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Abstract

:

In order to exploit plants as environmental biosensors, previous researches have been focused on the electrical signal response of the plants to different environmental stimuli. One of the important outcomes of those researches has been the extraction of meaningful features from the electrical signals and the use of such features for the classification of the stimuli which affected the plants. The classification results are dependent on the classifier algorithm used, features extracted and the quality of data. This paper presents an innovative way of extracting features from raw plant electrical signal response to classify the external stimuli which caused the plant to produce such a signal. A curve fitting approach in extracting features from the raw signal for classification of the applied stimuli has been adopted in this work, thereby evaluating whether the shape of the raw signal is dependent on the stimuli applied. Four types of curve fitting models—Polynomial, Gaussian, Fourier and Exponential, have been explored. The fitting accuracy (i.e., fitting of curve to the actual raw signal) depicted through R-squared values has allowed exploration of which curve fitting model performs best. The coefficients of the curve fit models were then used as features. Thereafter, using simple classification algorithms such as Linear Discriminant Analysis (LDA), Quadratic Discriminant Analysis (QDA) etc. within the curve fit coefficient space, we have verified that within the available data, above 90% classification accuracy can be achieved. The successful hypothesis taken in this work will allow further research in implementing plants as environmental biosensors.
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1. Introduction


Our surrounding natural environment is one of the most important aspect in our lives, wherever we are geographically located in the world. The most basic and simple reason behind this being the supply of food, water and oxygen, which are required for our sustenance. Two of the main constituents of our surrounding environment are the flora—plants and trees which provide us with oxygen and fruits, the vital components required for us human beings, and fauna—the animals. Plants, trees and forests also provide us with cleaner air by removing a few harmful components from the atmosphere such as Ozone (O3), Sulphur dioxide (SO2) and Nitrogen dioxide (NO2) which may cause adverse neurological, cardio-vascular and pulmonary health effects in human beings [1].



As a precautionary measure, many institutions across the globe constantly monitor our environment for pollutants which may harm us and the flora/fauna, directly or indirectly. Such a monitoring system may present us with valuable real time information which can be used to control or even prevent any short/long term damage to the environment we are surrounded by and thereby improve our healthy sustenance. The monitoring systems, employed by various institutions, are usually used for sensing one or multiple environmental parameters and may cover a certain geographical area of interest. However, such monitoring over a large geographical area could be quite expensive and complex infrastructure oriented [2,3,4]. Therefore, not many countries may be enthusiastic to pursue it as much as others, thereby increasing the chances of long-term damage to their local as well as the overall global environment. In such a scenario, if a monitoring system is developed which is cost effective and can be implemented on a large scale then it becomes meritorious and worthy of being implemented by every nation for a justified cause of detecting harmful environmental pollutants which affect our quality of life. Such a holistic system seems like a possibility when we think about plant electrophysiology i.e., electrical signals generated by the plants in response to external stimuli.



Plants possess sensing mechanisms which are employed to monitor the environment for optimal growth. This sensing mechanism can be observed by the change in behavior in plants like Mimosa pudica (touch me not) which closes its leaves when touched or Dionaea muscipula (Venus flytrap) which closes its trap when an insect gets in it. It has been established that plants produce an electrical signal response to stimuli which is used to control various physiological phenomena within the plant. These electrical signals, which may have embedded signatures capturing the essence of the stimuli affecting them, may be used as means of sensing the environment in which they grow.



Excitability in plants occurs due to the high sensitivity of protoplasm and all cell organelles to any natural and electrochemical effects [5]. It is reported in Reference [6] that due to any type of stimulus, an initial influx of Ca2+ triggers a Cl− efflux via anion channels which lead to massive and quick plasma membrane depolarization. A slow repolarization of the plasma membrane takes place due to activation of K+ efflux up to the resting potential. Due to ion channel gating, this electrical wave (due to influx and efflux of ions) propagates through the sieve tubes.



Apart from a local electrical potential (LEP), which is induced and sustained due to a wounding/injury and stops a few millimeters from a dying cell, there are action potential (AP) and variation potential (VP) [7,8]. All these three types of signals are due to a transient change in the membrane potential of plant cells (depolarization/repolarization phases), but only VP’s and AP’s make use of the vascular bundles to systemically spread through the entire plant body [7,8]. Out of these three types of electrical signals, AP and VP are of particular interest and several works have been reported in analyzing them [9,10,11,12,13,14,15,16,17], including mathematical modelling of such signals [18]. When observing the trends in the plant electrical signal responses used in this exploration, some of the signal response were found to have a trend opposite to the direction of other plants for the same stimuli. One explanation for this could be system potential (SP) [19], which is a novel type of electrical signal which propagates systematically from leaf to leaf. These types of signals are different to AP/VP and depend upon the nature and intensity of the stimuli applied. It is also found that unlike the primary polarity of AP/VP, the polarity of SP is reversed [19].



Plants, covering around one third of earth’s land mass [20] in the form of forests, are found in abundance, thereby covering a large geographical area naturally. Plants are also affected by the same parameters (environmental pollutants) as other living beings sharing the same natural environment. Therefore, if electrical signals such as AP/VP/SP from each plant could be used to monitor a certain area around that particular plant, then their abundantly distributed presence could be used to monitor a larger area at the same time. The viability of such an approach seems immense, but several questions rise along with this. If such electrical signals are extracted and analyzed, information about the external stimuli which caused the electrical signal may be found. A successful analysis of such signals will assist the idea of plants being used as a living, multiple stimuli biosensor.



Classification of stimulus using raw plant electrical signals were carried out previously using various discriminant classification algorithms and statistical feature combinations [21], reporting a classification result of around 70%. These results were based on average binary classification results obtained using three different types of stimuli—Sulphuric acid (H2SO4), Sodium Chloride (NaCl) solution and Ozone (O3) in a laboratory environment. Similarly, a decision tree-based multiclass classification was explored in Reference [22]. However, in these two papers various statistical features have been extracted from small windows of the time series (plant electrical signals). The classification results reported in Reference [22] are above 90%, when using these statistical features computed from the small segments of the time series. The questions which arise at this point are:




	
Are there any other methods of capturing the information about the applied stimuli from the plant electrical signal response? Will a new method produce similar or better classification accuracy than previously reported in Reference [22]?



	
Can the entire duration of the time series be considered for providing more information about the applied stimuli? In other words, is there more information embedded within the entire duration of the time series data which is recorded, which aids in similar or better results than reported in previous studies?








To answer both these questions, we hypothesized that the shape of the raw plant electrical signal, as a response to an applied stimulus, will be different for different stimuli. Hence the feature extraction could be based on the shape of this raw signal. One way of carrying this out is through fitting a curve to the signal and treating the curve fitting coefficients as features. If successful, it will also validate that the shape of the electrical response of a plant is varied for different stimuli. As a method, a similar approach was taken in Reference [23] where the authors demonstrated usage of Mahalanobis distance classifier for classification of object trajectory-based video motion clips, assuming that the clusters of the trajectory points are distributed normally in the coefficient feature space.



