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Abstract 

Monitoring and management of rare and economically important species in the highly complex terrain are challenging 

and thus need advanced technological development. In this study, the hyperspectral radiometer data of Taxus wallichiana 

were acquired at highly complex terrain of the Pindari region of the Himalaya and processed by using several 

sophisticated algorithms to deduce Taxol content in the plants. The spectroradiometer data were denoised through three 

different types of smoothing filters such as Average Mean, Savitzky Golay, and Fast Fourier Transform (FFT) followed 

by feature selection for allocation of best bands for Taxol content estimation. The results showed that the Average Mean 

filter in combination with feature selection performed best for Taxol spectral indices generation, model development, and 

Taxol content prediction. The best model showed a correlation of 0.719 with a relative root mean square error (RMSEr) 

value of 0.678 for Taxol content prediction. 

Keywords Taxol spectral indices; Taxol model development; hyperspectral data; smoothening and 

filtering; Taxus wallichiana 

1. Introduction 

According to WHO (World Health Organization) estimates, 80% of the population 

worldwide count on herbal medicines for some aspect or the other for their primary health care 

needs. Approximately 2/3
rd

 of the plants accounted in the modern medical system found their health 

care origin in Asian countries. Apart from the rural population depending on indigenous systems of 

medicine (Ekor 2014) even modern medicine derives its inspiration from the indigenous medicinal 

system (Yuan et al. 2016). Many researchers have also emphasized that modern medicine should 

take the precious experience of natural products and traditional medicine (Pan et al. 2014, Yuan et 

al. 2016). In India, around 30% household uses traditional medicine (Srinivasan et al. 2017), which 

is plentiful in India. 

Medicinal plants contain phytopigments and bioactive compounds which contribute to their 

physiological function and medicinal properties (Mohamed et al. 2010). The most important 

phytochemical components that are responsible for medicinal properties for any plant are alkaloids, 
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tannins, flavonoids, and phenolic compounds (Geetha and Geetha 2014). One of the major plants i.e., 

Taxus wallichiana Zucc. (T. wallichiana) also known as Himalayan yew is found very promising for 

cancer treatment. The needles/leaves of the T.wallichiana is one of the valuable sources of taxoid 

(Appendino et al. 1992, Bala et al. 1999) Paclitaxel (trade name Taxol) is a tricyclic diterpenoid 

(alkaloid) and considered as an efficient anti-cancerous drug (Zhu et al. 2019). The extraction and 

refinement of Taxol are time-consuming, difficult, expensive, and tedious because of the low yields 

(van Rozendaal et al. 2000). The taxanes are isolated from the Taxus plant material by complex 

extraction procedures and analyzed using sophisticated HPLC–UV or LC-MS methods (Fu et al. 

2009, Chakchak and Zineddine 2013, Sadeghi-Aliabadi et al. 2015). However, the population of 

these species has seen a large reduction due to its excessive demand and collection of this anti-tumor 

and anti-cancerous drug. A study conducted exhibited that these trees were spoiled due to bark-

stripping practices. Moreover, these species are very slow-growing (Suffness 1995). Hence, 

management of this important resource at a larger scale becomes necessary which can be achieved 

using remote sensing. 

The identification and differentiation among various medicinally important species using 

remote sensing are often limited, by the ability of spectral variance, which can discriminate the 

minute spectral differences among species (Clark et al. 2005). Hyperspectral remote sensing can 

serve as a suitable solution since it contains several (mainly between 64 and 256) contiguous fine 

resolution bands with a bandwidth of 1 to 10 nm, providing noteworthy levels of subtle feature 

differences to provide fine spectral variations among tree species (Peerbhay et al. 2013, Srivastava et 

al. 2020b). These fine spectral bands data are characteristically high-dimensional but also found to 

be highly correlated with the vegetation parameters tested (Landgrebe 2002). Recently plant 

phenolics were also characterized in vegetation reflectance at 1660 nm (Kokaly et al. 2015). Clearly, 

retrieval of such canopy information via remotely sensed data involves analytical means which are 

proficient in translating the spectral response data into practical information. 

