
RESEARCH ARTICLE

High-Resolution Mapping of Forest Carbon Stock Using Object-Based
Image Analysis (OBIA) Technique

Sanjay Kumar Pandey1 • Narendra Chand2 • Subrata Nandy3 • Abulqosim Muminov4 • Anchit Sharma5 •

Surajit Ghosh6 • Ritika Srinet3

Received: 26 March 2018 / Accepted: 28 May 2020 / Published online: 12 June 2020
� Indian Society of Remote Sensing 2020

Abstract
This study assessed and mapped the aboveground tree carbon stock using very high-resolution satellite imagery (VHRS)—

WorldView-2 in Barkot forest of Uttarakhand, India. The image was pan-sharpened to get the spectrally and spatially

good-quality image. High-pass filter technique of pan-sharpening was found to be the best in this study. Object-based

image analysis (OBIA) was carried out for image segmentation and classification. Multi-resolution image segmentation

yielded 74% accuracy. The segmented image was classified into sal (Shorea robusta), teak (Tectona grandis) and shadow.

The classification accuracy was found to be 83%. The relationship between crown projection area (CPA) and carbon was

established in the field for both sal and teak trees. Using the relationship between CPA and carbon, the classified CPA map

was converted to carbon stock of individual trees. Mean value of carbon stock per tree for sal was found to be 621 kg,

whereas for teak it was 703 kg per tree. The study highlighted the utility of OBIA and VHRS imagery for mapping high-

resolution carbon stock of forest.
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Introduction

Appropriate measurement, reporting, and verification of

carbon stock are vital to make climate change mitigation

policy a success (Köhl et al. 2015). Traditional method

(e.g. destructive sampling) of estimating forest carbon

stock is costly, time-consuming and impractical in

inaccessible and difficult terrain (Zhu and Liu 2015).

Development of remote sensing techniques and tools has

dramatically changed the inventory work (Kushwaha et al.

2014; Yadav and Nandy 2015; Dhanda et al. 2017; Nandy

et al. 2019). The satellite imaging technique provides the

basis for assessing volume, growing stock, biomass and

carbon stocks of forests. Standard pixel-based analysis has

been commonly used for this purpose (Duro et al. 2012;

Manna et al. 2014; Heyojoo and Nandy 2014; Watham

et al. 2016; Nandy et al. 2017; Dang et al. 2019). However,

the pixel-based image analysis method uses spectral

properties of the pixel and undermines the spatial charac-

teristics of the pixel of interest (Weih and Riggan 2010).

The technique is suitable for landscape-level assessment.

However, it does not provide precise estimations of forest

carbon stock at tree level.

The object-based image analysis (OBIA) method has

been revolutionized with the advent of higher resolution

imagery. The OBIA considers both the spectral and spatial

properties of the pixel and supports the use of multiple

bands for multi-resolution segmentation and classification.

The spatial properties include scale, size, and context.
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These properties have made convenient to assess the bio-

mass of individual trees from the high-resolution images

and help to get a precise estimation of carbon stock (Jing

et al. 2012; Pham and Brabyn 2017; Gonçalves et al. 2017).

The OBIA considers several factors such as neighbour-

hood, context, form, and size of the object to classify an

image (Blaschke 2010). Different algorithms have been

developed to detect the object as accurately as possible.

These algorithms are applied to detect tree crowns too.

Most widely used algorithms for tree crown detection are

local maxima detection, valley following, template

matching, scale-space theory, Markov random fields, and

marked point processes (Larsen et al. 2011). Segmentation

technique has been found useful in differentiating various

tree species in the forest. OBIA creates the segmentation

by combining the pixel information (Baral 2011).

