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Chapter-1

INTRODUCTION

Forests play an important role in regional and glaiarbon (C) cycles because they
store large quantities of C in vegetation and soihange C with the atmosphere through
photosynthesis and respiration and are sourcesmdspheric C when they are disturbed by
human or natural causes, become atmospheric C dgumkgy re-growth after disturbance, and
can be managed to sequester or conserve significantities of C on the land (Broven al.,
1996; Sharmat al, 2011). This global importance of forest ecosystamphasizes the need
to accurately determine the amount of carbon storatifferent forest ecosystem (Nizami,
2010).

Quantification of forest biomass and volume mayirbportant for several reasons.
Quantification of amount of biomass, and subseq@erfig presently an important component
in the REDD+ initiatives. REDD+ is a system of fi@ang mechanisms and incentives
aiming at mitigating climate change by reducing ode$tation and forest degradation.
Participating countries in REDD+ projects are reggiito produce accurate estimates for their
forest C stocks and changes through robust MeasumtsmReporting and Verification
(MRV) schemes. The assessment of REDD+ has beea lbprcomparing current rate of
deforestation and forest degradation against eskedul historical rate known as Reference
Emission level/Reference Levels and its estimatiblizes biomass models. Quantification
of biomass is also essential for issues relateengrgy production (fuelwood and charcoal

production) in conventional forest management glagnn

Various models may be employed to quantify fof@sttocks. The most common and
accurate approach involves the use of models fedtiption of tree dry weight, from which C
stock may be derived (e.g. Brown, 1997; Chatal, 2005; 2014). Development of models
requires destructive sampling of trees to determabeveground biomass (AGB) and

belowground biomass (BGB).

There are two main approaches to estimation e# tsiomass. One is to obtain
biomass as a product of tree volume and wood dertddawever, since most of the volume

equations consider only the merchantable part efttbe, a biomass expansion factor that



expands merchantable volume directly to total agomend biomass is usually applied. The
second approach is the direct use of biomass mddels a day, allometric models are being
used for quantifying biomass and carbon storagtetirestrial ecosystems. The allometric
relationship considering tree parameters i.e. Dtamat Breast Height (DBH) and height is
the important, most common, and easily measuradignpeter that can be used to predict the
biomass carbon than any other characteristics. @sgm models used to estimate the
biomass of the standing trees depend on severables including diameter at breast height
(DBH), total tree height (ht), crown diameter andod density ) (Cannell, 1984; Chavet

al., 2005; Goodmaeet al, 2014). Allometric equations, relating to the roass with one or
more tree dimensions are frequently used to comawteage tree biomass (Whittakar and
Woodwell, 1968). The volume equations earlier depet by FRI (1996) and FSI (1996) for
softwood and hardwood using multiple regressionhads in which basal area, girth or DBH
along with height or form factor were used to pcediolume and biomass. These volume
equations have further been used by Sieghal. (2011) and Salunkhet al. (2016) for

biomass estimation.

The forests of Himachal Pradesh have its utmodbgmal importance in this region
with a forest cover of 25.8 percent of the geogi@m@nea as per Forest Survey of India
Report (2015). According to National Forest Polit988, atleast two third i.e., 66 percent of
geographical area should be under forest in tHestates like Himachal Pradesh. However
keeping in view about 20 percent of the area insgibée and beyond the tree limit, the state
Government aims to bring 50 percent of the geodcaplarea under forest cover. The forest
of state has been classified on an ecological laasiaid down by Champion and Seth; it can
be broadly classified into Coniferous Forest anddgrleaved Forests. Distribution of various
species follows regular altitudinal stratificatiomhe vegetation varies from Dry Scrub
Forests at lower altitudes to Alpine Pastures ghdri altitudes. Larger area of the state is
inhibited by chil, oaks, deodar, kail, fir and speuand so far no local biomass tables or

allometric equations have been developed for bismagbon estimation.

Global models have the advantage of being in pulaciapplicable anywhere.
However, due to great variation in climatic andde factors, such models can yield large
error locally. Thus a model developed on data ftbensimilar region will within that region
give more accurate estimates. Similarly, a modekldped generally for a large number of
species is more versatile in application phasewbllityield estimates with large errors for



those species that are a typical relative to mekationships between response and the input
variables. A species-specific model has a moreomanange of application, but will give
better estimate for that particular species. Tleegfthe study was conducted on important
tree species of Himachal Pradesh with the objesiage

Objectives:

)] To develop allometric relationship of DBH anddt# with biomass carbon.

i) To formulate model for biomass carbon estim@atio



Chapter-2

REVIEW OF LITEATURE

The pertinent literature from the sources avaddids been reviewed under the
following heads:

21 Allometric relationship
2.2 Volume tables derived from allometric relatbnships

2.3 Testing and validation of allometric model

Field method for estimation of volume and biomaaon is quite labour intensive,
time consuming and difficult due to methodologiceldequacies. Therefore, reliable models
have been developed through statistical techniquiés more specified procedure for
biomass and carbon stock studies. Now a day, att@menodels are being used for
guantifying biomass and carbon storage in teradstigosystem. The allometric relationship
considering tree parameters i.e., DBH (diametebrafast height) and tree height is the
important, most common, and easily measurable peteanthat can be used to predict the
biomass carbon than any other characteristics.nfdtac equations, relating to the biomass
with one or more tree dimensions are frequentlyduge compute average tree biomass
(Whittakar and Woodwell, 1968).

In India, various allometric equations have beewelted for important softwood
and hardwood Himalayan species namddnus roxburghij Pinus wallichiana Cedrus
deodara Abies pindrow Picea smithianaand Quercus leucotrichophoraising multiple
regression methods in which basal area, girth oHRBng with height or form factor were
used to predict volume and biomass. FSI (199@)ghet al (2011) has applied equations
developed by FRI (1996) for estimating the biomass carbon stock in small diameter trees
in Terai region of central Himalayas. On the same, Irelationships have been developed for
Cedrus deodargChaturvedi, 1973)Pinus roxburghii(Chauhan and Sahoo, 1997; Sharma
and Nanda, 2008Acacia catechiyLal, 2004),Azadirachta indicgJainet al, 1998),Acacia
auriculiformis (Jain et al, 1996; Mittal et al, 1991)and Acacia catechu(Mishra and
Singh,1985)



Similarly several generalized biomass predictionagigns have been developed for
tropical species (Browat al, 1989; Chamberst al, 2001; Chavet al, 2005; Djomcet al,
2010; Henryet al, 2010; Ebuyet al, 2011; Fayolleet al, 2013), temperate species
(Overmanet al, 1994) and mangrove trees in northeast Braziln@adcan, 1991). However,
Ter-Mikaelian and Korzukhin (1997) has reportedsa ¢f biomass equations for sixty-five

North American tree species collected from varismsrces of literature.

2.1 ALLOMETRIC RELATIONSHIPS

Kittredge (1944yvas one of the earliest to use allometric methodstomate amount
of foliage on trees. He observed a significantti@hship between foliage biomass and log
DBH and advocated that this relationship was appleto trees of different sizes, densities,

crown classes and ages.

Ker (1980) used logarithmic equations for total\aground biomass based on DBH,
height, crown diameter and crown length for 10 tspecies in Nova Scotia, Canada and
reported Rvalues for aboveground biomass as high as 0.9Bdpulus termuloideBetula
sp., Larix laricina, Acer ruberum Pseudotsuga menziesii, Pinus resinosa, Picea marian

Picea glauca(.97 forAbies balsameand 0.98 foPinus banksiana.

Payandeh (1983) developed one logarithmic regnessiodel and two simple non-
linear power function based on DBH and height Betula alleghaniensisand Acer
saccharumand revealed that simple power function was thefitder observed biomass and
that the addition of height as a variable did ngbiove the goodness of fit significantly.

Rawat and singh (1988) while studying structure famdtion of 3 area of Himalayan
oak forest developed significant allometric equadiaelating biomass of different tree
components to GBH (girth at breast heightQQnercus leucotricophoraQuercus floribunda

andRododendron arboriunotal forest floor biomass ranged between 4.66G8d ha'.

DBH is the best predictive variable for stem volueséimation as reported by Negi
al. (1998) inProsopis juliflora Similarly Wanet al. (1989), Dogra and Sharma (2003) and
Ashwani kumar (2004) reported logarithmic functias best fit inAcacia mangiumToona
ciliata, Eucalyptushybrid, respectively On the other hand parabolic function in teak as
reported by Chakarbarti and Gaharwar (1995) angnpahial in Pinus caribaeaby Allen
(1991) were found to be best fit.



Tandon et al. (1991) regressed individual total biomass and bssnof various
components against independent variablesPigpulus deltoidesThey developed logrithmic
equation and a simple linear regression equatioTyu3BH, DBH*H as a predictor variables.
Therefore found that DBH was the most reliable peair for prediction of biomass through

allometric relationship.

Chakrabarti and Gaharwar (1995) utilized the voluegeations developed for teak
based on data from various inventory surveys ahrogt by Forest Survey of India (FSI)
from time to time over various parts of India fatablishing a statistical relationship between
average volume and mid diameter for country as alevhrhey concluded that for lower
diameter classes (up to 30 cm), linear relationghip-0.1163+2.8013D) and for higher
diameter class parabolic equation (V=0.1657-1.128508550) could be used
satisfactorily for calculating volume.

Ter-Mikaelian and Korzukhin, (1997) gave comprediem review of the biomass
equations for sixty- five North American tree spciAll equations are of the form M =aD
where M was the oven-dry weight of the biomass aamept of a tree (kg), D was diameter
at breast height (DBH) (cm), and a and b are paemneEquations for the following tree
components were included in the review: total agomend biomass, stem wood, stem bark,
total stem (wood and bark), foliage, and branckes@ and bark). A total of 803 equations
were presented with the range of DBH values of sample, sample size, coefficient of
determination R standard error of the estimate, fitting methoddugo estimate the
parameters a and b, correction factor for a biaeduaced by logarithmic transformation of
the data, site index and geographic location ofsdn@pled stand(s), and a reference to the
paper in which the equation (or the data) was phblil. The review is a unique source of
eguations that can be used to estimate tree bioamaisr to study the variation of biomass

components for a tree species.

Pereiraet al (1997) destructively sampled the treesAcacia mearnsiand derived
regression equations for the aboveground biomadssiimated biomass from DBH. Using
these equations, the biomass was estimated 158, t12.3 percent belonging to the
canopy (leaves 4.23, live branches 11.28 and deauches 4.02 t 3 and 87.7 percent
belonging to the stems (wood 125 and bark 13.98.t h



Cairnset al. (1997) reviewed and summarized the literaturgainmg root biomass
measurements and tested the relationships betwathrrdot biomass density (Mg fipand
root: shoot ratios (R/S) as dependent variablesvandus edaphic and climatic independent
variables, singly and in combination. None of thestéd independent variables of
aboveground biomass density, latitude, temperapresgipitation, temperature, precipitation
ratios, tree type, soil texture, and age had ingmbrexplanatory value for R/S. However,
linear regression analysis showed that abovegrdaachass density, age and latitudinal
category were the most important predictors of tmotmass density and together explained
84 percent of the variation. A comparison of romintlass density estimates based on their
equations with those based on use of generaliz8d&ios for forests in the U. S. indicated

that their method tended to produce estimatesnbet about 20 percent higher.

