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Abstract
[bookmark: _Hlk127798500]Tropical forests are most active and diversified ecosystem on the globe, play a significant role in maintaining the ecological balance. Forest biophysical and biochemical parameters are critical to monitoring vegetation growth and assessing forest health. The integration of near-proximal sensor (NPS) data and satellite data has provided efficient perspective for the rapid, detailed, and reliable assessment of the forest's biophysical and biochemical parameters. The objective of this study is to map and model biophysical and biochemical parameters of  forests in Behali Reserve Forest, Eastern Himalaya. The red-edge bands of the Sentinel-2A sensor were used in this study to derive both biophysical and biochemical parameters. Furthermore, NPS data were combined with satellite observation to modelled and map leaf chlorophyll content (Cab) and nitrogen (N) contents using empirical methods. The key findings indicate that Normalized Difference Red-Edge index (NDRE) and measured leaf Cab and N have significant positive associations, with R2 of 0.88 and 0.89, respectively. Forests leaf area index (LAI) ranged from 0 to 5.5 m2m-2, the healthy dense forests having LAI ≥ 4.5 (54.6sq/km of total forest area). The NAOC (Normalized Area Over Reflectance Curve) index based empirical model Cab content of dense forests ranged between 30 and 45 μg/cm2. The leaf NBI content demonstrated a similar pattern like leaf Cab. The N content of dense forest’s leaf was estimated between 40 and 70(unitless). The combined satellite and handheld NPS instruments have demonstrated a robust and efficient method of monitoring the health of forests. As the biophysical and biochemical parameters provide critical information about a forests landscape, which could be critical for forest conservation, plantation, monitoring and management.
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1. Introduction
Forests are a delicate blanket of Earth surface, have significant controlled in the global climate through carbon and water cycle (Shiferaw et al. 2019). The forests act as a natural climate change defence, absorbing the greenhouse gases (carbon dioxide) and producing oxygen. It contributes to atmospheric detoxification and temperature control, but the increasing forest degradation and deforestation have been diminishing these benefits (Munsi et al. 2012; Olokeogun et al. 2014). As well as, forest prevent soil erosion by reducing the force of rain on the soil surface and absorbing water rather than allowing it to run off and remove topsoil directly (Kaliraj et al. 2012). Also serve as water filters, collecting and storing water and replenishing aquifers underground (Palmate et al. 2017). 
Despite covering less than 10% of the land area, tropical evergreen forests are the largest terrestrial reservoir of biological diversity, from the gene to the habitat level (Mahato et al. 2021). Tropical evergreen forests, are home to more than half of all known plant species. It directly contribute to the economy and livelihood of living communities in forest by providing honey, fuelwood, timber, and traditional medicine (Parida and Kumar 2020). As well, it provides critical habitats for a variety of terrestrial flora and fauna, suitable breeding grounds for a variety of terrestrial and avian species. Typically, tropical evergreen and semi-evergreen forest store more carbon than other types of forest. As a result, the biomass of tropical evergreen forests is known as green carbon, and it has remained an important component of carbon change mitigation programmes such as Reducing Emissions from Deforestation and forest Degradation (REDD+) (Twilley et al. 2018). In India, tropical evergreen forest located in Western Ghats, Andaman and Nicobar Island, North-East region of India, some part of Kerala and Karnataka. 
Recently, forest and canopy height mapping and retrieving both biophysical and biochemical parameters, such as NDVI (Normalized difference vegetation index), EVI (Enhanced vegetation index), LAI (Leaf Area Index), fraction of photosynthetically active radiation (FAPAR), leaf chlorophyll content, and Nitrogen Balance Index (NBI), among others are significantly assisted by earth observation satellite remote sensing data (Lu, He, and Liu 2018; Pandey et al. 2023). These parameters are critical for assessing the health of forests and quantifying gross primary production (GPP) and carbon content in forest ecosystems. (Roy et al. 2017; Parida and Kumari 2021a) employed red-edge bands of Sentinel-2A sensor and ground-based sensor data to derive both biophysical and biochemical parameters i.e.; leaf chlorophyll content (Cab) and leaf nitrogen (N) using empirical models. (Frampton et al. 2013) employed Sentinel-2 satellite data to quantify vegetation Cab content and LAI and furthermore used to monitor the health and function of vegetation.
Several vegetation sensitive remote sensing indices have been developed for vegetation biochemical and biophysical parameter studies using the visible to near infrared range of satellite bands (Davis and Jensen 1998; Varghese and Behera 2019). The NDVI, EVI, Ratio Vegetation Index (RVI), Soil Adjusted Vegetation Index (SAVI), have illustrated their capability to evaluate vegetation greenness, whereas Normalized Area Over Reflectance Curve (NAOC) and MERIS Terrestrial Chlorophyll Index (MTCI) have deployed to estimate leaf Chl content and other pigments (Ogutu and Dash 2013; Parida and Kumari 2021b). Besides that, some narrow-band vegetation indices, such as the Chlorophyll Absorption Ratio Index (CARI), Transformed Chlorophyll Absorption Ratio Index (TCARI), Modified Chlorophyll Absorption Ratio Index (MCARI), Chlorophyll Vegetation Index (CVI), Green Difference Vegetation Index (GDVI), and others, have indicated exceptional performance in assessing leaf chlorophyll content and other biophysical parameters (Frampton et al. 2013).
Plant productivity, stress, and availability of nutrients could be also quantified and assessed using biochemical factors such as leaf chlorophyll and nitrogen content (Delegido et al. 2011). Through their potential influence on nutritional deficiencies, nitrogen content serves as an indicator of plant stress (Ranjan and Parida 2020). Thus, biophysical and biochemical characteristics can be retrieved from satellite data and integrated into terrestrial ecosystem models to monitor forest health and biomass production efficiency and ecosystem exchanges. The biophysical parameters (NDVI, EVI, and LAI) were frequently used to retrieve fraction of  photosynthetically active radiation which is an essential climate variable in land and atmosphere interaction (Verrelst et al. 2012). NDVI is the most widely used vegetation index in vegetation dynamics monitoring, it detects and quantifies the presence of live green and healthy pigments by using reflected light in the visible red and near-infrared spectral region (Eastman et al. 2013; Huang et al. 2021). EVI is similar to NDVI but it is more sensitive in an area with dense vegetation and  more responsive to canopy type, canopy structure, plant physiognomy, and LAI (Frampton et al. 2013). Normalized Difference Red-Edge index (NDRE) based on NIR and Red-Edge band is one of the recent development indices used to retrieve the vegetation  biophysical parameter which is sensitive to leaf chlorophyll content, stress detection, and plant vigor (Eitel et al. 2011). Like other biophysical parameters, the LAI is the most crucial biophysical parameter associated with plant ecology, photosynthesis, respiration, carbon and nutrient cycling and transpiration, and energy balance (Houborg et al. 2007; Delegido et al. 2011; Wang et al. 2019). RVI and Normalized Area Over Reflectance Curve (NAOC), have also been used to quantify and assess the Cab and other leaf pigments using red-edge spectral reflectance (Delegido et al. 2011; Verrelst et al. 2012). Leaf Cab has a strong relationship with leaf nitrogent content because it is an essential component of chlorophyll (Gholizadeh et al. 2017). Several remote sensing-based studies have demonstated a strong correlation between the reflectance of red-edge and near-infrared bands and leaf chlorophyll (Delegido et al. 2011). The NAOC index can be used to estimate leaf Cab and nitrogent content using red-edge spectral bands from multispectral satellite data, such as Landsat-8,  Sentinel-2 and 3, and others satellite data (Feng et al. 2014; Carmona et al. 2015). 
 There are very few studies that use indices other than the NAOC index to calculate leaf Cab and nitrogen content. The near-proximal sensor has been used by few studies to estimate biochemical parameters Cab and Nitrogen Balance Index (NBI) (Schepers et al. 1992; Bijay-Singh and Ali 2020). Biochemical parameters were compared with multispectral satellite data using this field-based proximal sensor. The NPS data can be also used and combined with multispectral satellite data to measure biochemical parameters (Schepers et al. 1992; Ranjan and Parida 2020). As there are not much litearure available to determine forest health over BRF, it is important to assess both biophysical and biochemical parameters  by integrating NPS and multispectral satellite data. The main objective of the present study is to assess both biophysical and biochemical parameters of  forests in BRF, located in  north-eastern Himalaya by using Sentinel-2A and NPS data. 