Various studies have demonstrated that very high-reso-

lution satellite (VHRS) images provide cost-effective and

accurate estimate of forest measurement and monitoring

(Weih and Riggan 2010; Immitzer et al. 2012). With

ground-based sampling and optical images, a meaningful

statistical relationship can be built on forest carbon and

canopy reflectance values (Eckert 2012). As VHRS images

make it possible to delineate canopy projection area (CPA)

of individual trees in the forest (Jing et al. 2012; Karlson

et al. 2014), it can be used for building a statistical rela-

tionship with carbon. Various studies have established the

relationship between CPA and diameter of the tree (Shi-

mano 1997; Hussin et al. 2014; Singh 2014). Therefore, by

devising a relationship between ground-based sampling

data of carbon and CPA; carbon stock of the forest can be

estimated. Various studies (Shah et al. 2011; Singh 2014;

Hussin et al. 2014; Karna et al. 2015) have attempted to

estimate forest carbon stock integrating VHRS images and

field inventory data. The aim of the present study was to

assess the feasibility of using OBIA technique with VHRS

images to detect and delineate tree crowns so as to assess

carbon stock of a forest by establishing a relationship

between CPA and carbon.

Materials and Methods

Study Area

The present study was carried out in Barkot Flux Research

Site (BFS) (30� 030 5200–30� 100 4300 N and 78� 090 4900–78�
170 0900 E), Uttarakhand, India (Fig. 1), one of the research

sites of the AsiaFlux network (http://asiaflux.net/index.

php?page_id=36). The effective study area was near the

flux tower in Barkot Forest Range, as indicated in Fig. 1.

The area is relatively flat and lies in the foothills of

northwest Himalaya (Navalgund et al. 2019). The area is

situated about 50 km away from south-east of Dehradun.

The forest type present in the study area is Tropical Moist

Deciduous (Champion and Seth 1968), dominated by sal

(Shorea robusta) (Nandy et al. 2017). However, in the

effective study area, other than sal, plantations of teak

(Tectona grandis) were also present. The study area has a

tropical to sub-tropical climate; the temperature ranged

from 1.5 to 40.5 �C and the annual rainfall was observed to

be 1250 mm during 2017 at BFS. The forests in the study

area experience leaf fall from the end of February to the

beginning of May (Srinet et al. 2019).

Field Data Collection

Information related to individual trees such as diameter at

breast height (dbh), crown diameter, species name, latitude,

and longitude were collected. We collected dbh and crown

diameter of the tree purposively to make sure that the entire

range of the diameter is covered in the samples. Altogether

38 sample trees were measured which included 19 trees

each of sal and teak (Fig. 2).

Satellite Data

The WorldView-2 panchromatic and multispectral satellite

images of 20 March 2012 were used for this study.

Panchromatic and multispectral satellite images have a

spatial resolution of 0.5 m and 1.84 m, respectively. The

multispectral image consists of eight bands and panchro-

matic image consists of one band. The details of the

WorldView-2 satellite image are given in Table 1.

Methodology

This study was carried out in three stages that are pre-

fieldwork on the WorldView-2 images, fieldwork, and

statistical analysis. Figure 3 shows the steps that were

performed to accomplish this study. Tree identification,

measurement of dbh and crown diameter were performed

during the field visit.

The statistical analysis was done to obtain the relation-

ship between CPA and carbon stock. The details of the

steps are presented in the following sections.

Pan-Sharpening

The pan-sharpening process involves the fusion of high-

resolution panchromatic image (PI) and comparatively

low-resolution multispectral (MSS) bands on a pixel basis,

which enhances the spatial quality of the resulting image

besides preserving the spectral properties of MSS bands.

The WorldView-2 platform obtains the PI and MSS bands

at the same time. The image set comprised PI with a spatial
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resolution of 0.5 m and eight MSS bands with 1.84 m

spatial resolution. Eight different techniques were applied

for pan-sharpening of the image viz., NN diffuse resolution

merge, subtractive resolution merge, high-pass filter (HPF)

resolution merge, resolution merge, modified intensity–

hue–saturation (M-IHS) resolution merge, Ehlers fusion,

wavelet resolution merge, and hyperspherical colour space

(HCS) resolution merge (Fig. 4). The images generated

using all the eight techniques were visually compared

based on their spatial quality. The HPF resolution merge

technique was found to have generated the best pan-

sharpened image among all.

