 1 if "mowing" is detected and 0, otherwise.

HMM training

In this section, we explain the training algorithm for the corresponding HMMs of signal and noise models of VV coherence, and VH coherence and NDVI. In [START_REF] Vaseghi | Advanced digital signal processing and noise reduction[END_REF] it is assumed separated training datasets are available for noise and signal without noise, therefore it is possible to train noise HMM and signal HMM, separately. However, in our case study, the training dataset is a set of noisy signal time-series, with event labels for data points. At the same time, for training the signal HMM and noise HMM, datasets of signal time series and noise time series are required and for decomposing the noisysignal time series, the trained HMMs of signal and noise are needed. To deal with this problem, we decompose the noisy-signal time series to signal and noise. The decomposition is done in an iterative process, according to figure 4. The process is stopped after a certain number of iterations and the best result is chosen. The details of the algorithm are discussed in the following.

Initialization of the HMMs

Every HMM is defined by the set of states, transition probabilities, and emission distributions.

The transition between the states of the signal model is only possible in one direction. In other words, the states construct a directed path (see figure 3) with two possible transitions for each state, either by moving to the next state or by staying in the same state. The graph of the noise model is a directed complete graph with self-loops. So, there exists a transition edge from each state to all the states.

The initialization of the transition matrix and mean and variance for emission Gaussian distribution can be done arbitrarily or by using any additional information or expert knowledge. In our case, for each time series used in the training, a list of labels assigned to events, collected by ARIB. The labels not only include "mowing" events, but also contains "ploughing", "cultivation", "seeding", "sowing", and "cutting".

Our idea for improving the arbitrary initialization is as follows. In the first step, for each time series, we approximate the time series of the signal without noise based on the sequence of labels of the data points. Then, the approximated time series of noise is obtained by subtracting the approximated time series of the signal without noise from the initial time series. In the second step, we train the signal model and the noise model, using the set of the approximated signal time series and the set of approximated noise time series and applying the Baum-Welsh algorithm [START_REF]Baum-Welch Algorithm[END_REF]. This approach helps us to have better initialization.

For approximating the signal without noise, mentioned before, first, we partition the time into 10 days time intervals. Then, for each label and each time interval I, we calculate a real number f ( , I) as the approximated value of a data point at each time t ∈ I with label . We calculate f ( , I) by taking the average of the values of all the data points of all the time series with label and time in the time interval I. To reduce the effect of the outliers, the average is taken over the middle third of the sorted data.

Training algorithm

The training algorithm is presented in algorithm 1.

In each iteration of the algorithm, the new signal model and noise model are calculated from the signal model and noise models in the previous step, based on their combined model, MAP rule (equation 5) and their training.

The algorithm outputs the signal model and noise model with the minimum cost of decoding the training data set in their combined model. Training is done with 100 epochs. The loss function is a weighted binary cross-entropy. Class weights are calculated as an inverted proportion of their fraction in training data-set. 1 corresponds to the mowing event and 0 corresponds to event absence. The final output of the LSTM layer is passed to batch normalization and then to a dense layer. The final activation function is sigmoid. Returned tensor predicts probabilities of mowing events for each day in an observed season.

Results and Discussion

We split our data-set of 1300 parcels, with a ratio of 70% and 30% for training and testing sets, correspondingly, and examined our method with a different number of states for the hidden Markov models of noise and signal. The F 1 -score, precision, and recall of different combinations of the number of states is presented in tables 1.

The F 1 -score, precision, and recall for a baseline LSTM model (LSTM without noise reduction) are 0.69, 0.88, and 0.58, correspondingly. The accuracy of some of the better experiments in each month are presented in figures 5, 6, and 7 and have been compared with baseline LSTM. Adding the noise reduction step, for instance in case of 3 states for signal HMM and 3 states for noise HMM, improved the F 1 -score from 0.69 to 0.76. Table 2: The number of mowing events in different months for the parcels in our data set.

According to the mowing season of our study area (Estonia), the number of mowing events is much smaller in May and September in comparison to the summer months (see table 2). This fact results in obtaining inconsistent outcome in May and September, because of the sensitivity of the method to the choice of the training set. For instance, in May, after randomly dividing the dataset into the training and testing sets, no mowing event occurred in our training set and therefore the algorithms did not find any mowing event. In September, due to the small number of mowing events in the test set, the algorithms detected a diminutive number of mowing events, As a result, precision and recall are too sensitive to a small number of wrong mowing event detection. 
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 1 Fig. 1: An overview of the methodology, used in this work.
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 2 Fig. 2: The time series of VV coherence, VH coherence and NDVI for a sample parcel.
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 4 Fig. 4: The outline configuration of HMM training.
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 5 LSTM trainingFor training the LSTM neural network, the noise-reduced version of the time series of VV coherence, VH coherence, and NDVI are acquired. We use a one-layered LSTM model of size 100 with dropout 0.1. The activation function by default is the hyperbolic tangent, and the recurrent activation function is a sigmoid function by default.
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 56 Fig. 5: The F 1 -score per month

Table 1 :

 1 The obtained F 1 -score, recall and precision with different number of states in noise and signal HMMs.

	(#signal, #noise) F 1 -score recall precision
	(3,2)		0.73	0.64	0.86
	(3,3)		0.76	0.67	0.88
	(4,2)		0.76	0.66	0.88
	(4,3)		0.75	0.65	0.88
	(5,2)		0.73	0.62	0.87
	(5,3)		0.76	0.67	0.88
	Month	May Jun Jul Aug Sep
	# mowing events	19	481 729	664	40
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