The main contributions of this paper are:




	
The identification of the hypothesis that the shape of the available plant electrical signals, acquired under laboratory conditions, are different for different stimuli is established.



	
The definition of the features that can be used for classification through a curve fitting approach, where the coefficients of the curve fits were provided to simple classifier algorithms such as LDA, QDA etc.



	
The validation of such curve fit coefficients as features that allow the achievement of classification results above 90%.








Thus, in this paper, we aim to explore a different feature set than what has been reported so far [21,22], so that optimal information for classification of the stimulus is obtained. This will also encourage the wider research community to take a step closer in realizing a holistic plant electrophysiology-based environmental monitoring system, which may help us take preventive measures against any harm to us or our natural environment, attributed to certain environmental pollutants, in a timely fashion. The majority of the work presented here is based on the chapter in the PhD thesis by the first author which can be accessed via Reference [24].




2. Stimuli Targeted for This Exploration


	(a)

	
One of the major components of air pollution today is tropospheric/ground level Ozone (O3) [25], which is the product of volatile organic compounds (VOCs) and Nitrogen oxides (NOx) aided by a rise in ambient temperature. Increasing ground level O3, which is approximately 1.66 times heavier than air [26], is causing serious damage to crops, forest cover and human health and has been a topic of research in different parts of the world [25]. The tropospheric O3 is thus a secondary pollutant, which can be contributed to by multiple sources. It is also suggested that precursors of O3 found in the USA were emitted in Asia [27], thereby suggesting that the pollutant may not be necessarily locally contributed. Monitoring of tropospheric O3 has been picked up in different parts of the world for its perceived adverse health impact [25,26,27,28,29,30,31,32]. Previous research on the detection of Ozone level through plant activity [33] and recent advances in realization of plant electrophysiology-based biosensors through a distributed network of wireless devices connected to the plants [34] highlights the importance of focusing on Ozone as an environmental pollutant.




	(b)

	
Similarly, salinity of the soil is a major concern, especially for agriculture as it leads to reduction in crop yield [35]. Apart from affecting crops/vegetation on an immediate basis, there is a long term effect of degradation of the soil which is considered as irreversible [35]. The amount of croplands, estimated to be around one third of the total current area, is expected to increase with a rise in global climate change [35]. One of the major components of salinity in the soil is common salt or sodium chloride (NaCl). When NaCl permeates the soil due to some reason, it can be harmful to both plants and organisms such as snails, slugs, frogs, newts and earthworms thriving in the soil [36]. It can also alter the salinity of the groundwater table underneath and will thus increase the salinity of drinking water which will harm human and animal health too [37]. If the salt reaches nearby fresh water streams, ponds, lakes etc. It will not only affect the aquatic life [36] living in such waterbodies but also affect the animals and human beings exposed to such water resources. Apart from being a health hazard and being damaging to the ecosystem, increased NaCl concentrations can also be corrosive to vehicles and infrastructure such as bridges etc. There could be several sources of NaCl input to the soil including usage of water softeners, septic/sewage effluent and de-icing of roads/highways in winter months, etc. [37]. The amount and scope of usage of common salt as de-icer for roads during winter months in locations across the globe makes it a major contributor for soil pollution [6,37,38,39,40,41,42,43,44,45,46].




	(c)

	
The admixture of wet and dry deposited material from the atmosphere with abnormal amounts of sulphuric and nitric acid constitutes the acid rain. The acid deposition is formed when large quantities of SO2 and NOx are emitted to the atmosphere due to the combustion of fossil fuels [47,48]. These pollutants undergo chemical reaction in the atmosphere and form sulphuric (H2SO4) and nitric (HNO3) acids which come down as acid rain. There have been several studies on the constituents of the acid rain in different parts of the world and their impact on different types of plants [49,50,51,52,53,54]. Acid rain alters the chemical composition of the soil by leaching the base cations (such as Ca2+, Mg2+, K+ and Na+) with SO42− and NO3− [55]. This affects not only the plants which thrive on the land but also the microbes which are present [55].







The specific aim of this paper is to explore the possibility of detecting these three pollutants, i.e., O3, NaCl and H2SO4, from the electrical response generated by the plants. For that purpose a set of experiments was conducted, using these three pollutants as external stimuli under laboratory conditions, on different species of plants, as presented in Reference [21] and their respective electrical responses were extracted and analyzed.



In order to extract information about an underlying system from a raw time series, the entire duration of the series encompassing the trend may be considered for feature extraction (rather than windowing the time series, as applied in Reference [21,22]). These features, extracted from the entire duration of the time series, may then be used for classification. In this regard, coefficients from different curve fitting models can be looked at as potential features capturing the nature of the trend. The significance of these features as representative of underlying patterns in different time series can then be verified by the classification accuracies obtained. For this exploration, the same set of classification algorithms, i.e., LDA, QDA, Diaglinear, Diagquadratic and Mahalanobis distance were used as reported in Reference [21] in order to find out the best feature set-classifier combination.



As a preliminary study, the curve fit coefficients from four different models, i.e., Polynomial, Gaussian, Fourier and Exponential were used, which captured the dynamics of the trend on the entire duration of the raw plant electrical signal response to three different stimuli, i.e., NaCl, H2SO4 and O3. Thereafter, these coefficients were treated as features and normalized similar to as explained in Reference [21]. However, no ranking of features was required in this case as the coefficients were taken together and not individually, which will be explained in detail in the following sections. Using the normalized coefficients as features, three sets of binary classification were carried out to evaluate the results. These results are shown in Section 5.




3. Methodology


3.1. Classification Algorithms


For work presented in this paper, five different classifiers—LDA, QDA, Diaglinear, Diagquadratic and Mahalanobis distance were used.



3.1.1. Discriminant Analysis


In cases where the class distinction is easily achievable, discriminant analysis classifiers such as Linear Discriminant Analysis (LDA) could be effective. Where such distinctions are not that straightforward, nonlinear classifiers such as kernel-based techniques like support vector machine (SVM) can be applied. A discriminant is a function which maps an output class label for an input variable. A discriminant function which is linear in the input variables is termed as linear discriminant function [56,57]. The aim of discriminant analysis is to reduce the dimensionality of the input feature space and project an n-dimensional input data (for n features) to a single dimensional space/line. However, not all projections will optimally separate the different classes.




3.1.2. LDA


LDA or linear discriminant analysis algorithm, takes in an input feature vector and it assigns it to one of the classes. The output of an LDA is given by (1) [56,57].


  y =   ∑  j = 1  M    w j    T   f j    + b    



(1)







Here,    w j    are the components of the weight vector    W a    (optimal projection) and    f j    are the components of the  M  dimensional feature vector  F .  b  is the bias/offset which determines the location of the class separating hyperplane. The weight vector   W a   determines the orientation of the hyperplane. Thus, a real number  y  is given as a linear combination of all the input features and their corresponding weights. This real number  y , reflects the observation in reduced (single) dimension. LDA classifier performs well when the data is linearly separable. Where the data is not linearly separable, more complex decision boundaries may be required to separate the data [56,57]. For LDA, the covariance matrix is assumed to be identical for all classes and hence only one covariance matrix is estimated (pooled) for all classes [56,57].