Image Segmentation and Accuracy Assessment

Image segmentation is the process of spatial clustering,

which divides the image into non-overlapping sub-divi-

sions called segments or object (Witharana and Lynch

2016). An object is a group of pixels having similar

spectral and spatial properties. There are different types of

segmentation techniques. In the present study, the multi-

Fig. 1 Location of the study

area
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resolution image segmentation technique of eCognition

software was used. In this technique, the pixels having

identical spatial and spectral characteristics are merged to

form a single bigger object (Darwish et al. 2003). The

merging decisions are based on the local homogeneity

criterion. The homogeneity criteria are a combination of

colour (spectral values) and shape (compactness and

shape). In the present study, multi-resolution segmentation

was done using 19, 20 and 21 scale parameters, 0.7 as

shape and 0.6 as compactness value (Fig. 5).

Clinton et al. (2010) developed a geometrical segmen-

tation accuracy assessment function in terms of goodness

of fit. The goodness of fit of the segmentation is measured

by estimating closeness value (D). The D-value measures

the ‘‘closeness’’ between the pre-defined polygons, the

reference polygons, and the extracted polygons, the seg-

ments. Clinton et al. (2010) suggested the calculation of

over-segmentation and under-segmentation to assess the

overall segmentation results. As the value of D increases

the deviation between the segmented object and reference

object is large indicating a high mismatch between the

objects. D-value of zero means perfect segmentation.

D-value (Clinton et al. 2010) is calculated as:

D ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

over segmentation2 þ under segmentation2

2

s

; ð1Þ

Over segmentation ¼ 1 � area xi \ yið Þ
area xið Þ ; ð2Þ

Under segmentation ¼ 1 � area xi \ yið Þ
area yið Þ ; ð3Þ

where xi represents reference polygons and yi represents

segmented polygons.

In the present study, to assess the D-value, 60 tree

crowns were manually digitized from the WorldView-2

image randomly. These polygons (reference polygons)

were then overlaid on the segmented images created with

the scale factors of 19, 20 and 21. The reference polygons

were compared with the segmented polygons (Fig. 6) to

calculate the D-value at different scale factors (Table 2).

The analysis indicated that for scale factor 19 the

D value was the lowest which indicates that the segmen-

tation done with scale factor 19 was the most accurate. In

other words, 73% segmentation accuracy was achieved in

the study. A similar observation has also been reported by

Karna et al. (2015) who found the segmentation accuracy

of the panchromatic image of WorldView-2 to be 67%.

Singh (2014) found the image segmentation accuracy of

WorldView-2 image to be 72%.

Image Classification and Accuracy Assessment

Image classification was carried out with the OBIA

approach using eCognition software. Membership function

Fig. 2 Distribution of samples on the satellite image

Table 1 The specifications of

WorldView-2 satellite data.

Source: http://www.

satimagingcorp.com/satellite-

sensors/worldview-2/

Satellite Band Wavelength (nm) Band name Spatial resolution (m)

World View-2 Multispectral 400–450 Coastal 1.84

450–510 Blue

510–580 Green

585–625 Yellow

630–690 Red

705–745 Red edge

770–895 NIR-1

860–1040 NIR-2

Panchromatic 450–800 Pan 0.5
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classification approach was used, in which we define cri-

teria in the membership function to limit the classification

procedure (Myint et al. 2011). According to defined crite-

ria, classification algorithms evaluate image objects and

assign them to a class that best meets the criterion. Clas-

sification in eCognition assigns all objects of the image to

the class specified by the user. Evaluation of the mem-

bership value of an image object against a list of selected

classes is done and classification results are updated

accordingly. In this study, we used normalized difference

vegetation index (NDVI) value for the vegetation classifi-

cation and brightness value for the shadow. Table 3 shows

the classification parameters and their threshold values.

The NDVI provides a measure of the amount and vigour of

vegetation at the land surface. The magnitude of NDVI

value indicates the level of photosynthetic activities in the

vegetation (Wong et al. 2003), hence NDVI value was used

to differentiate the vegetation (Justice et al. 1985). A study

carried out by Bijalwan et al. (2010) found that sal mixed

forest has higher NDVI values compared to teak forest.