Monserud and Marshall (1999) developed allometguation predicting individual
branch and total crown leaf area, leaf biomass larahch wood mass for Douglas fir,
Ponderosa pine and western white pine. Non-linegression with general allometric
equation was used to estimate all parameters.hHeobrianches, branch diameter and length,
foliated length and position in the crown explaizt®/ percent of the variation. Specific leaf
area (leaf area/mass) differed significantly amepgcies and increased with distance from
the tree top. For whole trees, sapwood area asbhegght, crown ratio and length and crown
competition factor (CCF) explained 94-99 percerthefvariation.

Pant (2001ytudied various growing stock parameters (inventofyPinus caribaea
in Madhya Pradesh and found that the most suiteddgession model was logarithmic
regression model and DBH was the best predictiveabie for the single tree volume. This
was compared with other regression equations arsl fmand most suitable and widely
applicable. The results obtained were highly sigaift. Number of stems Habasal area and
volume h& were also calculated with confidence at 95 perpesthability (P=0.05).

Haripriya (2002) studied the allometric relationshor forest types in her study on
softwood and hardwood species. The results shovggdvialue of R for the evergreen and
semi-evergreen forest with’Ralues between 0.56 and 0.99 for the relationskipvéen
number of stem [Ln(N)] and diameter (D) as lineardll forest types, i.e., Fir and spruce (R
=0.56), Deodar (R=0.84), Chir pine (R=0.69), Mixed conifers (0.85) and Hardwood
mixed with conifers (R=0.64).



Goodaleet al. (2002) estimated forest sector C budgets for CarthddJnited States,
Europe, Russia and China that were derived frorastomventory information, allometric
relationships and supplementary data sets and siotiefjether they suggested that northern
forests and woodlands provided a total sink for-0.8 Pg C year during the early 1990s’,
consisting of 0.21 Pg C Viin living biomass, 0.08 Pg CVin forest products, 0.15 Pg Cyr
in dead wood and 0.13 Pg C'yin the forest floor and soil organic matter.

Cairnset al. (2003) developed species-specific biomass regmessbdels for the six
most common species of large (>10 cm DBH) treesfanthe nine most common species of
small (<10 cm DBH) trees from the destructive hat\af 698 trees. Mass of large trees were
used to derive the regression model, where Y wasatal dry weight (kg), D the DBH (cm),
and TH the total height (m). Total aboveground tiEenass was estimated to be 225 Mg ha
! and was dominated (85%) by the biomass of thgeltnees. The actual biomass of each of
the 195 large trees was compared to individual bieenass calculated with a published
regression model Y = exp{-2.173 + 0.868 IA{B)+0.0939/2} of FAO (1997) that is based
on measurements of 29 trees. It was found thaptidished model underestimated biomass
of these trees by 31 percent (37.6 versus 54.4 @gjculated biomass was less than
measured biomass for 29 of 33 species. The custady points to the value of site-specific
assessment of aboveground biomass and may coetibunhore accurate estimates of dry
tropical forest biomass densities currently usegdtmate greenhouse gas flux from land

management activity.

Haripriya (2003) used the model developed by Katral (1992) taking into account
the growing stock, leaf, flower, fruits, dead bi@salitter, SOC, harvesting losses, effect of
pests, fire, extraction of timber for estimation acdrbon and reported that Indian forest
ecosystems were net source of 12.8 Tg C for 1998-1%he net change of carbon in all
forest types was 0.2 t fiajeai* in all forest types. Maximum loss of 0.58 t'fyaaf* was
noticed in temperate broadleaved forests whilerspital and alpine forests acted as net
sinks of carbon at the rate of 0.09 and 0.19tylemr".

Kraenzel et al. (2003) estimated the carbon storage potential ofy2érs old
Panamanian teakTéctona grandisplantations. A regression related to diameter aaétr
height (DBH) to total tree carbon storage was cowttd and was used to estimate

plantation-level carbon. Litter, undergrowth and sompartments were estimated to contain

8



3.4, 2.6 and 225 t C Harespectively. The carbon storage in Panamaniaresiaage teak

plantations was estimated to be 351 t C.ha

Specht and West (2003) estimated biomass and cadxpurestration on farm forest
plantations in northern New South Wales, Austrdlie stem diameters were measured in a
stratified random sample of 1-10 years old, growewgalyptus, sub-tropical rainforest
species or an exotic conifer, both in single-speaied mixed-species plantations. A sample
of trees was measured for biomass and estate gmhrepecific allometric relationships
were developed to predict tree biomass from traedter. With the stratified random sample
data, the allometric relationships were used taliptdotal amount of carbon sequestered in
tree biomass and its 95 percent confidence liraipss each estate.

Xiao and Ceulemans (2004) developed and compaeed @llometric relationships
for 10-year-old Scots pind’{nus sylvestrid..) describing branch and needle biomass at the
branch level, as well as biomass of stems, brapctezxiles, coarse roots, small roots and
total biomass at the tree level. At the branch llethee relationships of branch diameter,
branch length and whorl position were the bestremligt branch and needle biomass. They
were able to explain 96 percent of the observethtran for branches and needles. Simple
allometric relationships of whorl height accuratehedicted vertical distribution of branch
and needle biomass as well as of their total, aquplagmed more than 96 percent of the
observed variation. The vertical distributions afrbass of branches, of needles and of their
total, were very similar and were skewed verticalgwnward. At the tree level, stem
diameter at breast height (DBH) and tree heighevaggnificant determinants of biomass of
stems, coarse roots and small roots. Similarly DBek height and crown length were the
predominant variables of biomass of branches ardleg, and of the entire tree biomass. All
together, allometric relationships with DBH were thest to estimate biomass of all above
and belowground compartments. These relationshipe vable to explain more than 98
percent of the observed variation. For 4.5-5.6 lirtriees with an average DBH of 7.16 cm,
the entire tree biomass was 13.38 kg. On average@E3cent of the biomass was allocated
to the stem, 25 percent to the branches, 22 petoght needles, 17.8 percent to the coarse
roots and 1.3 percent to small roots. The ratidoebwground biomass to aboveground
biomass amounted to 0.26.

Chaveet al (2005) provided a critical reassessment of thaityuand the robustness
of regression models to convert inventory data iatoestimate of aboveground biomass



(AGB) across tropical forest types, using a largeasdet of 2,410 trees >or= 5 cm diameter,
directly harvested in 27 study sites across thpidso Proportional relationships between
aboveground biomass and the product of wood dertsitgk cross-sectional area, and total
height were constructed. The models were testeddoondary and old-growth forests, for
dry, moist and wet forests, for lowland and montésrests and for mangrove forests. The
most important predictors of AGB of a tree wereg@treasing order of importance, its trunk
diameter, wood specific gravity, total height, afmrest type (dry, moist, or wet).
Overestimates prevailed, giving a bias of 0.5-GEcent when errors were averaged across
all stands. Their regression models can be usablelto predict aboveground tree biomass
across a broad range of tropical forests. Becawesedre based on an unprecedented dataset,
these models should improve the quality of troplmaimass estimates, and bring consensus
about the contribution of the tropical forest bioared tropical deforestation to the global

carbon cycle.

Gupta and Bhardwaj (2005) studied aboveground assnproduction of black wattle
in mid hills of Himachal Pradesh. Some easily mesde attributes such as plant height and
DBH were used to develop allometric relationshipiohshowed that DBH was the best
predictor variable for total aboveground biomasm{mlling more than 80% variability) and
the inclusion of height as variable in the modegjhdly improved the adequacy of the model.

Mural and Bhat (2005) studied biomass estimatiguagons for tropical deciduous
and evergreen forests. In the study, linear and Ihwar equations were developed to
estimate biomass of tropical forests along witlnestes of goodness of fit and percentage of
errors. Basal area and height of trees were foondite high goodness of fit and low
percentage of errors for deciduous forests. Gegettale coefficient of determination R
was low for evergreen forests, probably due to eres of trees of different height in
different canopies that may have different grovates. The coefficient of determination was

high and estimate of error was low for deciduousdts.

Xing et al (2005) sampled balsam fiAljies balsameéato investigate the effects of
forest management practices, site location, withown composition, tree component (i.e.,
stem, foliage branches and roots) and tree classdsiomass and carbon partitioning in
individual tree level and ecological regions. Themetric equations of biomass and

carbon that account for partitioning among différparts of the tree were developed. DBH
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was used as the only explanatory variable to desdhe fresh biomass, dry biomass and

Carbon content. All regressions showed high caticelavith DBH with R value > 0.95.

Zianis et al. (2005) formulated the stem volume and biomass teans for tree
species growing in Europe. The mathematical forinth@ empirical models, the associated
statistical parameters and information about tze sf the trees and the country of origin
were collected from scientific articles and frontheical reports. Total number of the
compiled equations for biomass estimation was 6@¥ far stem volume prediction it was
230. They analysed that most of the biomass equatiere developed for aboveground tree
components. Most of the biomass equations weredbasea few sampled sites with a very
limited number of sampled trees. The volume equnatizvere in general based on more
representative data covering larger geographicabns. The collected information provided
a basic tool for estimation of carbon stocks anulient balance of forest ecosystems across

Europe as well as for validation of theoretical misbf biomass allocation.

Cole and Ewel (2006tudied four tree specigdedrela odorataCordia alliodora
Hyeronima alchorneoideandEuterpe oleracean humid lowlands of Costa Rica. Harvested
trees were dissected into their component pamdsele branches, boles, and coarse roots (i.e.,
>0.5 cm diameter). Size class samples ranged femdlings to small trees of 30 cm DBH.
Two separate allometric equations (one for treesigeonly a basal diameter and another for
trees having a DBH) with diameter squared timegliteas the metrics, were developed for
each component of each species. Separate allometpimtions were developed by
component, for trees of different sizes. The rasyl40 equations (with one exception,
involving very small trees) fit the data well andabled the user to predict biomass for each

of the four species.

Mokany (2006) analysed root-shoot biomass relationgorest and woodlands and
further examined root-shoot biomass relations s#phr for shrublands and grasslands
(including savannas) as the latter possessed a greelter range in root: shoot ratios (0.34—
26.03). The mean shoot biomass of retained dat@M@mha) was significantly lower
(P=0.001) than for either inadequate (177Mg/hadirorerifiable (206Mg/ha) data for forest
and woodland. Power function (y=0.488%) was applied to shoot data for forest and
woodlands with R=0.93.
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A study was conducted by Alamgir (2008) in the &brarea of Chittagong (South)
Forest Division, Bangladesh for developing alloniceinodels to estimate biomass organic
carbon stock in the forest vegetation. Allometriodals were tested separately for trees
(divided into two DBH classes), shrubs, herbs aradges. Model using basal area alone was
found to be the best predictor of biomass orgamiban stock in trees because of high
coefficient of determination (R0.74 and 0.88 for > 5 cm to 15 cm and > 15 cm DBH
range, respectively) and significance of regress{pn=0.000 for each DBH range)
coefficients for both DBH range. The other modedeng height alone; DBH alone; height
and DBH together; height; DBH and wood density;hwlinear and logarithmic relations
produced relatively poor coefficient of determioati The allometric models for dominant 20
tree species were also developed separately arati@guwsing basal area produced higher
value of coefficient of determination. The allometmodels developed can be utilized for
future estimation of organic carbon stock in foresgetation in Bangladesh as well as other

tropical countries of the world.