The high dimensionality of these datasets also cause many problems such as heavy 

computational processor requirements and high data storage cost. To process high-dimensional data 

efficiently, dimensionality reduction (DR) becomes essential. Band Selection (BS) is one of the 

techniques of DR that selects a subset of bands preserving their physical meaningful data with the 

benefit of keeping intact the relevant original information in the data (Srivastava et al. 2020a). The 

BS method derivative analysis is an amalgamation of a variance-based and shape-based (derivative) 

approach for feature identification (Tsai and Philpot 1998b) having better separability (larger 

Jefferies-Matsushita (JM) distances) to differentiate among groups. The apprehension of data 

dimensions and training data sizes in hyperspectral emphasizes the need to compress valuable 

information into the least number of bands (Ling et al. 2019, Singh et al. 2020a). 

Uncertainties are often seen in spectral datasets caused due to atmospheric disturbances. 

Hence, for optimal band selection, smoothening (data pre-processing) becomes a part of the 

derivative analysis application (Torrecilla et al. 2009). Many studies have modified and reviewed 

these filtering and smoothening techniques to develop a set of cross-platform tools for the analysis of 

spectral data (Tsai et al. 2002). Comparatively few scholars have taken the derivative approach for 

the analysis of hyperspectral data used in remote sensing due to its limitation (Torrecilla et al. 2009). 

The regression-based models on spectral indices are characteristically empirical formulae aiding the 

plotting of several biochemical parameters consequential from remotely sensed data. Since it is 

empirical in nature, it remains undefined to up to what extent this selected regression model works 

well, till all the band combinations and curve-fitting functions are evaluated (Rivera et al. 2014b, 

Pandey et al. 2019). 

According to the study of J. P. Rivera et. al (Rivera et al. 2014a) many hyperspectral indices 

have been tested for the retrieval of LAI and Chlorophyll using HyMap sensor data during the 
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SPARC-2003 campaign in Barrax, Spain. 12 chlorophyll spectral indices for chlorophyll inversion 

have been developed using ASD spectroradiometer data such as Vogelmann red edge index, Zarco-

Tejada, Miller index (ZMI), modified normalized difference vegetation index (mNDVI), modified 

normalized difference index (mND) etc (Lin et al. 2012), (Zagajewski et al. 2018). The vast majority 

of these SIs and their association with desired parameters have been established through 

experimental work. According to the above studies development of indices can be a successful 

approach for the retrieval of the biochemical parameters using hyperspectral data. These studies are 

based on the parametric regression approach (Gupta et al. 2014, Verrelst et al. 2019). Hence 

expanding the knowledge of the Hyperspectral for sophisticated biochemical parameters estimation 

becomes the next logical step in this direction. In the purview of the above, the main aims of this 

study are 1) Estimation of alkaloid Taxol and reporting its concentration in the Pindari region of 

Himalaya. 2) Development of indices sensitive for Taxol content estimation through denoised 

hyperspectral data. 3) Development of robust assessment method to evaluate various indices, spectral 

band settings, and curve-fitting functions for retrieval of Taxol content in the Himalayan region. 

2. Material and Methods 

2.1. Study Area 

The Nanda Devi biosphere reserve is in Chamoli, Pithoragarh, and Bageshwar districts of the 

state of Uttarakhand is located in Western Himalayas lying in Highland Biogeographic Zone (2a). 