2. Study area
 The selected study area is the Behali reserve forest (BRF), located in Biswanath district, Assam comes under the Sonitpur-East Forest division situated at the foothills of the north-eastern Himalaya, along the Assam-Arunachal Pradesh border (Fig.1). It extended from 26º 52' to 26º 57' N latitude and 93º 15' to 93º 53' E longitude with an elevation of 90 to 300 m. BRF has an area of 145.61 km2 and is bounded by the Buroi River from east, Singlijan Reserve Forest from west, Papum Reserve Forest from north, and Borgang Tea Estate, rubber garden, agricultural land, and human settlement from south. The climate in BRF is tropical monsoon with heavy rainfall and high humidity. The climate is characterised by warm summers and moderate winter. The mean annual temperature of BRF is 23.4ºC and the mean annual precipitation is about 1800 mm (Borah et al. 2020). BRF is the only remaining tropical wet evergreen and semi-evergreen forest of Biswanath district of Assam. It comprises of  71 km2 of forest area and accommodates diversified flora and fauna. It is known for its heterogenous forest ecosystem. The BRF is home to around 285+ birds, 275+ butterflies, 23 snakes, 49 mammals, 12 amphibians, 11 turtles, and 11 lizards, and many other diverse flora and fauna species (Borah and Tangjang 2020). 
[image: ]
Fig.1 The location map of study area, Behali Reserve Forest (BRF) in Assam, India. Sentinel-2 False Colour Composite(FCC) showed the location of BRF in Biswanath district of Assam. The yellow boxes are the ground sampling plots. 