A study was conducted by Sharma and Nanda (2008¢himpine stand(Pinus
roxburghii Sargent)in Barog forest range (R-31) under Solan Forestisiia (Himachal
Pradesh) to develop volume prediction model basedstem and crowrcharacteristics.
Various linear and non-linear functions based siam volume and crown parameter
relationships were developadd compared for their performances. Based on @djug, the
log-linear and power function performed better aghafi the functions and both of them
explained 99 percent variation in stand volume tduerown volume followed by crown area
(90 percent), crown diameter (90 percent), crowdthwi(88 per cent) and crown length (85
percent). However, the power function outperforrttezllog-linear function, when data were
subjected to chi-square test of goodness of fittheteafter using Theil-U test. The predicted
volume based on crown volume was cross validatddested for its accuracy by correlating
it with observed volume and volume estimated thhowglume table. The accuracy was

found to be 90 percent.

Basuki et al. (2009) developed separate equations f@pterocarp Hopea,
Palaquium Shoreaand Commercial Sp. and an equation of mix of thygseera taking DBH,
commercial bole height (CBH), and wood density esljgtors and were used for dry weight
of total aboveground biomass (TAGB). Model comparisand selection were based on
Akaike Information Criterion (AIC), slope coefficie of the regression, average deviation,
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confidence interval (Cl) of the mean, paired t-t&dsed on these statistical indicators, the
most suitable model was In(TAGB) = ¢ + aln(DBH).idmodel used only a single predictor

of DBH and produced a range of prediction valuesal to the upper and lower limits of the

observed mean. Additional explanatory variableshsas CBH did not really increase the

indicators’ goodness of fit for the equation. Ateatative model to incorporate wood density

was considered for estimating the aboveground kssnfier mixed species. Comparing the

presented equations to previously published dadavsti that these local species-specific and
generic equations differed substantially from poely published equations and that site
specific equations was considered to get a bestanation of biomass. Based on the average
deviation and the range of ClI, the generalized &gpus were not sufficient to estimate the

biomass for a certain type of forests, such asdowlIDipterocarp forests. The research
findings were new for Dipterocarp forests, so tleeynplemented the previous research as
well as the methodology of the Good Practice Guiddor Land Use and Land Use Change
and Forestry (GPG-LULUCF).

Navar (2009) developed and applied allometric eqoatto forest inventory data to
estimate biomass and carbon stocks for temperateiesp and forests of Durango and
Chihuahua and for tropical dry forests of Sinaldaxico. Allometric equations having only
DBH as an independent variable were developeddoh eomponent of each species. Since
Pinus herreragPinus engelmanniiPinus oocarpaandPseudotsuga menziensiad a small
number of trees, an individual allometric equatiwas developed for these species. Non-
linear regression was used to fit parameters oftypeal allometric power equation. The
resulting 31 equations (10 species or groups otispethree biomass components; bole,
branch and leaves, and total aerial; and the gkrenlaequation for coarse roots) fit the data
well and enables the user to predict biomass bypoment for each of the 10 different groups
of species or each of six temperate species. Aesadlpmetric equation that incorporated the
basic specific gravity for aboveground biomass|bfeamperate tree species also fit the data
well, and this equation provided both the detad Hre accuracy supplied by species-specific,
plant-part-specific equations. Biomass equationgplsal with forest inventory data for
temperate (637 circular, 1/10 ha plots) and trdpica forests (166) 20 m x 20 m-quadrates)
of northwestern Mexico predict a mean (confidemterivals) of 130 Mg ha (4.2 Mg h&)
and 73 Mg ha (7.1 Mg h&d) for total tree and total aboveground biomasspeetvely.
Large sample sizes and the economic and ecologiertance of the species studied make

this data set uniquely useful for biomass estinmatiand for understanding the inherent
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heterogeneity of tree structure in dynamic tropicald temperate environments of

northwestern Mexico.

Singhet al. (2011) estimated biomass and carbon sequestratierof a young (four
year old) mixed plantation dDalbergia sissooRoxb., Acacia catechuilld. and Albizia
lebbeck Benth. growing in Terai region (a level area opetabundant water) of central
Himalaya. Allometric equations for both above andlolwground components were
developed for three tree species. Five diametesselawere defined fdp. sissooand A.
catechuand three foA. lebbeckFive trees were harvested in each diameter diadiwidual
tree allometry was exercised for developing thenaditric equations relating tree component
(low and aboveground) biomass to DBH. Highly sigmift (P < 0.001) allometric equations
were obtained for all the components of the thpiges. The general biomass equations of

total biomass provided better fits than the spectesponent specific allometric equations.

To estimate forest carbon pools from forest inveagoit is necessary to have biomass
models or biomass expansion factors. Peir{@0@2) developed tree biomass models for the
main hardwood forest species in Spaimus glutinosaCastanea sativaCeratonia siliqua
Eucalyptus globulysFagus sylvaticaFraxinus angustifoliaOlea europaeaar. sylvestris
Populus x euramericanaQuercus canariensjsQuercus fagineaQuercus silex Quercus
pyrenaicaandQuercus subemifferent tree biomass components were considetedh with
bark, branches of different sizes, above and bealowgl biomass. For each species, a system
of equations was fittedsing seemingly unrelated regression, fulfilling #dditive property
between biomass components. Diameter and totalhheugre explored as independent
variables. All models included tree diameter wheres the majority of species, total height
was only considered in the stem biomass modelsirmrsdme of the branch models. The
comparison of the new biomass models with previooslels fitted separately for each tree
component indicated an improvement in the accuoddiie models. A mean reduction of 20
percent in the root mean square error and a meaease in the model efficiency of 7

percent in comparison with recently published medel

Vieilledentet al (2012) analysed destructive sample of 481 tneddadagascar spiny
dry and moist forests characterized by a high oatendemism (95%). Among the available
generic allometric models like Chave’s model inahgddiameter, height and wood specific
gravity as explicative variables for a particularest type (dry, moist, or wet tropical forest)

was the only one that gave accurate tree biomasaagss for Madagascar {R83%, bias
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6%), with estimates comparable to those obtaingtl végional allometric models. When
biomass allometric models are not available foivergforest site, this result showed that a
simple height—diameter allometry is needed to aely estimate biomass and carbon stock

from plot inventories.

Devine et al. (2013) studied 11-year-old Douglas-fiPdeudotsuga menziesiar.
menzies) plantation on a highly productive site in soutbstern Washington to create
diameter-based allometric equations for estimatitjvidual-tree bole, branch, foliar, and
total above-ground biomass. They used these eqsatioestimate per hectare aboveground
biomass, nitrogen and carbon content and compdresketresults to estimates based on
biomass equations published in other studies, atich@&es made using the mean-tree method
rather than allometric equations. Component andl-tate biomass equations were not
influenced by the presence of vegetation contrihoagh per hectarbiomass C, and
nitrogen estimates were greater where vegetatiaotralovas applied. The observed biomass
estimates differ from estimates using previouslplighed biomass equations by as much as
23 percent. When using the mean-tree biomass dsimapproach, they found that
incorporating a previously published biomass e@maimproved accuracy of the mean-tree

diameter calculation.

llyas (2013) determined the tree biomass accunomstiand age-related changes
of Acacia mangiumplantations by using a destructive sampling tempii Tree biomass
samples were collected in 3, 5, and 7 year oldtatems in mined area and in 7 year old
plantations in not mined area. Allometric equatiarese developed for each site to estimate
root, stem, branch, and leaf, aboveground and batahass and stem volume. Using these
equations, the stem volume and biomass of each @oempfor each stand age were
estimated. A single allometric relationship for siles was found for estimation of biomass
and stem volume. Allometric expressions of diaméteast height and stem volume far
mangiumstand is Y = 0.000004 %'%® (R?=0.98); and the relationship between diameter
breast height with tree biomass facacia mangiumwhere allometric equation for stem is Y
= 0.4668X%%7 with correlation coefficient (&0.98). For the branches is Y=0.078
X 29938 \with correlation coefficient (R 0.95) and for the leaf is Y = 0.0648"%*® with
correlation coefficient (R = 0.95). The contribution of stem, branch and Ibafmass

of Acacia mangiumvere 67 percent, 19 percent and 14 percent respBcti
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Ahmadet al. (2014) estimated the biomass expansion factor (Bifie) allometeric
relationship of the native tree specRisea Smithianan Kumrat valley. For the assessment
of BEF, destructive method of sampling was usede Fiees of exploitable diameter were
selected. The trees were separated in their regpemimponents such as branches, twigs,
foliages, and stem/bole and stump portion. Sterarael of each sample tree was calculated
and converted into stem biomass. The biomass ofches, twigs, foliages and roots was
calculated. The results of the study revealed tiatmean biomass of stem was 1919.64 +
244.44, while the mean biomass of branches, twalgges and root was 299.26 +32.32,
55.46+ 5.57, 65.90 + 2.87 and 435.81+ 77.15 kgpeetvely. In total biomass, the
contribution of stem biomass was 66.28 percent]enthie contribution of branches, twigs,
foliages, and roots was 11.28, 2.193, 2.62 and51p&cent. The mean above ground
biomass was 2104.055+264.814 kg while the meah batenass was 2539.87 = 341.80 kg.
The root to shoot ratio was 0.206+0.011. The mediF Bvas 0.686 +0.0027 t 3m
Relationship of Diameter with stems and branchesnbss (k) showed higher values
through Y = -3739+16940x +1270D(R* =0.99), Y = -380.5 + 2075x + (-1507)XR?
0.95) Relationship of diameter (m) with twigs and leabesmass (kg) showed through=
75.76 + 407.8 x + (-303.55x(R* = 0.99), Y = 49.15 + 24.37 x + 10.43 (R°
0.98).Relationship of diameter (m) with abovegroumdmass ,and roots biomass (kg)
showed through Y = -4416 +19440 x + (-1456Q%° = 0.98), Y = -1103+4631x +(-329F)x
(R*=0.98).

Chaveet al (2014) used 4004 trees above 5 cm DBH at 58 speasning a wide
range of environmental and vegetation types andctimtinents of Africa, South America,
South Asia and Australia. This study concluded thiaén trunk diameter, total tree height
and wood specific gravity were included in the ampound biomass model as covariates, a
single model was found to hold across tropical tetgen types, with no detectable effect of

region or environmental factors.

Raqgeebet al (2014) estimated tree density, diameter, heigit @lume of the
dominant tree species in four blocks (Thore, Childsak Niat and Gunar) of Chilas forest
sub division. The tree density of deodar was marimwith average 26 treea” and
minimum was of Chalgoza 4 trekda ™. Moreover, the average maximum volume attained by
the Kail, Fir, Deodar and Chalgoza trees was 1837, 0.46 and 0.291 Yrtree?
respectively. Regression analysis was carried ouddtermine the relationship between
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diameter (cm), height(m), tree density(treeg)rend volume(rfiha). Regression models for
Average volume (fitree?) of the dominant species with respect to diamieténe study area
and type of relationship were as: Kail: V = 0.07D.815) + 0.007&)% Fir: V = 0.2628 -
0.035x + 0.001x; Deodar: V= 0.1040 - 0.01& - 0.0081x; and Chalgoza: \£ 0.1640 -
0.026x + 0.01x.