The climatic year of the Nanda Devi biosphere reserve has been distinguished into three seasons 

mainly- summer (April- June), rainy season (June-September), and winter (October-March). The 

average annual rainfall is 930 mm, out of which 48% occurs in two months (July-August). The 

maximum temperature range varies between 11 to 24°C and the minimum temperature varies 

between 3 to 7°C. The present study site selected is rich in medicinal herbs as well as trees. T. 

wallichiana is one of the species which is prominent and highly medicinal in nature. The medicinal 

compound is one of the major reasons for the plant`s declining population. The sampling was done in 

the rainy season as it is the most favorable season for plant growth. Broadly the area is divided into 

two climatic zones that could be categorized as (i) Lower montane zone: elevation range of 1800-

2400 m above mean sea level (amsl), (ii) Upper montane zone: elevation range of 2400- 3000 m 

amsl. The precipitation is more in the upper zone is more in terms of snowfall than showers (Gaur, 

1999). The samples of Taxus wallichiana were collected are as shown in figure 1. 

2.2. Sample collection and analysis 

Ground sample was collected in the Pindari region of Himalaya during the dates 26/09/2019 

and 29/09/2019 at different locations with a varying altitude of 2292-3039 m in the Nanda Devi 

Biosphere Reserve (NDBR) as shown in figure 1 along with hyperspectral radiometer measurements. 

The leaves of the plant sample were collected from two to three locations from the same tree to make 

the leaf sample homogenous for each located tree of T. wallichiana. The plant samples collected over 

the NDBR were of the same phenological stage. The spectra of these leaves were recorded using a 

handheld ASD spectroradiometer. The properties of the selected plants are displayed in table 1. The 

samples were then were crushed in liquid nitrogen for further analysis. For Taxol extraction, 1 g of 

crushed leaves was deflated with hexane using sonication. The deflated samples were filtered and 

then percolated using 25 ml methanol, each time repeated thrice using sonication. The hexane 

portions were rejected and methanol aliquots were collected together and then concentrated using a 

rotary evaporator. The samples were extracted in distilled water (50 ml). For the chloroform 

partitioning, the extracted water sample was then successively extracted by the solvent extraction 

process five times with 50 ml of chloroform each time. The chloroform extracted sample was then 
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pooled together (250 ml) for each sample and dried under reduced pressure using a rotary evaporator, 

then re-dissolved in methanol (1 ml) (Shanker et al. 2008). 

The liquid chromatography was done at room temperature on a Symmetry® C18, (both 

250 mm × 4.6 mm i.d, 5.0 μm particle size) with an ultraviolet-diode array detector (UV-DAD). 

Chromatographic surroundings were augmented by regulating the composition and potential of 

hydrogen (pH) of the mobile phase for replicable results. The chromatographic solvents used for 

isocratic runs were: (a) Methanol and (b) Water (0.05% Acetic Acid) (62:38, v/v). The flow rate for 

the mobile phase was 1.0 mL min
−1

. The working solution of paclitaxel was prepared from standard 

using methanol. Insertions of samples were done using a sample injector of a 20 μL loop. The UV-

DAD scanned acquisitions of Taxol at 230 nm. The percentage of Taxol was calculated using 

equation (1) (Shanker et al. 2008). 

              ( )    
                      (

  
  ⁄ )

                           (
 
  ⁄ )
      (1) 

where Arstd and Arsample are the areas under peak associated with the standard or reference and 

sample taxoid, respectively, and Conc. sample and Conc.std are the concentration of sample and 

reference taxoid, respectively (Shanker et al. 2008). 

2.3. Data pre-processing 

Data pre-processing is a crucial step. It has been stated that a key issue of applying filters for 

pre-processing is to allow the smoothening techniques to match the scale of the spectral features of 

interest (Bruce et al. 2001). 

2.3.1. Savitzky–Holay Smoothing 

Savitzky and Golay uses simplified least square fit intricacy, smoothing and derivatives. The 

general equation of the simplified least square convolution can be represented as equation (2) 

     
∑        
 
    

 
 (2) 

where S is the original spectral information, S* is the resultant (smoothed) spectral information, Ci is 

the coefficient for the i
th

 spectral value of the filter (smoothing window), and n is the number of 

convoluting integers. The index j is the running index of the original ordinate data table. The 

smoothing array (filter size) consists of 2 m + 1 points, where m is the half-width of the smoothing 

window (Tsai and Philpot 1998a). 