3.1.3. QDA


The linear discriminant function can be extended to include the products of pairs of components of the features (variables) and Equation (1) can be extended to (2).


  y =   ∑  j = 1  M    w j   x j    +   ∑  j = 1  M     ∑  k = 1  M    w  j k    x j   x k      + b    



(2)







Therefore, the additional     M  (  M + 1  )   2    terms in the quadratic discriminant function in (2) allows more complex decision boundaries to be drawn between the classes [56,57]. For QDA, it is assumed that the covariance matrix is separate for each class and hence for each class, the covariance matrix is estimated separately [56,57].




3.1.4. Diaglinear and Diagquadratic (Naïve Bayes) Classifier


Diaglinear and Diagquadratic classifiers, also known as Naïve Bayes method, is based on the assumption that the features (variables) are independent, thus ignoring any information sharing between the features. That is why the non-diagonal elements in the covariance matrix for the linear and the quadratic form (given by Equations (1) and (2)) are considered as zero and only the diagonal elements are taken into account [56,57].




3.1.5. Mahalanobis Distance Classifier


Mahalanobis distance, instead of usual Euclidean distance, is a common measure of distance between two points (usually a point and the mean of the multivariate data) when variances are different in different directions. The Mahalanobis distance classifier is used to classify a point based on the least distance between the point and the class mean [56,57].



The Mahalanobis distance between a feature vector    x i    and the mean vector    m i   , of a class   i ∈ A , B   is given in (3) and explained briefly below [56,57]:


   r i  =      (   x i  −  m i   )   T  ⋅  ∑  − 1   ⋅  (   x i  −  m i   )       



(3)







The estimate of the covariance matrix is denoted by  ∑ . If    r A  >  r B   , then the feature vector belongs to class  B , otherwise it belongs to class  A . In a 2D space (e.g., when two features are chosen), the region of constant Mahalanobis distance forms an ellipse. For higher than 2D space, ellipsoid or hyper ellipsoids are formed. The Mahalanobis distance of 1 unit corresponds to 1 standard deviation along all primary axes of variance (i.e., two primary axes when two features are chosen etc.). If  ∑  happens to be identity matrix, then Mahalanobis distance turns out to be common Euclidean distance [56,57].



The parameters used during binary classification using curve fit coefficients is shown in Figure 1. In Binary Classification, when we were looking for a particular stimuli/class to be present—it was termed as Positive. So, when our classification algorithm correctly found the presence of a Positive out of a set of observations (i.e., the test dataset), it was called True Positive (TP). When the algorithm detected a Positive out of the set, but in reality, it was not a Positive, this situation was called False Positive. Similarly, when the algorithm detected the presence of a Negative (i.e., the presence of the other class in a binary class setting) correctly, this was called True Negative. However, the detection of a Negative, where in reality it was a Positive, was called a False Negative. Figure 1 summarizes the conditions and the various measures which describe them. This figure is called the confusion matrix and is widely referred to for classification tasks [56,58].



The five measures—Sensitivity, Specificity, PPV, NPV and Accuracy were computed for all the binary classification scenarios in this exploration. Accuracy was taken into account to find out the classification success of any two different stimuli detected through the features extracted from the plant electrical signal response.



The methodology used to extract the features from the raw signals and then use them for binary classification is shown in Figure 2. The curve fit coefficients were normalized similar to normalization of features as reported in Reference [21,22].





3.2. Curve Fitting Types


For this initial exploration to check if curve fit coefficients can be used as features for classifying stimuli affecting plant electrical signals, four curve fit types were chosen. These curve fit types were selected based on the visual observation of the plant electrical signal data available and a detailed reasoning is given under each curve fit model type described below.



The four curve fit types chosen for the exploration are shown in Figure 3. As can be seen from this figure, for each of these curve fit types, a systematic variation in degree/order/terms were explored for extracting the coefficients which were then used for classification of the stimuli applied to the plants. The range of variation of the parameters are given in Table 1.



For this exploration, a script in MATLAB was written to fit the curves and extract the coefficients for the datasets directly rather than using the Curve Fitting Toolbox [59].



3.2.1. Polynomial Curve Fit


Polynomial models for curve fits are given by (4), where  n  is the degree of the polynomial to be fitted to the time series.   n + 1   denotes the order of the polynomial which gives the number of coefficients to be fit. In our exploration,   1 ≤ n ≤ 9   keeps the number of coefficients (feature space) limited to 10, as the number of time series were low (total time series used for training were 411) as shown in Table 2.


   y ⌢  =   ∑  i = 1   n + 1     P i   x  n + 1 − i        



(4)







Polynomial fits are usually used for simple empirical models, especially for interpolation and extrapolation of data. However, in our case, it was used for characterizing the data using a global fit. One of the main disadvantages of polynomial fitting can be that the fit might be very good within a data range but can diverge outside this data range. However, since we used the coefficients as features across different time series and used them for classification, a good generic evaluation of the data fit was possible.



It needs to be mentioned here that the MATLAB curve fit toolbox allows us to work around the scaling problem which arise when trying to fit data with high-degree polynomials by giving the option of Centre and Scale checkbox to alleviate the issues because of the great difference in scale between two inputs. However, to determine the classification results without using this feature, the given option was not exercised for this first exploration. As a future study, this may be used to see the difference in classification results. Also, the Robust linear least-squares fitting method was kept at default Off. Again, as a future study, various options such as LAR (Least Absolute Residual) or Bisquare (Bisquare weights method) could be used to check the difference in classification results.




3.2.2. Gaussian Curve Fit


The Gaussian model fits peaks of the data and is defined by (5)


   y ⌢  =   ∑  i = 1  n    a i   e   [  −    (    x −  b i     c i     )   2   ]         



(5)







Here,  a  is the amplitude,  b  is the centroid/location of the data,  c  is related to the peak width and  n  is the number of peaks to fit. In our case,   1 ≤ n ≤ 4   is used to keep the number of coefficients low due to low number of time series available for classification.




3.2.3. Fourier Curve Fit


The Fourier series is a sum of sine and cosine functions which is used to describe a periodic signal, as described by (6)


   y ⌢  =  a 0  +   ∑  i = 1  n    a i  cos  (  i ω x  )    +  b i  s i n  (  i ω x  )     



(6)







Here,    a 0    models the intercept (which is a constant) term in the data and is associated with   i = 0   cosine term.  ω  is the fundamental frequency of the signal and  n  is the number of terms (harmonics) used to fit the time-series. In our case,   1 ≤ n ≤ 4   is used to keep the number of coefficients low due to the low number of time series available for classification.