Ali et al.(2016) developed local allomteric equation andraes expansion factor for
Cedrus deodaraData was collected from 32 sample trees felledl rarasured for the study
in natural dry temperate forests of Gilgit-Baltist®akistan. Diameter at breast height (DBH)
and total height of the sample tree were measwéntdfelling. The allometric equation was
developed through logarithmic transformation of efegent and independent variables.
Results showed good relationship between bioma$sagiependent variable and DBH and
height as independent variables. The relationslaig found highly significant with $f 0.98
for equation M= 0.1779(fH) ®% Standard Error and sum of square (SS) of theluaks
also indicated good fit of the model. The BEF @edrus deodaraaried between 1.17 and
2.07 with a mean of 1.37+0.039 for trees with DBEx2n.

Bohre and Chaubey (2016) studied the biomass ptietiuand carbon sequestration
for Azadirachta indicaand concluded that the volume of trees varied pedjt and linearly
in response to variation in basal area (R=0.9¥4:0.893). The variation in basal area
explained nearly 89 percent of the variation itunee. Therefore, basal area was found to be
a good predictor of volume in trees. The total kasmof trees varied positively and linearly
with basal area (R = 0.9447?R 0.893). Basal area explained a higher propofiien 89%)
of variation in total biomass. Although DBH was dde estimate basal area, it explained a
lower amount of variation in volume (R = 0.96° R0.92). DBH explained 92 percent of
variation recoded in volume of trees. Therefore, tlinimum and maximum volume of trees
ranged from 0.005 to 0.522°nree’. Similarly minimum and maximum total biomass of

trees ranged from 0.007 to 0.675 tons tree

Salunkheet al. (2016) estimated tree biomass by non-destructiethaa for tropical
dry deciduous forest (DDF) and tropical mixed deoigs forest (MDF) in 0.1 ha permanent
plots established at seven sites each in severictiisbf Madhya Pradesh in central India.
Tree volume was calculated using site-specific nawequation. The biomass of each species
was estimated taking tree volume and species $pgc#vity. The relationship between basal
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area and above ground biomass showed positivelatore for all sites and forest types. In
general DDF had higher density, basal area and dgenthan MDF irrespective of sites.
Significantly higher basal area (m2 ha-0.1) wa®med in DDF (6.45 + 4.22) MDF (4.53 +
3.56). Average above ground biomass of both DDFMBXF of all sites were 31.8 t Hand
20.7 t hd respectively. Estimation of aboveground tree bissnia the study provided data
for tropical deciduous forests covering a larget a#.66 %) of state for further use.
Regression analysis between biomass and basalvaseperformed for both MDF and DDF.
Both types of forest showed more or less similanesof R i.e., 0.96 for MDF and 0.975

for DDF showing positive relationship between biesand basal area.

2.2 VOLUME TABLE BASED ON ALLOMETRIC RELATIONSHIPS

Mittal et al. (1991) tried stepwise regression methods for olrtgithe best fit based
on dbh, height and their different combinations dstimating and predicting the volume of
Acacia auriculiformis. The comparison was made based SraRd the best fit was used to
prepare general and local volume tables. Whereasetlal. (1993) used regression equation
(V=a+bD’H) for estimation of total wood over and under bafkEucalyptus globulusn
Nilgiri Hills and prepared the volume table. Howevéainet al. (1996) compiled over bark
and under bark volume tables fcacia tortilisusing best fit regression equations VOB = -
0.02174 + 0.00003451%H + 0.0001990 DH (R=98.91%) and VUB = -01808+0.00002876
D?H to 0.00001385 DH (R98.5%), respectively. Similarly, Jaiet al. (1998) prepared
volume tables foAzadirachta indicdor Gujrat region based on the data collected Hinée
25 sample trees. Different models involving DBH dredght were tried and the regression
equation, VOB = 0.11512+0.0000194%830.0003026 DH and VUB= -0.12078+
0.00001193 BH + 0.000434 DH having minimum FI and/or standanwr of estimate and
maximum R were selected. The range of volume over bark amtbrubark was reported to
be 0.023-0.491fhand 0.014-0.398from 20 cm x 10m tree to 37 cm x 7.6m tree,

respectively.

2.3 MODEL EVALUATION

Once a model has been developed, it is importatatfair evaluation of the model
be carried out. Ideally, this is done by using daté used in either model formation or
calibration. The term validation as used here geferthe process of assessing in some sense
the degree of agreement between the model andgys@m being modeled. In order to use
model inferences, about the real world with confitke the model must be subjected to a

process of testing and validation. The objectivahef validation process is not to establish
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the absolute truth or falsity of the model but extto determine whether the model will be

useful for its intended use.

Andersonet al.(1982) made examination and comparison of treemeltunctions by
cross-validation. He particularly used regressiauets for cross validation i.e. population of
one plot at a time are excluded and predicted aedsored values for that plot then
compared. Chen (1982) used Jacknife techniquedibimating the index of diversity with
tree data from Liang Shui Forest Farm, China. Yang Kung (1983) reported that Jacknife
reduces bias in the regression estimates for voldebermination when volume and diameter
were normally distributed. They observed that thesee especially useful where the cost
ratio and the correlation between volume deterrronaand diameter measurements were
high.

Chauhan and sahoo (1997) tested and validatedotbee prediction models making
use of cross validation technique for chirpine amdilar results were found by Pandetyal.
(1998) inPopulus deltoides.

West et al. (1999) and Enquist and Niklas (2001) studied tlahidity of the
generalized equations and they first compared tloelem coefficients £;) with global
allocation rules. These authors concluded thae#ttending allometric theory predicts that
is proportional to the 8/3 (2.667) power of thenstdiameter of any size class. They also
suggested that this allometric theory was almosteusally applied in biology and that it
originated in the common geometric and hydromedrinciples that governed the transport

of essential materials to support cellular metaoli

Phillips et al. (2000) using an analytical statistical approacktingated the
measurement error, sampling error, regression ,eaod total error for growing stock
volume, and average annual net volume growth, rampwnd change in growing stock
volume for forests of the five states of the soasitern FIA unit of the United States for a 6—
8 year inventory period. Their analysis indicatbdttfor the region-wide quantities given
above, the total error, expressed as the 95 peomariidence interval of the mean, was 1
percent for growing stock volume, 2 to 3 percdat net volume growth and removal and
almost 40 percent for change in growing stock n@uThe sampling error was the largest

component of the total error in these exampleswatey for 90 to 99 percent.

Chaveet al. (2005) assessed the validity of the regressioneindd(AGB)=a+h

In(D)+b, In(H)+bs In(q) across a number of different forests andedswhether a single
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model could be used across all sites. Based oerieribf goodness of fit, they selected a
regression model using the compound variable TgH)Das a single predictor. The goodness
of fit of model was measured by the residual stesh@aror of the fit (RSE). Among type Il
models, the simplest relationship was In(AGB)=ag)mb In(D), with a and b as constant
across forest types. However, not only was the magmor fit of the data (RSE = 0.38) the
performance of these models was discussed usingkii&e Information Criteria (AIC) as a
selection criterion. During the validation proceeluthe predicted total aboveground stand
biomass differed by over 20 percent from the measualue in several sites.

Sharma and Nanda (2008) studied various linearnamdlinear functions foPinus
roxburghii based on stem volume and crown parameter relifmmsnd compared for their
performances. The best-fitted function (power fiorgt outperformed the log-linear function.
Therefore, the data were subjected to Chi-squateofegoodness of fit and thereafter using
Theil-U test. The predicted volume based on croalnme was cross validated and tested for
its accuracy by correlating it with observed voluared volume estimated through volume
table. The accuracy was found to be 90 percent.

Recent studies (Djomet al, 2010; Henryet al, 2010; Ebuyet al, 2011; Vieilledent
et al, 2012; Kuyatet al, 2012; Fayollest al, 2013; Mwakalukwaet al, 2014) were local, or
country-specific. The study of Djonet al (2010) added to locally collected data, otheandat
from South America and tropical Asia to develop papical allometric equations. Since
most of the data came from other locations outéiftiea, the accuracy of these equations to
measure tropical forest biomass in Africa was gqtikstionable. The recent study of Chate
al. (2014) used data collected in Africa, Asia andutSBoAmerica to develop a unique
allometric equation valid in all ecosystems. Altghuthey recognized that there was a site
effect, the study assumed that the site effectfarebt types could be negligible if diameter,
height and wood density are included and the bisntah be approximated by a single
equation. Vieilledenét al (2012) used a destructive sample of 481 treddaidagascar spiny
dry, wet and moist forests characterized by a ngga of endemism (95%) to develop local
allometric equations and compared them to pan dab@llometric relations (Brown, 1997,
Chaveet al, 2005). Their study shows that from pan tropealations evaluated, only the
model of Chaveet al (2005) including diameter, height and wood spedifensity gave
accurate tree biomass estimates for Madagascarwiés consistent with other studies in
Africa (Djomoet al, 2010; Henryet al, 2010).
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Chapter-3

MATERIALS AND METHODS

The present investigation entitiéBiomass carbon estimation of important North-
Western Himalayan tree speciesias carried out in Chhichar forest area of Kotdeohest
Division Distt. Shimla (H.P.) during year 2015-20Tkhe details about experimental site,
materials used and methodology adopted in undedakiese studies are given in this

chapter.

3.1 STUDY AREA
3.1.1 Location

The experimental area is located between latitdd@4®” to 31°4250" N latitude and

the longitude 721850" to 7758E in the mid-hill zone of Kotgarh Forest Divisiorf o
Himachal Pradesh with an elevation from 1050-321&bnve mean sea level (a.m.sl). The
natural stands oPinus roxburghiimixed with Quercus leucotrichophoravere selected in
Melandi UF- 255 compartment distributed at elevafimm 1100 to 2000m (a.m.sl.) over an
area of 10.93 ha near Kingal and Galani of Kumar&ange. FoPinus wallichiana, Cedrus
deodara, Abies pindrow and Picea smithisstands were selected aompartment no. 41-a
and 41-b in Chhichar forest (Narkanda) distribuaedlevation from 1500m to 3000m over an
area of 41.31ha and 46.57 ha, respectively of KeamarRange.

3.1.2 Climate

The area is a transitional zone between sub-trbpcemperate and semi arctic due
to altitudinal variations. There is a considerablEiation in the seasonal and diurnal
temperature of experimental site. In general, May dune are the hottest months and
November to February, are the coldest months aedattea experiences severe heavy
snowfall during the winter. On an average the ahnaiafall varies from 1000-1400 mm,
bulk of which is received during monsoons i.e. Jagptember with few pre-monsoon
showers. Snowfall during winter is common phenommestarting from November until
March/April in high altitude. The mean minimum amgan maximum temperature varies
from -5°C during winter (January) to 25 during summer (June), whereas mean annual
temperature (MAT) is 1€ (Table 1).



JAMMLU AND KASHMIR

Chamba

LY T 1
b \

e Hamirpur

&
!il:spul

PUNJAB
®

Solan

Lahul and Spiti

L

Mandi

‘@sm'"hgrkanda

L ]
Sirmaur

HARYANA

Himachal Pradesh

(District Map)

CHINA(TIBET)

Kimnaur

UTTARANCHAL Map not to Scale

D:.2

ReFERENCE -
r.Y

21
c, = cHiL s ‘f’

@ Stale Capital

— Digtriet Boundary
—— State Boundary

B Studyarea

CHRICHAL
s

CHHICHAR ——
AR

B

Fig. 1 Map showing study area

22




Table 1 Locality factors of the study area

Latitude 31°840" to 31°4250" N
Longitude 72°1850" to 7758E
Altitude 1050-3215 m a.sl
Climate Type sub-tropical to temperate
Mean annual temperature °t8

3.1.3 Topography and Soll

The study area is mountainous in nature with maddeta steep slopes and
precipitous. Forest soil is of two types i.e., acidnd neutral soil. Forest soil, which has
alluvium base is rich in humus found in deodar in&orest (Working Plan Kotgarh Forest
Division, 2012-2013).