Leaf area index (LAI) for sal is more than teak during pre-

monsoon season as teak trees have lesser leaves than sal

(Srinet et al. 2019). NDVI value has a strong and positive

functional relationship with LAI value. Hence, a higher

threshold value of NDVI was used for sal than teak. The

image was classified into Shorea robusta, Tectona grandis,

and shadow.

Classification accuracy, in the study, was assessed in

eCognition after collecting samples from all the classes.

Samples for accuracy assessment were collected on the

basis of field survey and visual interpretation. The overall

accuracy was found to be 83% with kappa statistics of 0.77.

Karna et al. (2015) obtained an overall accuracy of 73% for

classifying three species using WorldView-2 imagery.

Likewise, Baral (2011) observed 66.67% of overall accu-

racy classifying one species (Shorea robusta) using

WorldView-2 Imagery. Singh (2014) found 84.82% overall

accuracy for classifying four classes using Worldview-2

imagery.

Aboveground Biomass and Carbon Stock
Assessment

Use of allometric equation for estimating biomass is one

the most common methods of biomass estimation (Návar

2009; Wang 2006; Yoon et al. 2013). Allometric equations

are regional and species-specific. However, allometric

equations for estimating carbon stock for the study site are

not available. Hence, in the absence of species-specific

biomass equation of trees in this study, species-specific

volume equations (FSI 1996) were used to estimate the

aboveground biomass and carbon stock of trees. Volume of

sal and teak trees were calculated using Eqs. 4 and 5:

Shorea robusta : V

¼ 0:03085 � 0:7774Dþ 8:42051D2

þ 5:91067D3; ð4Þ

Tectona grandis : V

¼ 0:08847 � 1:46936Dþ 11:9897D2

þ 1:97056D3;

ð5Þ

Fig. 3 The approach used for image processing and forest aboveground carbon stock estimation
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where V = stem volume, D = diameter at breast height.

The volume was multiplied by the species-specific wood

density (FRI 2002) to estimate the stem biomass of the

trees (Eq. 6). The biomass of the trees were further mul-

tiplied by the conversion factor of 0.47 (IPCC 2006) to

estimate carbon stock of the trees (Eq. 7):

Stem biomass ¼ stem volume

� specific gravity of species, ð6Þ

Total carbon stock ¼ total aboveground biomass � 0:47:

ð7Þ

Results and Discussion

Relationship Between CPA and dbh

In order to estimate tree carbon stock, we established the

relationship between the tree attributes: dbh and CPA. CPA

Fig. 4 Images generated through pan-sharpening techniques
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is detected and delineated from the VHRS image. Various

other studies have also demonstrated a relationship

between CPA and dbh of tree and then to carbon stock

(Karna et al. 2015; Shah et al. 2011; Singh 2014). In this

study also, we established the relationship between dbh and

CPA for both sal and teak.

Large difference in CPA was observed between the

smallest and the largest CPA of sal. The smallest and the

largest CPA estimated were 8.29 m2 and 125.62 m2,

respectively. The scatter diagram indicates quadratic rela-

tionship between CPA and dbh. The power regression

model was developed for sal which resulted into a coeffi-

cient of determination value of 0.53 at 95% confidence

level. Figure 7 shows the relationship between dbh and

CPA for sal.

In case of teak also large difference was observed. The

smallest CPA estimated was 23.75 m2, whereas the largest

CPA was 128.61 m2. The power regression model was

developed which resulted in a coefficient of determination

value of 0.78 at 95% confidence level. Figure 8 shows the

relationship between dbh and CPA for teak.

Regression Relationship Between CPA
and Carbon Stock

Non-linear regression model was devised for assessing the

relationship between CPA and carbon stock for individual

sal trees. Non-linear regression was preferred over simple

linear regression model on the basis of values of R2 (Baral

2011; Karna et al. 2015; Shah et al. 2011). The correlation

coefficient of model obtained for CPA-carbon relationship

was 0.53. Figure 9 presents the non-linear regression

between CPA and carbon.