3.2.4. Exponential Model Curve Fit


The MATLAB curve fit capability provides one or two term exponential models which are given by (7)


   {     y ⌢  = a  e  b x        y ⌢  = a  e  b x   + c  e  d x          



(7)







Exponentials are usually used to define time-series when the rate of change of quantity is proportional to the initial amount of the quantity. If the coefficient(s)  b  or  d  are negative, then it represents an exponential decay.






4. Experimental Datasets


The datasets from experiments on Tomato, Cucumber and Cabbage plants using three different stimuli—NaCl, H2SO4 and O3 were obtained from Reference [60]. For each plant, three stainless steel needle electrodes—one at the base for reference, one in the middle and the other on top of the stem were used. The electrodes were 0.35 mm in diameter and 15 mm in length, similar to those used in EMG from Bionen S.A.S. and were inserted around 5–7 mm into the plant stem so that the sensitive active part of the electrodes (2 mm) were in contact with the plant cells. The electrodes were connected to the amplifier-Data Acquisition (DAQ) system as reported in References [21,22,61]. Plants were then enclosed in a plastic transparent box with proper openings to allow the presence of cables and inlet/outlet tubes and exposed to artificial light conditions (LED lights responding to plant’s photosynthetic needs, mimicking a day/night cycle of 12 h each). Each experiment was conducted in a dark room to avoid any external light interferences. The whole setup was then placed inside a Faraday cage to limit the effect of electromagnetic interference [1,2]. After the insertion of the electrodes into the plant, approximately 45 min of waiting period were allowed for the plant(s) to recover before starting the stimulations. Electrical signals acquired by the electrodes were provided as input to a 2-channel high impedance (1015 Ω) electrometer (DUO 773, WPI, Sarasota, FL, USA) while data recording was carried out through 4-Channel DAQ (LabTrax, WPI) and its dedicated software LabScribe (WPI) [62].



The sampling frequency was set to 10 samples per second for all the recordings (as it was deemed sufficient to capture the electrophysiological response of the plants appropriately). For the treatments with liquid, i.e., H2SO4 (5 mL, 0.05 M) or NaCl (5 or 10 mL of 3 M solution), a syringe was placed outside of the Faraday cage and connected to a silicone tube inserted into the plant soil. This was used to inject the solution. O3, produced by a commercial ozone generator (mod. STERIL, OZONIS, Cesano Maderno, Italy), [63] was injected into the box through a silicone tube (1-min spray every 2 h, 16 ppm), while a second outlet tube threw the O3 from the box to the chemical hood. The concentration of O3 inside the box was monitored using a suitable sensor [1,2].



There are many methods of extracting plant electrical signals. However, the two most common techniques employed to measure electrical signals in plants are extracellular and intracellular measurements [7]. Apart from these two, there are other techniques such as the aphid technique, patch-clamp recording technique, non-invasive microelectrode vibrating probe technique, and non-contact measurement using optical recording technique [7].



Intracellular measurement can be used to directly record the value of an individual cell plasma membrane potential, while extracellular measurement can be used to detect the spatiotemporal total of the depolarization–repolarization process in a large group of plant cells. Extracellular potential measurements are carried out on the surface of higher plants. One of the advantages of this technique is that it can be used to record potential differences over long periods (e.g., several days) because it does not involve any cell-altering electrolytes [7]. In higher plants, two types of extracellular measurements can be performed. These are measurements using inserted metal electrodes, and surface recordings. Measurement using metal electrodes inserted into the plants causes wounding reactions which can infiltrate or submerge reactions to external stimulus under study. Therefore the electrodes are required to have thin metal tips such as platinum (Pt) or silver/silver-chloride (Ag/AgCl)-wires of 0.4 to 1.0 mm in diameter [7]. When inserted into the shoot or leaf vein of the plants, the metal tips of the electrodes come in contact with tissues covering a larger group of cells and can support long term recording of electrical signal response [7]. Along with these techniques, researchers have also been looking at photochemical reflectance index (PRI) which has been increasingly used in precision agriculture [17] to monitor the plant’s photosynthetic process which can be affected by environmental stressors such as salt/drought/temperature stress etc. A refinement of such techniques will enable remote monitoring of the plant’s conditions against a variety of environmental stressors and indirectly turn the plants into environmental biosensors.



For the exploration, the number of time series (note: Only the post-stimulus parts were used) is given in Table 2. Few of these experimental datasets were new and not used in previous studies [21,22]. Data from each channel was considered as a separate time series (two channels per plant were used per experiment) and care was taken to use new plants for every separate experiment. That is, eight plants for NaCl (two channels per plant, single application of stimuli), O3 (20 different plants for two channels per plant, 5/9/10 or 11 stimuli), H2SO4 (two channels per plant, 13 plants, single/double application of stimuli) were used. Also as explained in previous studies [21,22], in the case of O3 as stimulus—each experiment consisted of multiple exposure of the stimulus. Each duration between stimuli were considered as a separate time series, as sufficient time (approx. 60 min) was allowed between exposures.



The entire duration of the post-stimulus part for each time series was used to fit the four different curve fitting models.



Four sets of raw data, from the three stimuli are shown in Figure 4 as an example.




5. Results and Discussion


In this section, we present the classification results obtained during retrospective study (i.e., using Leave One Out Cross-Validation (LOOCV) to check the classifier capability during training phase) [56,57] for three different binary stimuli combinations. However, it was also necessary to look at the Goodness of fit of the various curve fit types, in order to understand what kind of result for classification can be expected. These are shown using box-plots of the R-squared values of the fit for the types of curves as shown in Figure 5, Figure 6, Figure 7 and Figure 8. R-squared is used as a statistical measure to find out how close the actual data is to the fitted regression line. By definition [64],


  R − s q u a r e d =   E x p l a i n e d _ V a r i a t i o n   T o t a l _ V a r i a t i o n      



(8)




and its value always ranges between 0 and 1 (i.e., 100%). A value of 0 indicates that the chosen model cannot explain any of the variability of the data centered on its mean, whereas a value of 1 indicates that the chosen model explains all the variability within the data. As a consequence, a higher R-squared value translates to a better fit for the model to the data [64]. In our case, the R-squared values for each curve fitting type for the three stimuli have been shown using Box-Plots to get a good overview of the goodness of fit. This way, we can relate to any classification results to the accuracy of the curve fit coefficients in capturing the morphology of the plant electrical signal response data which occurred due to the application of the particular stimuli.



Figure 5 shows the R-squared values for Polynomial curve fit, ranging from 1st to 9th degree, for three different stimuli which were applied to the plants.



From Figure 5, it can be clearly seen that for Polynomial degree 1 and 3, the median of the R-squared values lies around 0.5. For degree 2, although the median is higher than 0.5, the range of lowest to highest values (shown by the whiskers) are large for H2SO4 and O3. This improves for Polynomial 4th degree onwards; however, we see lots of outliers for O3 in particular.