3.1.4 Geology and Rock

The study area lies between inner Himalayas andgistsnof metamorphic rocks
mostly micaceous schists and chloritic schists winesis, granite phyllites, slates, shales
and quartzite. (Working Plan Kotgarh Forest Diwisia012-2013).

3.2 DEMARCATION AND ENUMERATION FOR MEASUREMENTS
3.2.1 Estimation of growth and standing volume
Sampling procedure

After through survey of the area, about 500 treeeewenumerated and tabulated into
standerd diameter classes. Out of sixty trees eraigtefor each diameter class thirty trees
representing different height ranges, 10 eachrgkelanedium and small range were selected
randomly(Table 2). Thus in total 240 trees each finus roxburghii, Quercus
leucotrichophora, Pinus wallichiana, Cedrus deodafdbies pindronwand Picea smithiana
were measured for diameteraeast height (DBH) and tree height.

Table 2 Distribution of sample trees in differebhdiameter classes

Standard diameter class| Diameter range (cm) Numbeof trees Number of sample

enumerated trees
V D,:10-20 60 30
\Y D,:20-30 60 30
11 D ;:30-40 60 30
A D ,:40-50 60 30
IIB D::50-60 60 30
IA D¢:60-70 60 30
IB D,:70-80 60 30
IC Dg:80-90 60 30
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3.3 OBSERVATION RECORDED

3.3.1 Diameter at breast height

The stem diameter over bark was measured (meamoofight angle measurements)

at DBH above ground level with the help of treepml according to the method given by
Chaturvedi and Khanna (1982).

3.3.2 Tree height

The height was measured with the help of Spiegdhdkop and expressed in meters
according to the method given by Chaturvedi andritiag(1982)

3.4 PARAMETERS ESTIMATED:

3.4.1 Volume of standing trees

Volume of standing trees was calculated by Preésslermula (1865) and expressed
in cubic meters.

\ = ffxhxg
Where,

\% = Volume

ff = Form factor

h = Total height

g = Basal area

3.4.2 Form factor

The form factor was calculated using the formulaeegi by Pressler (1865) and
Bitterlich (1984).

_ 2y
fr - 3h
Where,
ff = form factor
hy = Height at which diameter is half of DBH
h =

Total height of the tree measured by Speigel $kela
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3.4.4. Aboveground biomass

Woody biomass

Woody biomass was calculated by multiplying totaluwne of the biomass with
Specific gravity
Specific gravity

Specific gravity values for the corresponding speavere taken from the available
literature (Table 3). The weight of wood (biomass)s estimated using the formula i.e. mass
per unit volume.

Biomass = Specific gravity of stem wood x volume

Branch and foliage biomass

Branch and foliage biomass was estimated by muitiglthe volume of trres of each
species with their corresponding biomass expan&wmitors. Biomass expansion factors
values for the species under study were taken thenavailable literature (Table 3).

Biomass expansion factor

Biomass expansion factor is ratio of total tree biomass to volume of the stem. In

present study the biomass expansion factor was developed by using the following equation

(Lehtonen et al., 2004).
W
BEF =
\%
Where,
3
BEF = Biomass expansion factor (kgjm
W = Total tree biomass (kg)
3

Y = Volume of the stem (in
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The total aboveground biomass of the tree was agepof the sum of stem biomass,
branch biomass and the leaf biomass.

Total aboveground biomass carbon = Stem carborafidBrcarbon + Leaf carbon

3.4.5 Belowground biomass

Root biomass

Root biomass of trees was calculated by using tidetines of IPCC (2003). Below
ground biomass was calculated by multiplying abowegd biomass of trees with a factor of
root: shoot ratio of particular tree species (Ta)le

Root biomass = Aboveground biomass x Root: staid.

Table 3. Biomass Expansion Factor (BEF), Specifigravity (SG) and Root-Shoo ratio
(R:S) of different forest tree species

SAMPLE TREES BEF REFRENCES SG REFRENCES | R:S Ratig REFRENCES
Pinusroxburghii 1.91 | Rawat and Tandon (1993).491 | Rajpuet al (1985) 0.21 IPCC (2003)
Pinuswallichiana 1.91 | Ranaand Singh (1990) 0.427 Kumar (1998) 0.27 IPCC (2003)
Cedrus deodara 1.40 IPCC (2003) 0.468 Rajpetal (1985) 0.27 IPCC (2003)
Abies pindrow 1.51 Haripriya (2000) 0.340 IPCC (2003) 0.21 IPCC ®0(
Picea smithiana 151 Haripriya (2000) 0.380 IPCC (2003) 0.21 IPCC @)0(
Quercusleucoatrichophora| 1.91 | Ranaand Singh (1990) 0.826 Ragti@l (2002) 0.39 IPCC (2003)

3.4.6 Carbon estimation

Biomass was converted into carbon by multiplyingith carbon fraction (0.5) of dry
matter. The calculation of carbon from biomass @isegollowing formula:

Carbon stock = Total Biomass x 0.5 (IPCC defauli@2006)

3.5 ANALYTICAL FRAMEWORK

3.5.1 Criteria for the selection of appropriatefunction

1. A function is supposed to be an appropriate onief sign and magnitude of the
estimated parameters are consistent with the theory
2. Adjusted R (Guijrati, 1998) calculated as under

R2=1— ((1—R2) (n-1) )

n—k—1
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Plate 2. Quercus lencotrichophora



Flate 3. Pinns wallichtiana

Plate 4. Cedrus deodara



Plate 6. Picea smithiana



Where,

R = Sample R-square
n = Number of observations
k = Number of parameter

Adjusted R is an appropriate tool to decide the selectionfusfdamental form.
Usually, the function with higher adjusted B selected for the purpose.

3. A function with more significant explanatory variab is considered a better function
compared to other functions.

3.5.2 Regression analysis

Based on the adjusted Ralues different regression equatiosis linear, logarithmic,
exponential, sigmoidal and power were further depetl for stem volume and biomass

carbon (dependent variable) with DBH and tree heigidependent variable).

3.5.3 Chi-square test of goodness of fit

A powerful tool for testing the goodness of fit, ialh enables us to find if the
deviation of the experiment from the theory is jogtchance, or due to the inadequacy of the

theory to fit the observed data:

If O;(i=1, 2.cccvennnn... n) of a set of observed values andi€1, 2 ....n) is the

corresponding set of expected values, then Chirsgaayiven by:

1 =£[0i - E)* /E]

Which follows Chi-square distribution with (n-1) gltee of freedom (Gupta and
kapoor, 1996). If the tabulated value of chi-squarkess than or equal to calculated value of
chi-square at specific level of significance thdl mypothesis is rejected and hence it is
concluded that the model is not adequate or inrotverds we can say that we have no

evidence in favour of null hypothesis i.e., modedler study is not adequate.

3.5.4 Theil's method

Theil (1965) proposed following U—statistic, tottédse agreement between predicted

and the actual value

U= [smei-any [Fyp e+ e
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Where Pand A are respectively the predicted and the actual gabthi¢he variable of
the ith observation. When-4J ZERO, the fitting predicts perfectly. This is basa in such

events predicted value approximately equals theahetlue in all observations.

3.5.5 Validation technique

The term validation refers to the process of acngs® some sense the degree of
agreement between model and real system being ethd€ince a model that gives an
adequate fit to the data is found, the next stegh& process is to use the model for

prediction. However, before a model is to be ugsdjalidity should be checked.

A valid comparison of the real data and model ouip the validation stage requires
an understanding of the problem as well as thelahiy of statistical procedures that are
designed to fit the conditions of the problem cdefice in conclusion reached about the
model would be greatest when real data used ivdhdation process is independent of the

data used in the construction and calibration efrttodel (Reynoldst al., 1981).

Let (y1, X1),...... ,(Yn,Xn) the set of data distributed independently adogrdo some

unknown function f, X is univariate and is usegbtedicty.

Let the model be:
Y = f(xf) + error

Where

é is the parameter vector to be estimated, f islm@ar in 6 and distribution of error

is unknown.
The goodness of fit model will be evaluated by Qf(y, 6)].

In particular, Q is taken as absolute deviatioruging f (X, Q), realistically it is
probable that knowing Q on the average is the lms, can expect from the resampling
procedures (Gong, 1986). This definition is uséiuhe discussion of prediction errors. True

error is defined as:

Er Q [Yo, f(x0, §)]
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If f were unknown, true error could be computedatiyathis is the case where a large
number of additional samples can be drawn anddrwge computed by analysis it is logical
that the error is best estimated in application dsawing a sufficiently large sample
independent of the one used as fitting the model.

In contrast, apparent error is computed by simpjayeng the fitted equation to the

same data which was used in calibration (fitting).

n Q[x, 6]

Apparent error is thus expected value of Q witlpees to the empirical distribution
function f. Apparent error will normally give an topistic view of the goodness of
distribution. The difference between true error apgarent error is excess error. In term of

evaluating a distribution, interest lies in excessquilently in true error.

Various validation techniques are widely used ine$try research such as cross

validation, jackknifing and bootstrap method.
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Chapter-4

RESULTS AND DISCUSSION

The results emerging out of the present investgatntitied “Biomass carbon
estimation of important North-Western Himalayan tree species.”is presented in this

chapter under the following heads:

4.1 Allometric relationships of tree volume wh DBH and tree Height
4.2 Allometric relationships of tree biomassarbon with DBH and tree Height

4.3 Evaluation and validation of allometric nedels

4.1 ALLOMETRIC RELATIONSHIP OF TREE VOLUME WITH DBH AND
TREE HEIGHT
The results on various linear and non-linear furdifor tree volume as the dependent
variable and DBH (diameter at breast height) ame tHeight separately as independent
variable forPinus roxburghij Quercus leucotricophoreRinus wallichiana Cedrus deodara,

Abies pindrowand Picea smithianandare presented in Tables 4 to 15.

Pinusroxburghii (Chirpine)

The linear and non-linear relationships of treeuwsd with DBH and tree Height,
each taken independently, resulted in highly sigaift &* (adjusted B results (Table 4),
where power function showed highert (0.98) for tree volume with DBH. Similarly,
Sigmoidal (S) function showed significakf (0.97) followed by linea(0.93), exponential
(0.88) and log linear (0.77) functiom case of tree Height taken m®dictor variablepower
function showed highe:®? (0.95) followed by exponential (0.92), S (0.73helar (0.72) and
log linear (0.52) function. The present findings ar conformity with the findings of Ahmad
et al. (2014) who reported DBH a best indicator of stenun@ estimation as a result of
quadratic linear relationshif{=0.96) between stem volume and DBH and Nizamal.
(2009) on the other side have reported strong Hif(84=0.98) relationships foPinus
roxburghii when basal area was taken as independent vartdtweever, Sharma and Nanda
(2008) reported the logarithmic and power functiasghe best fit for the estimation of stem
volume ofPinus roxburghiistand while taking crown parameters as predictoiakbes and

found crown volume to explain 99 percent variatiostem volume followed by crown area,



crown diameter, crown width and crown length. FB96) has already developed volume
equations for softwood species using multiple regimn methods in which basal area, girth
or DBH along with height or form factor to predicilume and biomass éfinus roxburghii

where, DBH individually, explained 97 per cent @aion in biomass.