3. Materials and methods
3.1. Satellite data used
 In the current study, a moderate-resolution surface reflectance imagery of Sentinel-2A satellite data (spatial resolution, 10-60 m; temporal resolution, 5 days) is utilised to estimate Cab content and NBI by integrating near-proximal sensor data, as shown in Table 1. Sentinel-2 was launched by the European Space Agency (ESA) and contains two identical satellites, Sentinel-2A and Sentinel-2B, which were launched in June 2015 and March 2017, respectively. It has a multi-spectral instrument (MSI) sensor with 13 spectral bands ranging from visible (10 m) through near-infrared (NIR) (20 m) to short-wave infrared (SWIR) (60 m). The Sentinel-2A data was obtained from Google Earth Engine (GEE) and was acquired on March 2022. This study utilized spectral band 2 (blue), bands 4 (red), 6 (red-edge), and 8 (NIR) with spatial resolutions ranging from 10 to 20 m. These bands were used to retrieve biophysical parameters i.e., Leaf area index (LAI), Enhanced vegetation index (EVI), and Normalized difference vegetation index (NDRE) from forests as well as biochemical parameters i.e., Chlorophyll and Nitrogen content from leaves.
Table 1   Data characteristics of satellite image and NPS data used in the study.
	Dataset
	Spectral and spatial resolutions
	Acquisition Time
	Source

	Seentinel-2A
	Blue (0.490 µm), 10 m
Red (0.665 µm), 10 m
Red-edge (0.783 µm) , 20 m
NIR (0.842 µm), 10 m
	March, 2022
	ESA

	Near-proximal sensor (NPS) data (Cab, NBI)
	-
	5-9 March, 2022
	Field measurements



3.2 In-situ data collection using a handheld digital chlorophyll meter:
A field survey was conducted in BRF from 5-9 March 2022, to measure forest biochemical parameters (i.e., leaf chlorophyll content and nitrogen balance index). A handheld digital chlorophyll metre (Dualex Scientific Tm, made in France) was used to estimate biochemical parameters. It has an internal Global Positioning System (GPS) receiver that allows it to record the geolocation of the sample and provides real-time measurements with a 5% standard deviation accuracy. The data collected from 20 sample plots (dimension of plot: 10×10 m). Each plot comprises an average of 50 observations. The ratio of Cab and flavanol concentration has been used to compute NBI, which is a measures of plant's nitrogen deficiency.  The Cab and nitrogen have a very strong linear relationship, whilst Cab and flavanol have the inverse relationship. A higher flavanol value represents a lower nitrogen status of plants, while a lower flavanol value represents a higher nitrogen status of plants.
3.3. Methods
The detailed methodological workflow of the study has been presented in Fig. 2. High-resolution Sentinel-2A surface reflectance satellite data were accessed via Google Earth Engine (GEE) platform and then biophysical and biochemical parameters (EVI, NDRE, LAI, Cab and nitrogen content) were derived. The derived indices were integrated with data from near-proximal sensors especially to quantify the forest's biochemical parameters (i.e., Cab, nitrogen). The study's workflow includes satellite data pre-processing, image transformation, regression analysis, and statistical evaluation of estimated Cab content and NBI of forests. In situ Cab content and NBI datasets, as well as satellite data, were used to develop linear regression-based models for Cab and NBI mapping. A brief overview of the workflow is provided below.