Looking at the R-squared values for Fourier curve fits in Figure 6, the median can be seen above 0.8 with the interquartile range getting narrower with the increment in the order, denoting consistent fit. However, the outliers are more visible as the order is increased.



For Gaussian and Exponential curve fits, the R-squared values as seen from Figure 7 and Figure 8 respectively, lie very close to 0 with increment in number of terms. The negative R-squared values indicate the chosen model fits worse than a horizontal line, is the wrong model to fit the data and does not follow the trend which is present in the raw signal. Hence, the coefficients from Gaussian and Exponential were not proceeded with, for using as features for classification.



The binary classification results (three combinations using three stimuli) are carried out, using each of the curve fit coefficients as features for classification. The results need to be evaluated by looking at sensitivity, specificity and accuracy together (defined previously), to get a feel for the performance of the classifiers in detecting both classes (i.e., stimuli) rather than just accuracy which can be artificially high if one of the two classes are misclassified [56]. Beginning with Polynomial curve fit coefficients which are shown in Figure 9a–c, where each sub-figure shows the variation in degree of the curve fit type and for each classifier type (five variants used as explained earlier). The figures also show the plots of the accuracy, sensitivity, specificity, PPV and NPV as explained in Figure 1. The values on the y-axis of Figure 9 and Figure 10 need to be multiplied by 100 to get the actual value in percentage. That is, a value of 0.1 denotes 10% whereas a value of 0.9 denotes 90%.



From Figure 9a–c, it is observed that the best classification results are obtained by using Polynomial coefficients of degree 5 or above for all the five parameters measured. These are consistent for all the five variants of classifiers used, although LDA and QDA outperform other classifiers.



Similarly, Figure 10a–c shows the classification results using the coefficients of the Fourier curve fit using different terms. Again, for all the five variants of the classifiers used, all five parameters such as sensitivity, specificity etc. are shown. These parameters show a higher value for 3rd or 4th terms, although the results are not as consistent as obtained for Polynomial curve fits. That is, the accuracy is found to be high in few cases but either sensitivity or specificity were low. This signifies that using just Fourier coefficients, classification of all the three stimuli were difficult.



The sensitivity, specificity and accuracy has been found to be poor for all the three binary stimuli combinations when using coefficients from Gaussian and Exponential curve fits. These were as expected from the R-squared values for Gaussian and Exponential curve fits as presented earlier. Hence, the classification results obtained using the coefficients from Gaussian and Exponential are not reported in this paper.



From the figures above, we can see that out of all the various results obtained for three different types of binary classification combinations (retrospective study), using coefficients from different curve fit types, the best results obtained were obtained only while using Polynomial coefficients and these results are summarized in Table 3.



As a next step, in order to test the effectiveness of the classification obtained so far on training data, four timeseries belonging to each stimulus were kept separate from the training phase (retrospective study). Based on the classification results given in Table 3, a One versus One (OVO) decision tree was designed to the test the held-out data (which was not used for training the classifiers). Using this decision tree, the result which was obtained is given in Table 4. These four time-series were used for testing (prospective study) the classification system identified (i.e., feature-classifier combination).



The test matrix was designed by including the coefficients required for each binary stimulus combination, as given in Table 3, for all the three stimuli. This is shown in Figure 11. This way, it was easy to send a train of the coefficients of the required degree for testing which stimuli it belonged to. The final classification of the test dataset was done using a custom designed OVO Decision tree [56]. The prospective study results are given in Table 4.



As can be seen, for totally unseen dataset, only two out of four held out data were correctly classified in case of H2SO4 and NaCl, whereas all four held out datasets were correctly classified for O3. This is possibly due to the availability of more O3 data (343 time-series) for the classifiers to be trained on than H2SO4 (52 time-series) and NaCl (16 time-series). The O3 data included as much variation in the distribution as possible for the new data to be correctly classified. Whereas in case of H2SO4 and NaCl, insufficient data did not introduce as much training required for the classifiers as possible.



However, classification using polynomial curve fit coefficients produced good retrospective results and it also produced a good prospective result for O3 as a stimulus. The underlying trend in the data were better captured using the Polynomial model rather than Fourier, Gaussian or Exponential. Although the Goodness of fit using the Fourier curve fit was closer to Polynomial, the classification results were not as consistent. The prospective results were obtained using polynomial coefficients of degrees 5 and 9. However, if a single degree of polynomial-classifier was to be picked as a generic feature-classifier combination, then it has to be coefficients of polynomial degree 9 and QDA classifier as identified from Figure 9a–c. These results using such a combination during training phase is given in Table 5.



There was no change in prospective results using this above feature-classifier configuration.




6. Summary


In this paper, classification using Curve fit coefficients have been explored. The classification was carried out exactly as explained previously in Reference [21], i.e., using LOOCV on binary stimuli combinations. Coefficients from 5th (one binary stimuli combination) and 9th (two binary stimuli combination) degree Polynomial curve fit as features were found to be producing the best classification results. These results were then used to design an OVO decision tree to test the few held out data, out of which—H2SO4 and NaCl were classified only 2/4 times. However, using the same decision tree, O3 were detected 4/4 times. This can be attributed to lesser training data for the former two stimuli. As a generic feature-classifier combination, Polynomial degree 9 and QDA was found to be suitable. However, this combination provided comparatively lower accuracy for H2SO4 vs. NaCl as can be seen from Table 5. Moreover, there was no change in prospective study results using this generic feature-classifier combination.



The conclusion is that coefficients of the Polynomial curve fitting models can be used for the classification of stimuli as they capture the entire trend of the raw plant electrical signal response. This raw signal trend adds more information to the signal than the stochastic part alone, explored in References [22,65]. Although only 12 time series were available to test the decision tree, the comparison is not exact with those results obtained using the segmentation method presented in References [21,22] due to the larger number of training and testing samples available. The exploration presented in this paper provides another way to extract features from raw plant electrical signals, which resulted in 98% classification accuracy in the retrospective study. These results are much better than the binary classification results in References [21,22]. This was expected due to the longer duration of the time series used to extract features which provides more information about the applied stimuli. However, the segmentation method does provide the insight that any segment from the entire plant electrical signal response provides enough information to the classifier about the stimuli affecting the plant.



Comparing the classification accuracy (with high sensitivity and specificity values) with those reported in Reference [22], the results obtained using curve fit coefficients were found to be much better. Due to the limited datasets available for training, the prospective study resulted in only 50% classification accuracy for NaCl and H2SO4. Since more time series were available for training, a classification accuracy as high as 100% for O3 was achieved.







Author Contributions


Conceptualization, S.K.C.; Methodology, S.K.C.; Software, S.K.C.; Validation, S.K.C.; Formal Analysis, S.K.C.; Investigation, S.K.C. and O.M. and S.G.; Resources, S.K.C. and O.M.; Data Curation, S.K.C.; Writing-Original Draft Preparation, S.K.C. and O.M.; Writing-Review & Editing, S.K.C. and S.G.; Visualization, S.K.C.; Supervision, S.K.C.; Project Administration, S.K.C.; Funding Acquisition, S.K.C.