Table 4 Allometric linear and non-linear equationsfor estimation of stem volume of
Pinusroxburghii trees based on DBH and tree Height variable

Volume | bg | bs | AdjrR® | Model
DBH

V =—2.038 +0.084D -2.038 0.084 0.93 Linear
V=-—10.106+3.244InD -10.106 3.244 0.77 Log linear
V =0.388%%" 0.038 0.065 0.88 Exponential
V= 0.000016B°* 0.000016 2.912 0.98 Power
V=exp(2.514-94.427/D) 2.514 -94.427 0.97 Sigmoidal
Height

V =—2.619+0.218H -2.619 0.218 0.72 Linear

V= —6.496+2.902InH -6.496 2.902 0.52 Log linear
V = 0.12820% 0.012 0.200 0.92 Exponential
V= 0.000088H* 0.000088 3.115 0.95 Power

V= exp(1.765-29.641/H) 1.765 -29.641 0.73 Sigmoidal

V = Volume D = diameter(cm) H = tree Height (m)
* Significant at 5% level of significance

Quercusleucotrichophora (Ban Oak)

Results pertaining to various linear and non-linedationships (Table 5) presented
for DBH as well as tree Height for stem volume restion of Quercus leucotrichophora
trees were significant. The power function showighést&? (0.96) for volume with DBH.
Similarly, S function showed significarz? (0.91) followed by exponential (0.90), linear
(0.81), and log linear (0.63) function. Howeveryweo function showed highexf (0.75) that
followed exponential (0.74), linear (0.73), S (0.5&d log linear (0.52) function when tree
Height was used as predictor variable. The re$at® relevance with the studies conducted
by Canadell and Roda (1991) who have reported itbgaic equation with DBH as
independent variable as the best fit for voluménestton of Quercus ilexwith 87 percent
variation. However, FSI (1996) and FRI (1996) hdeeeloped significant relationships for

volume estimation ofuercus leucotrichophorbased on EH.
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Table 5 Allometric linear and non-linear equationsfor estimation of stem volume of
Quercus leucotrichophora trees based on DBH and tree Height variable

Volume bo b1 Adj R°  |Model
DBH
V = —1.514+0.058D -1.514 0.058 0.81 Linear
V= —6.883+2.193InD -6.883 2.193 0.63 Log linear
V = 0.3580°%P 0.035 0.059 0.90 Exponential
V= 0.000036D3°* 0.000036| 2.602 0.96 Power
V= exp(1.816-82.349D) 1.816 -82.349 0.91 Sigmoidal
HEIGHT
V = —2.247 +0.248H -2.247 0.248 0.73 Linear
V= —5.406+2.608InH -5.406 2.608 0.52 Log linear
V = 0.198%4H 0.019 0.241 0.74 Exponential
V= 0.000257H°%1 0.000257 | 3.011 0.75 Power
V= exp(1.559-23.784/H) 1.559 -23.784 0.59 Sigmoidal

V =Volume D = diameter at breast height (dny tree Height (m)
* Significant at 5% level of significance

Pinuswallichiana (Kail)

Various linear and non-linear relationships oetlume with DBH as well as tree
Height separately foPinus wallichianaare presented in Table 6. All the relationshipsewer
significant, where power function reported high$t(0.99) followed by S (0.93) and
exponential (0.92), linear (0.88) and log lineandiion that explained only 71 percent
variation in volume when DBH was taken as indepahdariable. For tree Height variable,
the significant relationships were stronger withximum value of&? (0.93) for power
function followed by exponential (0.92), S (0.8@ddinear (0.79), however, log linear (0.61)
function was able to explain only 61 percent vasrain volume. The results are in line with
findings of Rageelet al. (2014) who explained 99 and 98 percent variatioivalume of
Pinus wallichianawhen DBH and tree Height were taken separatelgradictor variable,
respectively. The volume and biomass equations loped by FSI (1996) forPinus
wallichiana using multiple regression methods in which basahagirth or DBH along with
height or form factor was used also support theltesf the present study as DBH*{R.96)
was the best variable for the estimation of volanéd biomass.
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Table 6 Allometric linear and non-linear equationsfor estimation of stem volume of
Pinuswallichiana trees based on DBH and tree Height variable

Volume | bo | by | AdjrR® |Model

DBH

V = —2.244 +0.090D -2.244 0.090 0.88 Linear

V= —10.487+3.384InD -10.487 3.384 0.71 Log linear
V = 0.428%% 0.042 0.064 0.92 Exponential
V= 0.0000308"®" 0.000030 2.767 0.99 Power

V= exp(2.329-84.281/D) 2.329 -84.281 0.93 Sigmoidal
HEIGHT

V = —3.317+0.242H -3.317 0.242 0.79 Linear
V=-—10.066+4.039InH -10.066 4.039 0.61 Log linear
V = 0.0168 % 0.016 0.180 0.92 Exponential
V= 0.000027B** 0.000027 3.445 0.93 Power

V= exp(2.525-47.468/H) 2.525 -47.468 0.80 Sigmoidal

V =Volume D =diameter H = tree Height (m)
* Significant at 5% level of significance

Cedrus deodara (Deodar)

The data presented in Table 7 €edrus deodarghowed significant relationships for
various linear and non-linear function used fonst®lume estimation with DBH as well as
height when used independently. The results redlehlet power function was strong wrA
=0.97 followed by S (0.96), linear (0.88), expon@nvalues (0.85) and log linear (0.71)
function when DBH alone was used as independemdblar Similarly stronger relationships
were found for tree Height variable with maximumueaof &% by power function (0.88)
followed by exponential value (0.87), S (0.73)ehn (0.60) and log linear (0.41). Ahmed
al. (2014) have also found significant relationshigsen quadratic relationships were used
that explained with 93 percent variation in voluroé Cedrus deodaradue to DBH,
respectively. Similarly, Rageedt al (2014) have found significant quadratic relatidpghat
explained with 98 and 99 percent variation in vaduof Cedrus deodaralue to DBH and
tree Height variable, respectively when taken sap@r. However, Chaturvedi (1973) got 99
percent variation in volume dfedrus deodaraboth due to diameter and height?i).
Similarly, FRI (1996) and FSI (1996) have developetime equations fa€Cedrus deodara
using multiple regression methods in which basabagirth or DBH along with height or
form factor were used to predict volume and biomagk significant relations and found
Quadratic Linear functions the best fit that expéal 98 percent of variation in volume of

Cedrus deodaraue to DBH only.
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Table 7 Allometric linear and non-linear equationsfor estimation of stem volume of
Cedrus deodara trees based on DBH and tree Height variable

Volume | bo | b1 | AdjR® [Model

DBH

V = —2.063 +0.087D -2.063 0.087 0.88 |Linear
V=-—9.968+3.247InD -9.968 3.247 0.71 Log linear
V = 0.408%°P 0.040 0.065 0.85 Exponential
V= 0.00001953%%° 0.000019 2.886 0.97 Power

V= exp(2.439-87.770/D) 2.439 -87.770 0.96 |Sigmoidal
HEIGHT

V = —2.238 +0.188H -2.238 0.188 0.60 |Linear
V=—5.303+2.482InH -5.303 2.482 0.41 Log linear
V =0.0168*"" 0.016 0.173 0.87 Exponential
V=0.00021H""® 0.00021 2.778 0.88 Power

V= exp(1.588-26.551/H 1.588 -26.551 0.73  |Sigmoidal

V = Volume D = diameter at breast height H = tireght (m)
* Significant at 5% level of significance

Abies pindrow (Silver fir)

The perusal of data in Table 8 revealed that varlmear and non-linear equations to
find out stem volume oAbies pindrowtrees with DBH as well as height independentlyever
significant The power function showed highe&f (0.97) value that followed S (0.93),
exponential (0.88), linear (0.85) and log linea6g) relationships whereas, high&$t(0.87)
value was noted in power function followed by ex@atmal (0.83), S (0.75), linear (0.71) and
log linear (0.52) function. On the same line, Rageeal. (2014) found significant linear
relationships between tree volume and DBH Abies pindrowwith R?= 0.98. In contrary,
Ahmad et al (2014) reported quadratic linear (polynomial irsee 3° order) regression
equation developed taking Deodar, Kail, Fir anduserjointly as the best fit for estimation
of volume that explained 96 percent of variationvolume of forests based on basal area
alone. Similarly, volume equations developed by @9SD6) explained 95 percent variation in
volume of Abies pindrowdue to diameter and height taken separately asasgbintly as

predictor variables.
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Table 8 Allometric linear and non-linear equationsfor estimation of stem volume of
Abies pindrow trees based on DBH and tree Height variable

Volume | by | b, | Adj R® [Model

DBH

V = —2.337 +0.095D -2.337 0.095 0.85 |Linear
V=—-10.987+3.553InD -10.987 3.553 0.65 |Log linear
V = 0.0588&°%P 0.058 0.060 0.88 |Exponential
V= 0.0000545°%% 0.000054| 2.642 0.97 |Power

V= exp(2.333-79.861/D) 2.333 -79.861 0.93 |Sigmoidal
HEIGHT

V = —3.821 +0.240H -3.821 0.240 0.71 | Linear

V= —11.666+4.418InH -11.666 4.418 0.52 | Log linear
\V = 0.0188161 0.018 0.161 0.83 |Exponential
V= 0.000015H°>%° 0.000015/  3.530 0.87 |Power

V= exp(2.566-53.123/H) 2.566 -53.123 0.75 |Sigmoidal

V = Volume D = diameter at breast height H = trseght(m)
* Significant at 5% level of significance

Picea smithiana (Spruce)

Data in the Table 9 evinced various linear and Inogar equations of stem volume
independently for DBH and tree Height Bicea smithianarees. The relationships between
stem volume and DBH were significant, where powsercfion showed highe? (0.98)
followed by exponential (0.93), S (0.87), linear.8®) and log linear (0.65) function.
Whereas, for tree Height, the relationships wegaificantly strong with highest? (0.87)
given by power function that followed exponenti@l83), S (0.75), linear (0.71) and log
linear (0.52) function. The results are in confdgmto the findings of Ahmaet al. (2014)
who have reported 98 and 99 percent variation lnnae of Picea smithiandrees due to tree
DBH and tree height when used separately and laasalexplained 96 variations when used

alone in quadratic regression analysis.
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Table 9 Allometric linear and non-linear equationsfor estimation of stem volume of
Picea smithiana trees based on DBH and tree Height variable

Volume | bo | b1 | AdjrR® [Model
DBH

V = —2.435 +0.094D -2.435 0.094 0.84 |Linear

V = —10.625+3.418InD -10.625 | 3.418 0.65 |Log linear
V = 0.3380°7P 0.033 0.067 0.93  |Exponential
V= 0.0000223%* 0.000022| 2.833 0.98  [Power

V= Exp(2.194-81.694/D) 2.194 | -81.694 0.87  |Sigmoidal
HEIGHT

V =—2.609 +0.218H -2.609 0.218 0.71 |Linear
V=—=38.541+3.624InH -8.541 3.624 0.52 Log linear
V = 0.348141 0.034 0.149 083 |Exponential
V= 0.00019H%* 0.00019 | 2.854 087 |Power

V= exp(1.984-34.237/H) 1.984 | -34.237 0.75 |Sigmoidal

V =Volume D = diameter at breast height (cm) Hee Height (m)
* Significant at 5% level of significance

42  ALLOMETERIC RELATIONSHIPS OF BIOMASS CARBON WI TH DBH
AND TREE HEIGHT

The results pertaining to various functions usedstmate biomass carbon Binus
roxburghii, Quercus leucotricophora, Pinus wallichian@edrus deodara, Abies pindrcand
Picea smithianabased on DBH (diameter at breast height) and treightl as independent

variable are presented in Tables 10 to 15 and gralphshown in Fig. 2 to 13.