[image: ]
Fig. 2 Methodology flowchart adopted for this study

3.3.1. Biophysical parameters estimation  
EVI has used for monitoring vegetation quality and quantity. It is represented as an optimized vegetation index developed by (Liu and Huete 1995) in order to improve the vegetation signal's sensitivity in high biomass areas. The EVI can be determined by using the following equations:
EVI =   2.5 ( NIR - R ) / ( NIR + C1*R – C2*Blue + 1 )                      (1)
where, NIR (0.842 µm), R (0.665 µm), and Blue (0.49 µm) are the spectral bands of Sentinel-2A, and band numbers are 8, 4, and 2 respectively. 2.5 is the gain factor, C1 = 6 and C2 = 7.5 are coefficients of aerosol resistance terms. L  factor is taken as 1 which represents the canopy background adjustment factor. 
NDRE index is  a better indicator of health or vigor than NDVI in mid to late-season plants with high accumulation of chlorophyll levels in their leaves because red-edge light is more translucent to leaves than red light (Barnes et al. 2000). The red-edge part of the spectrum is used to detect changes in chlorophyll content within the leaf and throughout the plant canopy. The NDRE can be determined by using the following formula:
NDRE =   ( NIR - Red edge ) / ( NIR + Red-edge )                           (2)
where, NIR (0.842 µm) and red-edge (0.783 µm) are the spectral bands of Sentinel-2A, and band members are 8 and 7 respectively. 
 LAI is  one-half of the total green leaf area per unit of horizontal ground surface, which is an important structural property of vegetation (Scurlock 2002). Because leaf surfaces serve as the primary edge for energy and mass exchange, important processes such as canopy interception, evapotranspiration, and gross photosynthesis are proportional to LAI (Baret and Guyot 1991).
LAI = 6.753 * ( NIR - R ) / ( NIR + R )                                              (3)
where, NIR (0.842 µm) and R (0.665 µm) are the spectral bands of Sentinel-2A, and 6.753 is the gain factor.

3.3.2. Biochemical parameters estimation using NAOC-based method
[bookmark: _Hlk127799378]The NAOC index is developed by using red-edge spectral region of 643 and 795 nm (Carmona et al. 2015). However, due to the absence of precise spectral bands, the relatively close bands are taken from Sentinel-2A satellite sensors, such as 665 and 783 nm. These two selected bands demonstrated a considarble accuracy in leaf chlorophyll content by combining with NAOC. The following formulas are used to calculate the leaf Cab and NBI : 
Chlorophyll (sat) =  -3.8868 + 101.94 x NAOC                                 (4)
NAOC  = ½ (1 – Red edge / R)                                                           (5)
where Chlorophyll (sat) is satellite-based Cab in µg/cm2 and NAOC is Normalized area over reflectance curve. Red-edge (0.783 µm) and R (0.665 µm) are the spectral bands of Sentinel-2A. 
NBI(sat)= chlorophyll (sat) / flavonoids                                                          (6) 
where NBI is satellite-based nitrogen balance index, which is the ratio of chlorophyll (satellite-based) to the flavonoid. Flavonoids are taken from the mean value of  20 samples (i.e. 0.66) from field measurements. 


3.3.3. Chlorophyll and NBI estimation using empirical formula
Using measured Cab from near proximal sensor (NPS) and NDRE from Sentinel-2A data, a linear regression-based empirical model for estimating leaf chlorophyll content was developed. The correlation coefficient (R2) was found at 0.88 with a p-value < 0.001 (Fig. 3a), where data from 20 samples plots were used. Similarly, an another empirical model for NBI was made by using measured NBI from NPS and NDRE (R2 of 0.89 with p-value < 0.001) (Fig. 3b). The following equations are developed to extract empirical-based spatial maps of Cab and NBI. 	Comment by Microsoft account: Insert Fig 3a here…
	Comment by Microsoft account: ?
Chlorophyll (empirical) =  17.562-41.822 x NDRE                                  (7)
NBI (empirical) =  27.9-60.677 x NDRE                                                  (8)