Acknowledgments


The work reported in this paper used the open dataset which was supported by the project PLants Employed as SEnsor Devices (PLEASED), EC grant agreement number 296582.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Nowak, D.J.; Hirabayashi, S.; Bodine, A.; Greenfield, E. Tree and forest effects on air quality and human health in the United States. Environ. Pollut. 2014, 193, 119–129. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Abbasi, A.Z.; Islam, N.; Shaikh, Z.A.; Islam, N.; Shaikh, Z.A. A review of wireless sensors and networks’ applications in agriculture. Comput. Stand. Interfaces 2014, 36, 263–270. [Google Scholar]

	



Zerger, A.; Rossel, R.V.; Swain, D.; Wark, T.; Handcock, R.N.; Doerr, V.; Bishop-Hurley, G.; Doerr, E.; Gibbons, P.; Lobsey, C. Environmental sensor networks for vegetation, animal and soil sciences. Int. J. Appl. Earth Obs. Geoinf. 2010, 12, 303–316. [Google Scholar] [CrossRef]

	



Hart, J.K.; Martinez, K. Environmental Sensor Networks: A revolution in the earth system science? Earth-Sci. Rev. 2006, 78, 177–191. [Google Scholar] [CrossRef]

	



Volkov, A.G. Green plants: Electrochemical interfaces. J. Electroanal. Chem. 2000, 483, 150–156. [Google Scholar] [CrossRef]

	



Blasius, B.; Merritt, R. Field and laboratory investigations on the effects of road salt (NaCl) on stream macroinvertebrate communities. Environ. Pollut. 2002, 120, 219–231. [Google Scholar] [CrossRef]

	



Fromm, J.; Lautner, S. Electrical signals and their physiological significance in plants. Plant Cell Environ. 2007, 30, 249–257. [Google Scholar] [CrossRef] [PubMed]

	



Yan, X.; Wang, Z.; Huang, L.; Wang, C.; Hou, R.; Xu, Z.; Qiao, X. Research progress on electrical signals in higher plants. Prog. Nat. Sci. 2009, 19, 531–541. [Google Scholar] [CrossRef]

	



Sukhov, V.; Gaspirovich, V.; Mysyagin, S.; Vodeneev, V. High-temperature tolerance of photosynthesis can be linked to local electrical responses in leaves of pea. Front. Physiol. 2017, 8, 763. [Google Scholar] [CrossRef] [PubMed]

	



Krol, E.; Trebacz, K. Calcium-dependent voltage transients evoked by illumination in the liverwort Conocephalum conicum. Plant Cell Physiol. 1999, 40, 17–24. [Google Scholar] [CrossRef]

	



Sukhov, V.; Surova, L.; Morozova, E.; Sherstneva, O.; Vodeneev, V. Changes in H+-ATP Synthase Activity, Proton Electrochemical Gradient, and pH in Pea Chloroplast Can Be Connected with Variation Potential. Front. Plant Sci. 2016, 7, 1092. [Google Scholar] [CrossRef] [PubMed]

	



Sukhova, E.; Mudrilov, M.; Vodeneev, V.; Sukhov, V. Influence of the variation potential on photosynthetic flows of light energy and electrons in pea. Photosynth. Res. 2018, 136, 215–228. [Google Scholar] [CrossRef] [PubMed]

	



Surova, L.; Sherstneva, O.; Vodeneev, V.; Katicheva, L.; Semina, M.; Sukhov, V. Variation potential-induced photosynthetic and respiratory changes increase ATP content in pea leaves. J. Plant Physiol. 2016, 202, 57–64. [Google Scholar] [CrossRef] [PubMed]

	



Sukhov, V.; Sherstneva, O.; Surova, L.; Katicheva, L.; Vodeneev, V. Proton cellular influx as a probable mechanism of variation potential influence on photosynthesis in pea. Plant Cell Environ. 2014, 37, 2532–2541. [Google Scholar] [CrossRef] [PubMed]

	



Sukhov, V. Electrical signals as mechanism of photosynthesis regulation in plants. Photosynth. Res. 2016, 130, 373–387. [Google Scholar] [CrossRef] [PubMed]

	



Vodeneev, V.; Akinchits, E.; Sukhov, V. Variation potential in higher plants: Mechanisms of generation and propagation. Plant Signal. Behav. 2015, 10, e1057365. [Google Scholar] [CrossRef] [PubMed]

	



Sukhova, E.; Sukhov, V. Connection of the Photochemical Reflectance Index (PRI) with the Photosystem II Quantum Yield and Nonphotochemical Quenching Can Be Dependent on Variations of Photosynthetic Parameters among Investigated Plants: A Meta-Analysis. Remote Sens. 2018, 10, 771. [Google Scholar] [CrossRef]

	



Sukhova, E.; Akinchits, E.; Sukhov, V. Mathematical models of electrical activity in plants. J. Membr. Biol. 2017, 250, 407–423. [Google Scholar] [CrossRef] [PubMed]

	



Zimmermann, M.R.; Maischak, H.; Mithӧfer, A.; Boland, W.; Felle, H.H. System potentials, a novel electrical long-distance apoplastic signal in plants, induced by wounding. Plant Physiol. 2009, 149, 1593–1600. [Google Scholar] [CrossRef] [PubMed]

	



2018 Theme: Forests and Sustainable Cities. Available online: http://www.un.org/en/events/forestsday/ (accessed on 10 September 2018).

	



Chatterjee, S.K.; Das, S.; Maharatna, K.; Masi, E.; Santopolo, L.; Mancuso, S.; Vitaletti, A. Exploring strategies for classification of external stimuli using statistical features of the plant electrical response. J. R. Soc. Interface 2015, 12, 20141225. [Google Scholar] [CrossRef] [PubMed]

	



Chatterjee, S.K.; Das, S.; Maharatna, K.; Masi, E.; Santopolo, L.; Colzi, I.; Mancuso, S.; Vitaletti, A. Comparison of decision tree based classification strategies to detect external chemical stimuli from raw and filtered plant electrical response. Sens. Actuators B Chem. 2017, 249, 278–295. [Google Scholar] [CrossRef][Green Version]

	



Naftel, A.; Khalid, S. Classifying spatiotemporal object trajectories using unsupervised learning in the coefficient feature space. Multimedia Syst. 2006, 12, 227–238. [Google Scholar] [CrossRef]

	



Chatterjee, S.K. An Approach Towards Plant Electrical Signal Based External Stimuli Monitoring System. Ph.D. Thesis, University of Southampton, Southampton, UK, 2017. [Google Scholar]

	