Pinusroxburghii (Chirpine)

The linear and non-linear relationships of biomeam®on with DBH and tree Height,
each taken independently, resulted in highly sigaift & results (Table 10) foPinus
roxburghii, where power function showed high&3t(0.98) for biomass carbon with DBH.
Similarly, Sigmoidal (S) function showed signifitak? (0.97) followed by lineaf0.93),
exponential (0.88) and log linear (0.77) functidm.case of tree Height taken peedictor
variable power function showed highe&f (0.95) followed by exponential (0.92), S (0.75),
linear (0.73) and log linear (0.52) function. Tesults are at par with the study conducted by
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Nizami et al (2009) who have reported strong linea”<®98) relationships foPinus

roxburghii when basal area was taken as independent vaf@bilee estimation of biomass
carbon. However, Chaturvedi and Singh (1982) hawweldped significantlinear
relationship between biomass of different tree conemts togirth at breast height

(GBH) andD?H for Pinus roxburghii

Table 10 Allometric linear and non-linear equatims for estimation of tree biomass
carbon of Pinusroxburghii trees based on DBH and tree Height variable

Biomass carbon | bg | b, | Adj. ”° |Model

DBH

C =—1.611 +0.066D -1.611 0.066 0.93 |Linear
C=—7.992+2.566LnD -7.992 2.566 0.77 |Log linear
C = 0.030&%7P 0.030 1.067 0.88  |Exponential
C= 0.000012B°% 0.000012 2.923 0.98 |Power

C= exp(2.292-94.989/D) 2.292 -94.989 0.97 |Sigmoidal
HEIGHT

C=—2.071+0.172H -2.071 0.172 0.73 |Linear

C =—5.137+2.295LnH -5.137 2.295 0.52 Log linear
C = 0.009&%°" 0.009 0.201 0.97 |Exponential
C = 0.00006681™* 0.000066 3.134 0.95 | Power

C = exp(1.549-29.996/H) 1.549 -29.996 0.75 |Sigmoidal

C=Carbon D = diameter at breast height (cm)= tree Height (m)
* Significant at 5% level of significance

Quercusleucotrichophora (Ban oak)

Results pertaining to various linear and non-linetationships presented in Table 11
for DBH as well as tree Height for biomass carbstingation ofQuercus leucotrichophora
trees were significant. The power function showigghéstz? (0.96) for biomass carbon with
DBH. Similarly, S function showed significaiz? (0.91) followed by exponential (0.90),
linear (0.81) and log linear (0.64) function. Howevpower function showed highekt
(0.75) that followed exponential (0.74), linear7@®), S (0.59), and log linear (0.52) function
when tree Height was used as predictor variable. réBults are in line with the findings of
Navar (2009) who have reported DBH as the bestcatdr for aboveground biomass
estimation ofQuercusspp based on DBH that explained variation of 9 with power
function. The results are also supported by thdissuconducted by Rawat and Singh (1988)
who reported 94 percent variation in biomass wit&B# was taken a independent variable
for Quercus leucotrichophorandQuercus floribunda
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Table 11 Allometric linear and non-linear equatiors for estimation of tree biomass
carbon of Quercus leucotrichophora trees based on DBH and tree Height

variable
Biomass carbon | bg | b; | Ad.RrR" [Model
DBH
C =—2.230+0.086D -2.230 0.086 0.81 |Linear
C =—10.134+3.229LnD -10.134 3.229 0.64 Log linear
C =0.5189°%P 0.51 0.059 0.90  |Exponential
C = 0.000053B°% 0.000053 2.603 0.96  |Power
C = exp(2.204-82.365/D) 2.204 -82.365 0.91 [Sigmoidal
HEIGHT
C =—3.303+0.364H -3.303 0.364 0.73 Linear
C =—7.960+3.839LnH -7.960 3.839 0.52 Log linear
C = 0.29824H 0.29 0.241 0.74 Exponential
C = 0.000378**? 0.0003 3.012 0.75 Power
C= Exp(1.946-23.796/H) 1.946 -23.796 0.59 Sigmoidal

C =Carbon D= diameter at breast height (cmy tdde Height (m)
* Significant at 5% level of significance

Pinuswallichiana (Kail)

Various relationships of biomass carbon with DBHnedl as height taken separately
as independent variable fBius wallichianaare presented in Table 12. All the relationships
were significant, where power function reportedhieist &* (0.99) followed by S (0.93),
exponential (0.92), linear (0.88) and, log lineandtion (0.71) that explained 71 percent
variation in biomass carbon when DBH was taken raependent variable. For height
variable, the significant relationships were stemwith maximum value o&? (0.93) for
power function followed by exponential (0.92), 8@. and linear (0.79), however, log linear
(0.61) function was able to explain only 61 percariation in biomass. The present findings
are in line with the findings of Ahmadt al (2014) who reported that quadratic linear
regression equation developed on Deodar, Kail,aRt spruce jointly, as the best fit for
estimation of biomass and basal area explainede®éept of variation in biomass of the

forests.

38



Table 12 Allometric linear and non-linear equations for estmation of tree biomass
carbon of Pinuswallichiana trees based on DBH and tree Height variable

Biomass carbon bo b1 Adj R |Model

DBH

C =—1.587+0.064D - 1.587 0.064 0.88 |Linear

C =—7.404+2.852LnD -7.404 2.852 0.71  |Log linear
C = 0.3081066P 0.30 0.1066 0.92  |Exponential
C =0.000021B"°7 0.000021 2.767 0.99  |Power

C = exp(1.988-84.397/D) 1.988 - 84.397 0.93  |Sigmoidal
HEIGHT

C =—2.344+0.171H -2.344 0.171 0.79 |Linear

C =—7.104+2.852L.nH -7.104 2.852 0.61 Log linear
C = 0.011818H 0.011 0.181 0.92  |Exponential
C = 0.000019H+>* 0.000019 3.454 0.93  |Power

C = exp(2.188-47.573/H) 2.188 -47.573 0.80  [Sigmoidal

C = Carbon D = diameter at breast height (cmy tkee Height (m)
* Significant at 5% level of significance

Cedrus deodara (Deodar)

The data presented in Table 13 @edrus deodarahowed significant relationships
for various linear and non-linear function used boymass carbon estimation with DBH as
well as tree Height when used independently. Thealte revealed that power function was
strong with&?=0.97 followed by S (0.96), linear (0.88), expoti@ntalues (0.85) and log
linear (0.72) function when DBH alone was usednaependent variable. Similarly, stronger
relationships were found for tree Height variabithwnaximumg?values by power function
(0.88) followed by exponential value (0.87), S @),4inear (0.60) and log linear (0.41). The
present value of Rare more or less similar to values as reported byeiAal. (2016) who
have reported power and log linear function ashtbst fit for estimation of aboveground
biomass forCedrus deodaralt explained 98 percent of variation in abovegroumomass
based on DBH and height {B) as independent variable. Similarly, Chatel (2005) have
developed nonlinear models (power function) usingHD tree height and wood density
separately for the estimation of aboveground biarasdry tropical forests that explained

more than 91 percent variation.
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Table 13 Allometric linear and non-linear equatiors for estimation of tree biomass

carbon of Cedrus deodara trees based on DBH and tree Height variable

Biomass | bo | by | Adj &% |Model

DBH

C =—1.051+0.044D -1.051 0.044 0.88 |Linear

C =—5.080+1.655LnD -5.080 1.655 0.72 |Log linear
C = 0.0208&0%5P 0.020 0.065 0.85 |Exponential
C = 0.000010B°%° 0.000010 2.889 0.97 |Power

C = exp(1.770-87.986/D) 1.770 -87.986 0.96 |Sigmoidal
HEIGHT

C =—1.142+0.096H -1.142 0.096 0.60 |Linear

C =—2.706+1.266LnH -2.706 1.266 0.41 |Log linear
C = 0.0088&'">" 0.008 0.175 0.87 |Exponential
C = 0.0001024"® 0.000102 2.788 0.88 |Power

C= Exp(0.920-26.672/H) 0.920 -26.672 0.74 |Sigmoidal

C = Carbon D = diameter at breast height (cm) tide Height (m)
* Significant at 5% level of significance

Abies pindrow (Silver fir)

The perusal of data in Table 14 revealed that uarlmear and non-linear equations
to estimate biomass carbon Abies pindrowtrees with DBH as well as tree Height
independently were significanThe power function showed highekf (0.97) value that
followed S (0.93), exponential (0.88), linear (Q.8&nd log linear (0.68) relationships
whereas, highe®? (0.87) value was noted in power function followmdexponential (0.83),
S (0.75), linear (0.71) and log linear (0.52) fuoctwhich showed only 52 percent variation
due to tree HeightOn the contrary, Brown and Schroeder (1999) redogtgponential and
sigmoidal models to be highly significant with stger relationship between aboveground
biomass and DBH with Rvalue as high as 0.98 for southern and eastermaoft species
(fir & spruce) in the United States. However, Ahmetdal (2014) have noted 96 percent
variation in biomass of forests when basal area tatsn as a variable in quadratic linear
regression equation fétbies pindrowChaveet al (2005) on the other hand found more than
91 percent variation in the aboveground biomasdrgftropical forests due to DBH, tree

height and wood density when taken individuallypanlinear models (power function).
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Table 14 Allometric linear and non-linear equationsfor estimation of tree biomass
carbon of Abies pindrow trees based on DBH and tree Height variable

Biomass carbon bo b1 Adj R°  |Model

DBH

C =—0.919+0.037D -0.919 0.037 0.85 |Linear

C =—4.324+1.398LnD -4.324 1.398 0.68 Log linear
C = 0.023800P 0.023 0.060 0.88  |Exponential
C = 0.000021B°%* 0.000021 | 2.641 0.97  |Power

C = exp(1.400-79.84/D) 1.400 -79.84 0.93  |Sigmoidal
HEIGHT

C =—1.504+0.094H -1.504 0.094 0.71 Linear

C =—4.591+1.739LnH -4.591 1.739 0.52 Log linear
C = 0.007816" 0.007 0.161 0.83 Exponential
C = 0.000006°%° 0.000006 | 3.529 0.87 Power

C= Exp(1.634-53.121/H) 1.634 -53.121 0.75 Sigmoidal

C =Carbon D =diameter at breast height (chig Height (m)
* Significant at 5% level of significance

Picea smithiana (Spruce)

Data in the Table 15 evinced various linear and-limear equations of stem volume
independently for DBH and tree Height Bicea smithianarees. The relationships between
biomass carbon and DBH were significant, where pdwection showed highe:&? (0.98)
followed by exponential (0.93), S (0.88), linear.8@), and log linear (0.65) function.
Whereas, for tree Height, the relationships wegaificantly strong with highest? (0.87)
given by power function that followed exponenti@l85), linear (0.83), S (0.68) and log
linear (0.63) function. The results are in confdgnid the findings of Ahmaet al (2014)
who have reported 98 percent variation in abovagitduiomass oPicea smithiandrees due
to DBH, however, basal area explained 96 percenvanifation in biomass while using
guadratic analysis. The results of the study ardéu supported by the results of Chatel
(2005) who have reported power function as the fie&tr dry tropical forests with strong
relationship (R® >= 90%) between aboveground biomass and DBH, heéght and wood

density when analyzed separately.
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Table 15 Allometric linear and non-linear equationsfor estimation of tree biomass
carbon of Picea smithiana trees based on DBH and tree Height variable