2.3.2. Mean filter Smoothening 

A mean filter takes the mean spectral value of nearest points within the considered window 

and the new value of j is the midpoint of the chosen window as given in equation (3) 

    
∑  

 
 (3) 

where n is number of sampling points. If the user specifies an even number of points as the filter 

size, the mean is assigned to the new value of the nearest point right of the center (longer 

wavelength) (Tsai and Philpot 1998a). 
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2.3.3. Fast Fourier transform (FFT) 

The Fast Fourier process of digital filtering has been used for many years to process chemical 

signals. The basic equation for digital filtering is the correlation equation (4): 

 (    )   ∑  ( ) (     )            (4) 

where an (x) is the original signal, b(x) is the filter function, c(n x) is the filtered signal, and  x is 

the sampling interval. Eq. (4) points to the filtered signal which is obtained by estimating the sum of 

the products of the signal and the filter function when the filter function is shifted across the whole 

signal waveform. In simple terms written as equation (5) (Singh et al. 2020b). 

 

The digital filters were implemented using the Fourier transform route as illustrated by 

Equations (5) and (6). The output of the FFT subroutine consists of two series, X(J) and Y(J), which 

are the real and imaginary components of the transform. X(J) resembles to A(f) in Eq. (6) (Betty and 

Horlick 1976). 

2.4. Feature Selection 

Derivative Spectral Analysis (DSA) algorithms were implemented to facilitate the extraction 

of "useful" information from hyperspectral data. Absorption features in reflectance spectra are 

enhanced using derivative spectroscopy. A derivative of a set of consecutive values (a spectrum). 

Adding the derivatives as features in the identification process optimizes and minimizes the number 

of bands required to achieve acceptable results due to larger JM distances (Tsai et al. 2002). 

In the process here, spectral derivatives were assessed using a finite approximation algorithm. 

For the first-order derivative of a spectrum, s(λ), the estimation is based on equation (7). 

  

  
   

 (   )  (  )

  
 (7) 

where    is the separation between adjacent bands, i.e.,            and        

However, the procedures do not work at the ends of the spectrum therefore, the resultant spectrum is 

shorter than the original by the width of the filter. It is noteworthy to remember that no new 

information is created by using derivatives (Tsai et al. 2002). Qualitative information regarding 

pigment concentration has been obtained based on the wavelength position of absorption features in 

derivative spectra (Louchard et al. 2002) 

2.5. Automated Radiative Transfer Models Operator 

The Spectral Index (SI) assessment (Verrelst et al. 2011, Verrelst et al. 2013) through 

Automated Radiative Transfer Models Operator (ARTMO) has been implemented in this study. It is 

based on parametric and non-parametric regression along with physically-based inversion using a 

lookup table (LUT). Because of complicated processing steps, a combined approach of the Radiative 
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Transfer Model (RTM) and vegetation indices have been introduced in the ARTMO on the 

MATLAB platform. With the help of the Spectral Index (SI) assessment, new generic indices have 

been developed in this study. Afterward, a statistical regression model with various curve fitting was 

implemented, which allows the relation of satellite data between desired biochemical parameters by 

using (ex-situ) calibration data. First, for each SI, all spectral band combinations are correlated 

against the generated dataset. The results are generated with the dataset that has formerly been 

segregated into a calibration and validation set. The obtained SI models are evaluated with multiple 

linear goodness-of-fit measures like the r, and the relative root means squared error (RMSEr). By 

investigating all bands against each other in a correlation matrix, ARTMO helps to identify 

redundant bands and to overcome Hughes’ phenomenon or “curse of dimensionality” (Rivera et al. 

2014b). The workflow of the entire methodology is shown in figure 2. 