INSERT Figure 3a and 3b 

4. Results 
4.1. Spatial pattern of biophysical parameters (EVI, NDRE and LAI) 
Biophysical parameters are used to monitor vegetation vigor, healths and the water cycle. The EVI of the study area ranged from 0 to 0.9 (Fig.4), with healthy vegetation accounting for more than 0.45 over central part of BRF. The spatial distribution of EVI (more than 0.45) indicated that moderate to dense forest, which covers 63.6 km2 of the forest area. Lower EVI (between 0-0.45) was exihibited on grassland, agricultural land, plantation area, fallowland and barren land. NDRE is a better indicator of vegetation health and vigor than NDVI where a higher chlorophyll content indicates healthy vegetation. NDRE is affected by chlorophyll content in leaves, leaf area variability, and soil background effects. The NDRE map showed that it ranged between 0 to 0.6 (Fig.4) over forest area, where higher NDRE values indicate higher and healthy concentration of leaf chlorophyll content. In this study, an NDRE value ≥ 0.4 indicates dense and healthy forest, as well as a high chlorophyll content vegetations covering 60.4 km2 of forest area. Over BRF, the LAI ranges from 0 to 5.5 (Fig.6) which indicates a sparse vegetation to dense forest. The LAI value more than 4.5 corresponds to healthy moderate to dense forest which was observed over the central parts of BRF, covering an 54.6 km2 area of forest. LAI over sparse vegetation is ranged from 3 to 4.5, whilst lowest LAI observed over the grassland and agricultural land. 	Comment by Microsoft account: Update all figures no…
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Fig.4 Spatial distribution of  EVI over BRF in March 2022
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Fig. 5   Spatial distribution of  NDRE over BRF in March 2022
[image: ]
Fig. 6  Spatial  distribution map of  LAI over BRF in March, 2022. The corresponding histogram is also shown.

4.2. Spatial pattern of biochemical Parameters (leaf Chlorophyll content and NBI) 
Biochemical parameters such as leaf chlorophyll content and NBI in vegetation play a significant role in ecological processes, such as primary production and nutrient cycling. In NAOC-based technique, the  satellite data play a important role in determining the spitial pattern of chemical properties of vegetations. The spatial map of leaf chlorophyll content based on NAOC index and an empirical method is shown in Fig. 7. The highest chlorophyll was detected in BRF, ranging from 25 to 45 μg/cm2. Over healthy moderate to healthy dense forests, the chlorophyll content exceeded to 30 μg/cm2. Over sparse forests, the chlorophyll content varied from 25 to 30 μg/cm2. The proximate spatial patterns of the NAOC-derived chlorophyll and the empirical-based model are closely associated. However, embirical model resulted relatively lower chlorophyll than the NAOC based satellite index.
[image: ]
Fig. 7   Spatial distribution of leaf chlorophyll content over BRF as derived from (a) NAOC based and (b) Empirical based. The corresponding histogram is also shown.


The NBI is a nitrogen status indicator for the vegetation that was developed using the NAOC index and an empirical method. The spatial distribution of NBI is depicted in Fig.8 and it ranges from 30 to 70 over BRF. In healthy moderate to dense forest, NBI content found more than 40. The spatial patterns of the empirical-based model are quite lower that the NAOC-derived NBI. 





[image: ]
Fig. 8   Spatial distribution of leaf  nitrogen balance index over BRF as derived from (a) NAOC based and (b) Empirical based

5. Discussion  
BRF  is well known for its significant biodiversity of forest ecosystem and therefore, it is critical to assess and monitor the forest using space-borne satellite data. It has been reported that BRF is experiencing significant human-induced LULC changes as a result of infrastructure development and various economic activities. The current study retrieved various biophysical and biochemical parameters of forests in order to monitor their health conditions. Vegetations biophysical parameters such as EVI, NDRE and LAI were used for forest system monitoring. These biophysical parameters and their ranges are typically within  the range that were reported by various studies across diffeerent protected areas (PAs) in India. For instance, ..add 2-3 studies which discusses on LAI, EVI, and NDRI.  
For instance, the LAI of the Dibru Saikhowa National Park (DSNP) in Assam, which consists primarily of tropical evergreen and moist-deciduous forest varies from 1 and 5.2 (Marandi and Parida 2021). It is also compatible with studies that indicated between 1.2 and 4.5, particularly in deciduous broadleaf forests (Mahadevan et al., 2008; Xiao et al., 2004).	Comment by Microsoft account: Check full ref under Marandi and Parida 2021

There have been few studies that has used red-edge spectral bands to derive forests biochemical parameters such as leaf chlorophyll and nitrogen content. add 2-3 studies which discusses on leaf chl and nitrogen.  
Using the handheld leaf Chl meter, it has been reported that leaf chlorophyll content ranges from 15 to 70 μg/cm2 in Sholayar forest in Kerela, India (Ahmad et al. 2020).
The red-edge spectral bands between 680 and 750 nm are known to be very sensitive to vegetation conditions and have a stronger relationship with foliage pigments while remaining unaffected by structural properties (Horler et al. 1983; Parida et al. 2022).