Feng, Z.; Paoletti, E.; Bytnerowicz, A.; Harmens, H. Ozone and plants. Environ. Pollut. 2015, 202, 215–216. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Rusu-Zagar, G.; Rusu-Zagar, C.; Iorga, I.; Iorga, A. Air Pollution Particles PM 10, PM 2.5 and the Tropospheric Ozone Effects on Human Health. Procedia-Soc. Behav. Sci. 2013, 92, 826–831. [Google Scholar] [CrossRef]

	



Gustin, M.S.; Fine, R.; Miller, M.; Jaffe, D.; Burley, J. The Nevada Rural Ozone Initiative (NVROI): Insights to understanding air pollution in complex terrain. Sci. Total Environ. 2015, 530–531, 455–470. [Google Scholar] [CrossRef] [PubMed]

	



Van Zelm, R.; Huijbregts, M.A.; den Hollander, H.A.; van Jaarsveld, H.A.; Sauter, F.J.; Struijs, J.; van Wijnen, H.J.; van de Meent, D. European characterization factors for human health damage of PM 10 and ozone in life cycle impact assessment. Atmos. Environ. 2008, 42, 441–453. [Google Scholar] [CrossRef]

	



Heal, M.R.; Heaviside, C.; Doherty, R.M.; Vieno, M.; Stevenson, D.S.; Vardoulakis, S. Health burdens of surface ozone in the UK for a range of future scenarios. Environ. Int. 2013, 61, 36–44. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Sousa, S.; Alvim-Ferraz, M.; Martins, F. Health effects of ozone focusing on childhood asthma: What is now known-a review from an epidemiological point of view. Chemosphere 2013, 90, 2051–2058. [Google Scholar] [CrossRef] [PubMed]

	



Borrego-Hernández, Ó.; Garc’ia-Reynoso, J.A.; Ojeda-Ram’irez, M.M.; Suárez-Lastra, M. Retrospective health impact assessment for ozone pollution in Mexico City from 1991 to 2011. Atmósfera 2014, 27, 261–271. [Google Scholar] [CrossRef][Green Version]

	



Vanos, J.K.; Hebbern, C.; Cakmak, S. Risk assessment for cardiovascular and respiratory mortality due to air pollution and synoptic meteorology in 10 Canadian cities. Environ. Pollut. 2014, 185, 322–332. [Google Scholar] [CrossRef] [PubMed]

	



Dolfi, M.; Colzi, I.; Morosi, S.; Masi, E.; Mancuso, S.; del Re, E.; Francini, F.; Magliacani, R. Plant electrical activity analysis for ozone pollution critical level detection. In Proceedings of the 23rd European Signal Processing Conference (EUSIPCO), Nice, France, 31 August–4 September 2015; pp. 2431–2435. [Google Scholar]

	



Morosi, S.; Dolfi, M.; del Re, E.; Masi, E.; Colzi, I.; Mancuso, S.; Francini, F.; Magliacani, R.; Valgimigli, A.; Masini, L. A WSN for ground-level ozone monitoring based on plant electrical activity analysis. In Proceedings of the 2015 International Wireless Communications and Mobile Computing Conference (IWCMC), Dubrovnik, Croatia, 24–28 August 2015; pp. 715–720. [Google Scholar]

	



Cabot, C.; Sibole, J.V.; Barceló, J.; Poschenrieder, C. Lessons from crop plants struggling with salinity. Plant Sci. 2014, 226, 2–13. [Google Scholar] [CrossRef] [PubMed]

	



Braukmann, U.; Bӧhme, D. Salt pollution of the middle and lower sections of the river Werra (Germany) and its impact on benthic macroinvertebrates. Limnol.-Ecol. Manag. Inland Waters 2011, 41, 113–124. [Google Scholar] [CrossRef]

	



Kelly, V.R.; Lovett, G.M.; Weathers, K.C.; Findlay, S.E.; Strayer, D.L.; Burns, D.J.; Likens, G.E. Long-term sodium chloride retention in a rural watershed: Legacy effects of road salt on streamwater concentration. Environ. Sci. Technol. 2007, 42, 410–415. [Google Scholar] [CrossRef]

	



Ostendorf, D.W.; Hinlein, E.S.; Rotaru, C.; DeGroot, D.J. Contamination of groundwater by outdoor highway deicing agent storage. J. Hydrol. 2006, 326, 109–121. [Google Scholar] [CrossRef]

	



Sibert, R.J.; Koretsky, C.M.; Wyman, D.A. Cultural meromixis: Effects of road salt on the chemical stratification of an urban kettle lake. Chem. Geol. 2015, 395, 126–137. [Google Scholar] [CrossRef]

	



Green, S.M.; Machin, R.; Cresser, M.S. Effect of long-term changes in soil chemistry induced by road salt applications on N-transformations in roadside soils. Environ. Pollut. 2008, 152, 20–31. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Meriano, M.; Eyles, N.; Howard, K.W. Hydrogeological impacts of road salt from Canada’s busiest highway on a Lake Ontario watershed (Frenchman’s Bay) and lagoon, City of Pickering. J. Contam. Hydrol. 2009, 107, 66–81. [Google Scholar] [CrossRef] [PubMed]

	



Novotny, E.V.; Murphy, D.; Stefan, H.G. Increase of urban lake salinity by road deicing salt. Sci. Total Environ. 2008, 406, 131–144. [Google Scholar] [CrossRef] [PubMed]

	



Thunqvist, E.-L. Regional increase of mean chloride concentration in water due to the application of deicing salt. Sci. Total Environ. 2004, 325, 29–37. [Google Scholar] [CrossRef] [PubMed]

	



Howard, K.W.; Maier, H. Road deicing salt as a potential constraint on urban growth in the Greater Toronto Area, Canada. J. Contam. Hydrol. 2007, 91, 146–170. [Google Scholar] [CrossRef] [PubMed]

	



Williams, D.D.; Williams, N.E.; Cao, Y. Road salt contamination of groundwater in a major metropolitan area and development of a biological index to monitor its impact. Water Res. 2000, 34, 127–138. [Google Scholar] [CrossRef]

	



Schweiger, A.H.; Audorff, V.; Beierkuhnlein, C. Salt in the wound: The interfering effect of road salt on acidified forest catchments. Sci. Total Environ. 2015, 532, 595–604. [Google Scholar] [CrossRef] [PubMed]

	



Sudalma, S.; Purwanto, P.; Santoso, L.W. The Effect of SO2 and NO2 from Transportation and Stationary Emissions Sources to SO42− and NO3− in Rain Water in Semarang. Procedia Environ. Sci. 2015, 23, 247–252. [Google Scholar] [CrossRef]

	



Krupa, S.V. Sampling and physico-chemical analysis of precipitation: A review. Environ. Pollut. 2002, 120, 565–594. [Google Scholar] [CrossRef]

	



González, C.; Aristizábal, B. Acid rain and particulate matter dynamics in a mid-sized Andean city: The effect of rain intensity on ion scavenging. Atmos. Environ. 2012, 60, 164–171. [Google Scholar] [CrossRef]