3. Results and Discussion 

3.1. Statistical analysis of biochemical properties 

Here, chlorophyll content, carotenoid content, total polyphenolic content (TPC), and taxol 

content (TC) were statistically analysed. The outcomes of the biochemical analysis are shown in 

figure 3, which suggests that common biochemical properties such as total chlorophyll and 

carotenoids are present in T. wallichiana in a certain specified range. The chlorophyll content varied 

between 2.014 to 4.195 mg/g with an average of 3.541 +/- 0.501. Carotenoids varied between 0.704 

to 0.983 mg/g with an average of 0.836 +/- 0.087 respectively. TPC and TC varied between 94.676 to 

72.656 mg GAE/g of its fresh weight (FW) with an average of 79.901 ± 6.271 mg GAE/g of FW and 

0 to 0.037 mg/g FW with an average of 0.011 +/- 0.012 mg/g FW. TPC showed a significant 

correlation coefficient (0.672) with altitude. The other biochemical properties did not show any 

statistically significant correlation with elevation. The frequency of the T. wallichiana becomes 

lesser after 3040 m as more of a grassland ecosystem naturally exists at Nanda Devi Biosphere 

Reserve. The highest Taxol content concerning elevation is recorded between 2850 to 3000 m in 

Nanda Devi Biosphere Reserve. The TPC values and their correlation with elevation are strong 

unlike taxol due to low temperatures at higher altitudes up to elevation 3100 m. TPC and TC 

relations show that medicinal plants also carry phenolic content in them that indirectly relates to 

redox properties which are responsible for their antioxidant effects (Heinig and Jennewein 2009, 

Baba and Malik 2015). T. wallichiana plant showed lowest Taxol content near timberline in the 

upper montane zone beyond which grassland ecosystem (3040 m) at Phurkia, which is the ecotone 

region and near lower montane zone at the point of human intervention Khati (last habitable point in 

the valley) (Rai et al. 2019). The lowest TC measured was 0.001 mg/g and 0 mg/g of FW at the 

upper montane zone and lower montane zone respectively. 

3.2. Denoising and feature selection of hyperspectral data 

The smoothening and filtering technique used here Average Mean filter, Savitzky Golay, and 

FFT paired with derivative analysis further to select the most optimal band for Taxol. The derivative 

analysis, a feature selection process is an efficient process in capturing the subtle difference in the 

spectra required to locate any specific feature present in the spectra. It works best when paired with 

an optimal pre-processing technique. The spectra depicted in figure 4(a) are the raw spectra of T. 

wallichiana while figures 4(c), (e), (f) are denoised spectra. The derivative of all the spectra is 

depicted in figure 4(b), (d), (f), (h). A high-resolution clear sectional view of individual spectra of T. 

wallichiana is represented in figure 5(a), (b) which showed a significant difference among the three 

methods of denoising. 
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In figure 5(a) it is clearly visible how each smoothening algorithm transformed in regards to 

the raw spectra of T. wallichiana. In the case of moving averages, a least-squares fit is made to a 

zero-order polynomial (i.e., a straight horizontal line or a constant value). Typically, these features 

are flattened by other (simpler) averaging points within the filter window (Tsai and Philpot 1998b). 

The primary factor controlling the degree of smoothing is the size (bandwidth) of the filter window 

used for convolution or averaging. It can be seen from table 2 from TC 4 - TC 8 that all the bands 

lies in-between 420-610 nm range, which is the initial reflectance wavelength of the spectra. It was 

found that the Average Mean filter may not have presented the nearest value to the raw spectra but 

maintained the peak of the spectra as shown in figure 5(a). 

The Savitzky-Golay filtering technique makes use of frequency data or spectroscopic (peak) 

data. For frequency data, this smoothening method is more effective at conserving the high-

frequency components of the signal while upholding the profile and height of waveform peaks (in 

their case, Gaussian-shaped spectral peaks) (Persson and Strang 2003). The Savitzky-Golay method 

was the least successful compared to moving average filter and FFT to de-noise the spectra with 

small disturbance as shown in table 2. The wavelength allocated for Taxol content after applying the 

Savitzky-Golay belongs to the SWIR region (TC 9 to TC 14) of the spectra. The signal after 

denoising in figure 5(a), (b) have lost the pattern, as well as its reflectance magnitude, was also 

changed. 