[bookmark: _Hlk120293289]Over BRF, NDRE showed close association and sensitivity toward field-based- measured leaf Chl and NBI content. The coefficient of determinants (R2) between NDRE and chlorophyll, EVI and chlorophyll exihibited  0.88 and 0.76, respectively (Fig.9). Similarly, the correlation between NDRE and NBI, EVI and NBI were 0.89 and 0.74, respectively (Fig.9). Leaf chlorophyll and NBI levels are the most important indicators of forest health and stress, as they are directly related to soil, water, environment, and nutrients (Singh and Parida 2019; Parida and Kumari 2021b). The estimated leaf chlorophyll content and NBI by satellite-based NAOC index were validated with  field-based measurement data collected with a NPS instrument which revealed a considable connection between the both. The leaf chlorophyll content and NBI of the NPS instrument is reliable, non-destructive, and more accurate, but it was restricted to a narrow spatial coverage at a greater cost, time consumption, and the requirement of a large workforce. Therefore, combining NPS data with satellite data, could provide a reasonal and dynamic way to monitor the health of forests over a larger spatial and temporal scale. 
Ground-based measurements used to collect information on forests biochemical parameters using near-proximal sensor data are only useful at a smaller spatial scale. Integration of these measurements with red-edge band satellite data, provides an alternative solution for larger spatial scale. As a result, the methods used to retrieve forests biochemical parameters such as leaf chlorophyll and nitrogen content are extremely useful and effective for assessing their health condition.
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Fig. 9  Relationship among measured leaf chl content from NPS with (a) NDRE and (b) EVI.

[image: ][image: ]
Fig. 9  Relationship among measured NBI from NPS with (a) NDRE and (b) EVI.
However, apart from the utility of red-edge bands in retrieving forests biophysical and biochemical parameters, hyperspectral sensors (e.g., AVIRIS, Hyperion) are typically preferred as strong relationship between leaf chlorophyll and nitrogen content and vegetation indices are demonstrated. The hyperspectral narrow-bands based indices, such as Chlorophyll Absorption Ratio Index (CARI), Transformed Chlorophyll Absorption Reflectance Index (TCARI), Modified Chlorophyll Absorption Ratio Index (MCARI), Green Vegetation Index (GVI),  Modified Red Edge Normalized Difference Vegetation Index (MRENDVI) and Green Normalized Difference Vegetation Index (GNDVI) among others) are exihibited greater applications in the domain of vegetation health (Ahmad et al. 2020; Anand et al. 2020). Hyperspectral imaging with an unmanned aerial vehicle (UAV) platform can be more porential for precise forests health monitoring. However, its complex and costly platform may not be easily accessible or feasible. Sentinel-2A satellite data would be more realistic in this context for large area and could be preferred for retrieving forests biophysical and biochemical parameters. 	Comment by Microsoft account: Only write CARI, TCARI,,,,so on…
I think in intro all abbreviations already given 

6. Conclusions 
 The current study developed a model framework for mapping and monitoring biophysical and biochemical parameters of forests in BRF using red-edge bands from Sentinel-2A sensors. The NPS data were combined with satellite data for precisely estimate the Cab and N status of forests leaves. The NBI model, which can be used to calculate the leaf nitrogen status of  forests, was developed by combining satellite-based data and near-proximal sensor data. The NAOC based index has shown relatively overestimated leaf Cab. A similar pattern was observed for leaf nitrogen content using he NBI model than that of empirical models.
The shortcoing of the this study include a small number sampling plots (20 plots) taken for Chl content and NBI due to limitation the field accessability, which effects accuracy of the model. As well higher spatial resolution satellite data could provide a more accurate and dependable spatial representation of Cab and N content in forests. This study concludes that the NAOC is a reliable method for estimating Chl content. Furthermore, the NBI empirical model has the potential to assess and map leaf nitrogen on a larger scale with the use of flavonol information.  The inferences of  this study critical for forest conservation, plantation, and management og BRF. 
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