Equation (8) represents the equation for CPA and

carbon stock of sal trees, obtained from the regression

model:

Carbon Salð Þ ¼ 0:043 CPAð Þ2�0:150 CPAð Þ þ 467:82:

ð8Þ

Karna et al. (2015) found a very similar relation

(R2 = 0.47) between CPA and biomass of sal using the

high-resolution image. One possible reason for the low

value of R2 is the intermingling nature of sal trees in the

study site. The result of the study carried out by Shah et al.

(2011) demonstrated a similar fact. They observed small

value of R2 (0.25) when sal trees were found intermingled;

whereas a high value of R2 (0.65) was observed when

individual sal trees were clearly identified.

Fig. 5 Segmented image

Fig. 6 Segments and manually delineated tree crowns (red colour)

Table 2 D-value for different

scale factors
Scale factor D-value

19 0.267

20 0.283

21 0.273

Table 3 Image classification

parameters and their thresholds
SN Parameters Value Thematic classes

1 NDVI C 0.3798 to B 0.4800 Sal (Shorea robusta)

2 NDVI C 0.2749 to B 0.3797 Teak (Tectona grandis)

3 Brightness value C 239.35 to B 277.58 Shadow
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A Pearson’s product-moment correlation was run to

assess the relationship between the calculated and pre-

dicted value of carbon stock of sal. There was a high

positive correlation between the calculated and predicted

value of carbon, r = 0.68, p\ 0.005, with predicted carbon

value explaining 48% of the variation in calculated carbon.

Figure 10 depicts the relationship between predicted and

calculated carbon stock of sal.

Likewise, non-linear regression model was devised for

assessing the relationship between CPA and carbon stock

of teak. The correlation coefficient of the model obtained

for CPA-carbon relationship (Fig. 11) for teak was 0.78.

The regression equation for CPA and carbon stock of teak,

obtained from the model is given in Eq. (9):

Carbon Teakð Þ ¼ �0:101 CPAð Þ2þ31:40 CPAð Þ � 460:13:

ð9Þ

Pearson’s product-moment correlation was run to assess

the relationship between the calculated and predicted value

of carbon stock. There was a high positive correlation

between the calculated and predicted value of carbon,

r = 0.86, p\ 0.0005, with predicted carbon value

explaining 74% of the variation in calculated carbon.
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Figure 12 demonstrated the relationship between predicted

and calculated carbon stock.

Carbon Stock

The carbon stock of sal and teak trees was estimated and

mapped. Figure 13 depicts the tree carbon stock of the

study site. Total carbon stock in the study area was 3.26

million kg and mean C-stock of a tree was found to be

662 kg. In general carbon stock varies from 600 to 800 kg

per tree.

The OBIA analysis shows that the area occupied by sal

trees (14.71 ha) is more than by teak (7.57 ha). Mean value

of carbon stock per tree for sal is 621 kg, whereas the mean

carbon stock per tree of teak is 703 kg (Table 4). The

OBIA was found to be very effective in assessing carbon

stock at the individual tree level. Many other studies have
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Fig. 12 The relationship between calculated and predicted carbon

stock of teak

Fig. 13 Carbon stock map of the study area

Table 4 Carbon stock for sal and teak tree

Trees Total area (ha) Total carbon (kg) Number of trees Carbon (kg)/tree (mean) Species occurrence % Carbon stock (%)

Sal 14.71 2,222,177 3578 621.0 70.80 68.16

Teak 7.57 1,037,903 1475 703.3 29.20 31.83

Total 22.28 3,260,080 5053 – 100 100
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also indicated the usefulness of the OBIA technique in

assessing the carbon stock (Baral 2011; Hussin et al. 2014;

Singh 2014; Uddin et al. 2015).

Conclusions

Forest biomass and carbon provide means to assess

sequestration of carbon and also act as an indicator of the

biological and economic value of forest ecosystems. This

study showed that it is possible to detect, delineate and

count tree crowns, prepare high-resolution land cover maps

using VHRS imagery and OBIA technique. The segmen-

tation and classification process provided efficient result on

delineation and detection of tree crowns. In this study, a

significant relationship between CPA and carbon was also

achieved. OBIA provided new opportunities to improve

biomass and carbon stock estimation and mapping by

delineating and classifying CPA of individual trees.
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