In the case of the FFT filter as can be seen from figures 5(a) and (b) it is neither enhanced 

nor reduced the raw signal after application keeping the information in the signal intact but it did lose 

the patterns (peaks and dips). The wavelength selected using FFT filter showed a negative 

correlation of 0.320 at 960-970 nm with the SR indices generated values. A negative correlation was 

observed in the NIR region. Similarly, the derivative analysis of raw spectra shows a negative 

correlation of 0.370 near the 958-968 nm range. This implies terpenes have a negative correlation in 

the NIR region and FFT pre-processing is close to raw spectra. FFT pre-processing does modify the 

signal in such a way that the subtle difference is preserved in the spectra after feature selection. This 

filter proves to have better correlation results for the Taxol indices generation than the Savitzky 

Golay filter as shown in table 2 (TC 15 and TC 16). 

Contrary to the above filter techniques used, Savitzky Golay changes the spectra magnitude 

and pattern creating more loss of information. Previously, many studies have stated that the mean 

filter algorithm is not as good as Savitzky Golay but in our case, retrieval of biochemical variables 

like Taxol from hyperspectral data was found most suitable. Usually, the first parameter which is 

retrieved from electromagnetic spectra using Hyperspectral remote sensing is Chlorophyll. This 

chlorophyll is majorly allocated in electromagnetic spectra after 480 nm (Yang et al. 2015), but the 

visible region expands between 370–700 nm. Hence the information between (370- 450) nm is 

discarded as noise. TC is majorly allocated in the visible region where noise is much. Moreover, TC 

is very less hence locating these small peaks for the same was most appropriately done using an 

Average Mean filter in combination with derivative analysis. The Average Mean filter removed the 

noise without compromising the ability to resolve fine spectral detail. FFT data provided a smooth 

spectrum preserving the magnitude of the signal but during absorbance band selection, the number of 

bands selected due to FFT transformation was very less (Betty and Horlick 1976) making it the 

second-best filter. These filtered spectra followed by feature selection led to the selection of 

wavelengths. The advantage and disadvantages of each filter technique were judged based on a 

statistical correlation between the indices generated values with real estimated values from the field 

data. 

Each spectrum of T. wallichiana after application of filter was followed by first derivative to 

select the absorption bands. These selected wavebands were then included in the ARTMO SI 

generation toolbox. The derivative analysis presented a different range of wavelengths specified 
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under VIs (370-700 nm), Near SWIR (NSWIR-1350-1450 nm), and Far SWIR (FSWIR- 1800-

2500 nm) regions (Hennessy et al. 2020). Some of these wavelengths are represented in table 2. The 

derivative analysis in figure 5(b) suggests that the uneven raw spectra were much smoother after 

filter application. 

3.3. Taxol model development 

The regression models are based on spectral indices are typically empirical equations 

enabling the mapping of biophysical and biochemical parameters over a large area. The specified 

retrieval strategies within the SI toolbox were first analyzed and then the wavelength selected using 

the derivative analysis from the raw spectral spectroradiometer data are provided in the text file 

format. 

Novel Taxol indices are generated by identifying various combinations from the 

spectroradiometer raw data between a spectral range of 350-2500 nm as shown in table 2. The index 

for each selected combination wavelength was tested. ARTMO model spectral indices (SI) were 

specified with the preselected wavelength using feature selection (derivative analysis). Using 

statistical techniques, the Taxol content (TC) retrieval accuracies of newly developed Taxol models 

were investigated. The best-selected wavelength for band two-band combination yielded a 

statistically significant correlation for the Average Mean filter. Based on statistical performance two 

best models were selected. Various curve fitting was also tested with real observed and model-

generated Taxol content data, among which the linear curve fitting was found best as shown in table 