	



Zhang, X.; Jiang, H.; Jin, J.; Xu, X.; Zhang, Q. Analysis of acid rain patterns in northeastern China using a decision tree method. Atmos. Environ. 2012, 46, 590–596. [Google Scholar] [CrossRef]

	



Menz, F.C.; Seip, H.M. Acid rain in Europe and the United States: An update. Environ. Sci. Policy 2004, 7, 253–265. [Google Scholar] [CrossRef]

	



Wang, T.; Jin, L.; Li, Z.; Lam, K. A modeling study on acid rain and recommended emission control strategies in China. Atmos. Environ. 2000, 34, 4467–4477. [Google Scholar] [CrossRef]

	



Chen, J.; Wang, W.-H.; Liu, T.-W.; Wu, F.-H.; Zheng, H.-L. Photosynthetic and antioxidant responses of Liquidambar formosana and Schima superba seedlings to sulfuric-rich and nitric-rich simulated acid rain. Plant Physiol. Biochem. 2013, 64, 41–51. [Google Scholar] [CrossRef] [PubMed]

	



Chen, S.; Shen, X.; Hu, Z.; Chen, H.; Shi, Y.; Liu, Y. Effects of simulated acid rain on soil CO2 emission in a secondary forest in subtropical China. Geoderma 2012, 189, 65–71. [Google Scholar] [CrossRef]

	



Wang, L.; Chen, Z.; Shang, H.; Wang, J.; Zhang, P. Impact of simulated acid rain on soil microbial community function in Masson pine seedlings. Electron. J. Biotechnol. 2014, 17, 199–203. [Google Scholar] [CrossRef]

	



Bishop, C.M. Pattern Recognition and Machine Learning; Springer: New York, NY, USA, 2006; Volume 1. [Google Scholar]

	



Theodoridis, S.; Pikrakis, A.; Koutroumbas, K.; Cavouras, D. Introduction to Pattern Recognition: A Matlab Approach; Academic Press: Cambridge, MA, USA, 2010. [Google Scholar]

	



Duda, R.O.; Hart, P.E.; Stork, D.G. Pattern Classification; John Wiley & Sons: Hoboken, NJ, USA, 2012. [Google Scholar]

	



Toolbox, C.F.M. Toolbox, Curve Fitting; MathWorks: Natick, MA, USA, 2001. [Google Scholar]

	



Plant Electrical Signal Response Dataset. Available online: https://mega.nz/#F!DoJHzDYR!a8LwJy3fYb06dplqV3UcoA (accessed on 10 September 2018).

	



Chatterjee, S.K.; Ghosh, S.; Das, S.; Manzella, V.; Vitaletti, A.; Masi, E.; Santopolo, L.; Mancuso, S.; Maharatna, K. Forward and Inverse Modelling Approaches for Prediction of Light Stimulus from Electrophysiological Response in Plants. Measurement 2014, 53, 101–116. [Google Scholar] [CrossRef]

	



Software for LabScribe (formerly LabTrax). Available online: https://www.wpiinc.com/support/software-download/ (accessed on 10 September 2018).

	



Available online: http://www.sepra.it/products-linea-generatori-serie-steril250mgo3h-da-aria-6.html (accessed on 10 September 2018).

	



Gelman, A.; Hill, J. Data Analysis Using Regression and Multilevel/Hierarchical Models; Cambridge University Press: Cambridge, UK, 2006. [Google Scholar]

	



Das, S.; Ajiwibawa, B.J.; Chatterjee, S.K.; Ghosh, S.; Maharatna, K.; Dasmahapatra, S.; Vitaletti, A.; Masi, E.; Mancuso, S. Drift removal in plant electrical signals via IIR filtering using wavelet energy. Comput. Electron. Agric. 2015, 118, 15–23. [Google Scholar] [CrossRef][Green Version]








[image: Biosensors 08 00083 g001 550] 





Figure 1. Confusion matrix—showing different measures of classification. 
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Figure 2. Classification using Curve fit coefficients. 
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Figure 3. Four different curve fit types used to explore the coefficients as features for classification. 
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Figure 4. Raw plant electrical signal response after application of three types of stimuli. 
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Figure 5. R-squared values for Polynomial curve fitting. 
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Figure 6. R-squared values for Fourier curve fitting. 






Figure 6. R-squared values for Fourier curve fitting.



[image: Biosensors 08 00083 g006]







[image: Biosensors 08 00083 g007 550] 





Figure 7. R-squared values for Gaussian curve fitting. 
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Figure 8. R-squared values for Exponential curve fitting. 
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Figure 9. Binary classification results using Polynomial Curve Fit Coefficients. 
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Figure 10. Binary classification results using Fourier Curve Fit Coefficients. 
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Figure 11. Prospective test method using One Versus One classification decision tree. 
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Table 1. Curve fit types and parameters.
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	Fit Type
	Degree/No. of Terms
	Fit Options (Robust, Algorithm, etc.)





	Polynomial
	   1 ≤ n ≤ 9   
	MATLAB Default



	Gaussian
	   1 ≤ n ≤ 4   
	MATLAB Default



	Fourier
	   1 ≤ n ≤ 4   
	MATLAB Default



	Exponential
	   1 ≤ n ≤ 2   
	MATLAB Default
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Table 2. Number of time series used for each stimulus.
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	Stimulus
	Number of Time Series





	NaCl
	16



	H2SO4
	52



	O3
	343
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Table 3. Best Binary Classification results (retrospective study) using Curve fit coefficients.
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Binary Stimuli Combination

	
Fit Type

	
Degree

	
Classifier

	
Classification Results




	
Sensitivity

	
Specificity

	
Accuracy






	
H2SO4 vs. NaCl

	
Polynomial

	
5th

	
LDA

	
90%

	
81%

	
88%




	
H2SO4 vs. O3

	
Polynomial

	
9th

	
QDA

	
97%

	
100%

	
98%




	
NaCl vs. O3

	
Polynomial

	
9th

	
QDA

	
98%

	
100%

	
98%
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Table 4. Results from prospective study using separate held out data.
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	Stimuli
	Total Held Out Time Series Used for Prospective Testing
	Number of Correctly Classified Time Series





	H2SO4
	4
	2



	NaCl
	4
	2



	O3
	4
	4
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Table 5. Classification results using 5th Degree Polynomial and QDA Classifier.
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Binary Stimuli Combination

	
Fit Type

	
Degree

	
Classifier

	
Classification Results




	
Sensitivity

	
Specificity

	
Accuracy






	
H2SO4 vs. NaCl

	
Polynomial

	
9

	
QDA

	
63%

	
63%

	
63%




	
H2SO4 vs. O3

	
Polynomial

	
9

	
QDA

	
97%

	
100%

	
98%




	
NaCl vs. O3

	
Polynomial

	
9

	
QDA

	
98%

	
100%

	
98%
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