3. The visual comparative representation of all the models is shown in figure 6 using a Taylor plot. 

Model LTC-TC 5 and LTC-TC 8 showed a very high correlation of 0.719, 0.718. RMSEr values of 

both the models are found relatively equivalent i.e., 0.578 and 0.576 for model LTC-TC 5 and LTC-

TC 8 respectively. After testing different indices at the selected wavelength, Average Mean denoised 

spectra found to be the best filter for indices generation, which in combination with the feature 

selection showed the best statistical performance among all other models. LTC-TC 5 and LTC-TC 8 

are the top-performing models which are formed using the combination of wavelengths selected 

from the visible range values. These values provided ideal results for deriving TC from hyperspectral 

reflectance data. Similar high relation of this class of compounds i.e., Taxol is recently reported to 

have an association with the visible region between 400-500nm (Fine et al. 2021). Hence, the results 

obtained are consistent with Taxol indices generated using the visible region reflectance values. 

The model generation with ARTMO also gives the best results when the most appropriate 

bands after smoothening were given as input. The linear curve fitting performed best between 

modelled data values from ARTMO and TC estimated with HPLC analysis. Hence, the overall 

results suggests that Taxol content can be quantified using the hyperspectral reflectance in the visible 

range of 415-421 +/- 5 nm. 

4. Conclusion 

The result of statistical analysis suggests that the elevation along with its ecosystem climatic 

conditions plays an important role in variation in phytoconstituents. The highest Taxol content 

concerning elevation is recorded between 2850 to 3000 m in Nanda Devi Biosphere Reserve. For 

retrieval of biomedicinal molecule Taxol from hyperspectral data, the average mean filter was found 

most suitable. TC found in leaves of T. wallichiana was very less in terms of quantity hence locating 

these small peaks corresponding to it in the reflectance curve was most appropriately done using an 

Average Mean filter in combination with derivative analysis for indices generation. The SI 

assessment through ARTMO provides a systematized approach in a streamlined way for the 

selection as well as the assessment of the most precise and sensitive SI formulations which can be 
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used for parameter retrieval using hyperspectral datasets. ARTMO generated SI clearly shows that 

the TC can be quantified using spectral indices and the model developed using these indices shows 

the best results in terms of r and RMSEr. The linear curve fitting with modelled data values from 

ARTMO correlated best with measured TC. Empirical methods like the regression-based model are 

the best tool to monitor the health of the plant on a real-time basis as it takes less time to compute 

and is easy to use. 

In the future, sampling at more locations in the Himalayas will be performed with the 

inclusion of seasonality to check the robustness of the model developed. The other region between 

370-480 nm of the spectra also needs to be rigorously analysed as it holds more valuable 

information. This requires a network for the collection of ground samples which becomes quite 

difficult due to elevation and harsh weather in the region. The current study will reduce the time and 

tedious effort of researchers and will make the management of canopy-level information much 

simpler. Compared to conventional labour-intensive on-site measurements, the proposed method will 

deliver quick information about the Taxol content and thus can help in protecting and managing 

forest resources more realistically. 
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Table 1. Common attributes of Taxus wallichiana. 

SI 

No. 

Attributes Taxus wallichiana References 

1.  Common 

Name 

Himalayan yew (Khan et al. 2006b) 

2.  Family Taxaceae. (Khan et al. 2006b) 

3.  Plant 

Height 

10-28m (Juyal et al. 2014) 

4.  Worldwide 

distribution 

Europe, North America, Northern 

India, Pakistan, China, and Japan 

(Khan et al. 2006a) 

5.  Distribution 

in India 

Meghalaya Manipur, and Nanda 

Devi Biosphere Reserve (NDBR) 

of Garhwal Himalayas 

(Purohit et al. 2001b, Khan et 

al. 2006b) 

6.  Altitude Himalayan altitude of 1800-

3300amsl 

(Purohit et al. 2001a) 

7.  Forest type  Temperate Forests type (Juyal et al. 2014) 

8.  Concern 

status 

Endangered http://envis.frlht.org/plantdetai

ls/d6e172fda7fed3241a4ea444

f83e7d82/2f2b9537310d77c9c

acad37c1442f696. . . .  
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Table 2: New Taxol Indices Developed using optimal Bands. 

SI No Data Band 1 Band 2 New Indices for Taxol Content (TC) 

1 Raw data 968 958 TC 1 = (R958-R968/R958+R968) 

1757 1767 TC 2 = (R1767-R1757/R1767+R1757) 

2262 2272 TC 3 = (R2272-R2262/R2272+R2262) 

2 Average Mean 421 426 TC 4 = (R426-R421/R426+R421) 

415 421 TC 5 = (R415-R421/R415+R421) 

608 601 TC 6 = (R601-R608/R601-R608) 

421 426 TC 7 = (R421/R426) 

421 415 TC 8 = (R415/R421) 

3 Savitzky 

Golay 

1728 1738 TC 9 = (R1738-R1728/R1738+R1728) 

 1738 1748 TC 10 = (R1748-R1738/R1748+R1738) 

 1738 1758 TC 11 = (R1758-R1738/R1758+R1738) 

 1728 1738 TC 12 = (R1728/R1738) 

 1738 1748 TC 13 = (R1738/R1748) 

 1748 1758 TC 14 = (R1758/R1748) 

4 Fast Fourier 

Transform 

370 374 TC 15 = (R374-R370/R374+R370) 

370 374 TC 16 = (R370/R374) 
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Table 3: Taxol Models Established Using New Taxol Indices Developed from Spectroradiometer 

Data. 

Model 

Name 

Data Formula R RMSEr 

LTC-TC 1 Raw Data TC = 0.0565 * TC 1 + 0.0388 0.402 0.766 

LTC-TC 2 TC = 0.1752 * TC 2 + 0.0559 0.340 0.826 

LTC-TC 3 TC = 0.1065 * TC 3 + 0.0174 0.488 0.701 

LTC-TC 4 Average Mean TC = 0.4133 * TC 4 + 0.0514 0.512 0.819 

LTC-TC 5 TC = 0.4154 * TC 5 + 0.0251 0.719 0.678 

LTC-TC 6 TC = 0.0884 * TC 6 + 0.0173 0.331 0.721 

LTC-TC 7 TC = 0.4432 * TC 7 + 0.0523 0.513 0.823 

LTC-TC 8 TC = 0.4175 * TC 8 + 0.0248 0.718 0.676 

LTC-TC 9 Savitzky Golay TC = 0.0409 * TC 9 + 0.0561 0.433 0.823 

LTC-TC 10 TC = 0.0176 * TC 10 + 0.0601 0.324 0.833 

LTC-TC 11 TC = 0.0413 * TC 11 + 0.0771 0.327 0.865 

LTC-TC 12 TC = 0.5882 * TC 12 + 0.0406 0.317 0.884 

LTC-TC 13 TC = 0.0231 * TC 13 + 0.0615 0.391 0.836 

LTC-TC 14 TC = 0.0413 * TC 14 + 0.0771 0.327 0.865 

LTC-TC 15 Fast Fourier 

Transform 

TC = 0.6063 * TC 15 + 0.0817 0.468 0.886 

LTC-TC 16 TC = 0.0318 * TC 17 − 0.0119 0.438 -2.232 
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Figure 1. Map of study location with elevation. 
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Figure 2. Workflow chart for the study. 
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Figure 3. Box Plot for the biochemical parameter’s depiction. 
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Figure 4. (a), (c), (e), (g) represents raw spectra, Savitzky Golay, Average Mean, Fast Fourier 

transformed spectra of T. wallichiana and respectively and (b), (d), (f), (h) is its 1
st
 derivative i.e., 

transformed spectra respectively. 
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Figure 5. (a) Reflectance values of raw and filter applied spectra & (b) Absorption values of 

derivative applied raw and filtered spectra. 
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Figure 6. Evaluation of all the models using the Taylor plot. 
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