Biomass carbon | bg | b, | Adj R® |Model

DBH

C =—1.067+0.041D -1.067 0.041 0.84 Linear

C =—4.658+1.498LnD -4.658 1.498 0.65 |Log linear
C = 0.0158%" 0.015 0.067 0.93 |Exponential
C = 0.000010B%* 0.000010 2.824 0.98 |Power

C = exp(1.372-81.495/D) 1.372 -81.495 0.88 [Sigmoidal
HEIGHT

C =—1.146+0.096H -1.146 0.096 0.83 |Linear

C =—3.743+1.590LnH -3.743 1.590 0.64 Log linear
C = 0.0156™"" 0.015 0.149 0.85 |Exponential
C = 0.000084H"" 0.00008 2.779 0.87 |Power

C= Exp(1.166-34.165/H) 1.166 -34.165 0.68 |Sigmoidal

C= Carbon D = diameter at breast height (cm) HHemght (m)
* Significant at 5% level of significance

4.3 MODEL EVALUATION

The power function for tree Height as predictoriafale resulted in lower values of
adjusted R as compared to adjusted Ralues for DBH. Tree height is more tedious to
measure and may not explain more of the variantkeasite where the data originated, but
its incorporation has the advantage of increasioigrmial applicability of the equation to
different sites (Kettering®t al, 2001). Hence, equations based on DBH variables we
considered for further testing. Adjusted fRalue cannot only be used as the criterion for
choosing the best-fitted function. We followed maoréeria to choose the best one i.e., the

adjusted R goodness of fit and Theil's-U Statistics.

On comparison the adjusted ®alues of DBH of different functions (Table 4-15) i
was revealed that power function (C= a %) Performed well when DBH was taken as
predictor variable for estimation of biomass ofrphmie, ban oak, kail, fir and spruce, with
reasonable accuracy. To test the goodness ohé&tChi-square test was applied. The Chi-
square values were found significant at 5 percewellof significance, hence for the final
selection, Theil's-U statistics was applied to povienction. The application of Chi-square
test of goodness of fit and Theil's-U statisticsea&led that power function using DBH as
independent variable was best fit (Table 16). Theills-U values were approaching to zero,
thus models based on power function for tree spaangler study were finally selected for

their validation. Such results have also been teddry Pandegt al (1998).
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Table 16 Comparison of power function for biomassarbon estimationbased on DBH

Sample trees Adjusted R ° ¥ Theil-U statistics
Pinus roxburghii 0.98 7.35 0.07
Pinuswallichiana 0.99 4.22 0.04
Cedrus deodara 0.97 12.62 0.11
Abies pindrow 0.97 7.10 0.08
Picea smithiana 0.98 5.55 0.07
Quercus leucotrichophora 0.96 22.40 0.09

Significant at 5% level of significance

Before a model is recommended, it needs the vahdaFor checking the adequacy,
power biomass carbon function having highest valoe® and lowest chi-square were

subjected to cross-validation.

All 240 observations on DBH were selected and thmdeh selected was cross-
validated and fitted. The fitted model was usegedict the stem volume and biomass of
actual 120 observations which were used in thé@lon and then the apparent error, true
error, excess error and Chi-square values of aigand independent entire data was
computed. Model selected for cross validation vesrender:

eV = a(Dy
-C = a0

Table 17 Cross validation result of stem volume maa

Sample trees Model AdjgsztEd AE TE | EE ori)é;al (inde;(ezndent) (Ov)éiall)
Pinus roxburghii V=0.0000163"*?| 0.98 0.1 | -0.1 |-0.2| 434 449 1.5
Pinus wallichiana V= 0.0000303 ¢’ 0.97 0.0 | -0.1 |-0.1| 19.9 215 1.6
Cedrus deodara V= 0.0000193%¢ 0.97 0.1 | -0.1|-01| 90.9 94.8 3.9
Abies pindrow V= 0.0000223833 0.97 00| 00 | 00| 712 72.9 1.7
Picea smithiana V= 0.00003635% 0.88 24 | 0.0 |-2.4| 496 51.1 2.1
Quercus leucotrichophora | V= 0.0000363°% 0.97 70 | 00 |-69| 34.1 35.5 1.4

D = diameter at breast height C = Carbon TE tallBrror
EE = Excess Error AE = Apparent error

The results of cross-validation for stem volume himnass carbon is given in Table

17 and Table 18, respectively. In all the setsaegnt error as well as true error were found
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to be negligible, which reflects that the modeldcton is nearly correct and selected

variable for the model is correct.

Table 18 Cross validation result of biomass carbomodel

Sample trees Model Aded | e | TE | EE origlzwal (inde;f:ndent) (o\/ﬁau)
Pinus roxburghii C=0.000012B%%| 0.98 78 | -0.1|-79| 259 26.9 1.0
Pinus wallichiana C =0.000021B7%| 0.99 48 | 0.0 |-48| 107 11.6 0.9
Cedrus deodara C =0.000010B%°| 0.97 6.0 | -0.1 |-6.1| 325 335 0.8
Abies pindrow C =0.000021B%*| 0.97 40 | 0.0 |-40]| 122 12.6 0.3
Picea smithiana C =0.0000108%*| 0.98 1.3 | 0.0 |-1.3| 258 26.2 0.4
Quercus leucotrichophora | C = 0.000053B°%|  0.96 10.0 | 0.1 |-10.0| 74.2 77.1 3.0

D = diameter at breast height C = Carbon TE tallBrror
EE = Excess Error AE = Apparent error

Among various linear and non-linear functions tried volume prediction, power
functions (0.98) were having highest value of a@id$?. The application of Chi-square test
of goodness of fit and Theil’'s-U statistics revelalhat power function using DBH as
independent variable was best fit (Table 17-18)lokong the same procedure, Sharma and
Nanda (2008) reported negligible apparent erravelbas true error after cross validating the
best fitted power function for estimation of stewlume based on crown volume fBmus
roxburghii. The linear models satisfying all statistical asptions suffered from problems of
outliners whereas non-linear performed well thee tmear models for precision and
validation therefore such findings are in proximigyth those of Ajitet al. (2000) and
Shrivastveet al.(2000).

Computed value of the Chi-square for original selependent set and both the sets
when taken together were found to be non-signifitiaereby proving the validity of selected
models. The results of the present findings allaboration with the observations made by
Andersoret al. (1982) as they examinated and compared the tregneofunctions by cross-
validation. However, on the similar lines, Cheng&2pused Jacknife technique for estimating
the index of diversity with tree data from LiangusFkorest Farm, China. As per the studies
by Yang and Kung (1983) who reported that Jackmtices bias in the regression estimates
for volume determination when volume and diametarevnormally distributed. They
observed that these were especially useful wherecdist-ratio and the correlation between

volume determination and diameter measurements highe
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Chapter-5

SUMMARY AND CONCLUSION

The present investigations entitléiomass carbon estimation of important
North-Western Himalayan tree species’was carried out during year 2015-2016 to develop
allometric models to estimate tree volume and tbtamass carbon in Kumarsain Range of
Kotgarh Forest Division, Himachal Pradesh. The ratstands oPinus roxburghiimixed
with Quercus leucotrichophorevere selected in Melandi UF- 255 compartment atatien
from 1100 to 2000m (a.m.sl.) distributed over agaanf 10.93 ha near Kingal and Galani of
Kumarsain Range. FoPinus wallichiana, Cedrus deodara, Abies pindrowd aRicea
smithiana stands were selected iompartment no. 41-a and 41-b in Chhichar forest
(Narkanda) distributed at elevation from 1500m @@n over an area of 41.31ha and 46.57

ha, respectively of Kumarsain Range.

After through survey of the area, thirty trees eatthight DBH class (10-20cm to 80-
90cm) and in each DBH class, ten trees each raqnegetrees of height range i.e. large,
medium and small height were selected and in 48l trees each fdPinus roxburghii,
Quercus leucotrichophora, Pinus wallichiana, Cedesodara, Abies pindrovand Picea
smithianawere measured for diameter latast height (DBH) and tree Height. Volume of
trees was calculated and transformed into biomsisg specific gravity. Branch and foliage
biomass of each species was estimated using BEFoatndiomass of trees was calculated
by using root-shoot ratio (IPCC, 2003).

The actual data on DBH and total Height with stestume and total biomass carbon
were used in the calibration of various linear awod-linear models. The functions having
high value of adjusted Rlowest calculated chi-square values and lowesilSHU statistic
values were preferred for further investigation aetected functions were finally subjected
to cross-validation to ensure its adequacy. Thergaffindings of the investigation are

summarized as under:

. The values of adjusted® Reveals that power function performed well whenHD&nd

tree Height regressed on stem volume and biomast®maAmong DBH and tree



Height; DBH is the best predictive variable foriesition of stem volume and tree

biomass carbon.

Power function were best fitted for all the 9psdo estimate stem volume based on
DBH with adjusted Rvalues asPinus roxburghii(0.98) Pinus wallichiana(0.99),
Cedrus deodara (0.97Rbies pindrow(0.97), Picea smithiana(0.98) & Quercus
leucotrichophora0.96). Similarly, for tree Height, the power fuioct was best fitted
with adjusted R values each foPinus roxburghii(0.95) Pinus wallichiana(0.88),
Cedrus deodara(0.88), Abies pindrow(0.88), Picea smithiana(0.88), Quercus
leucotrichophora(0.86). For DBH predictor variable, on the basisadjusted R
value, the power function was best fitted for eation of stem volume with adjusted
R 2 values ranging between 0.96 to 0.99<at0 cm and >0 cm (DBH respectively
and were highly significan®(is 0.05 for each dbh range).

Adjusted R values for tree biomass carbon with DBH as independariable are as:
Pinus wallichiana(0.99), Picea smithiana & Pinus roxburgh{0.98), Abies pindrow

& Cedrus deodara0.97), Quercus leucotrichophor0.96). Similarly adjusted R
valuesfor biomass carbon with tree Height as independganible were as:Pinus
roxburghii (0.99, Pinus wallichiang0.93), Cedrus deodar#0.88), Abies pindrow &
Picea smithiana(0.87), Quercus leucotrichophord0.75). For model using tree
Height alone, on the basis of adjustédvBlue, the power function was best fitted for
total biomass carbon with linear and non-lineaatrehships produced relatively poor
adjustedR ? values ranging fror.75 to 0.95 (for different height ranges) and were
highly significant P is 0.05 for each tree height).

Regression analysis of various linear and noralinfunctions reveals that all
functions showed significant values of adjustédtRt chi-square test of goodness of
fit and Theil's-U statistic proves that power fuioct outperform all other functions.
DBH is the best predictive variable for estimatioh stem volume and biomass

carbon.

Regression analysis also indicates that valuedjpfsted B cannot be taken the sole
criteria in judging the performance of a predictimodel because even the models
with high value of adjusted®Rould not pass the test of cross-validation. Theleho
{Y=a(X)"} is the best fit for the data to predict stem vokiand biomass carbon.
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CONCLUSIONS

Both DBH and tree Height independently were sigaitfit variables for the estimation

of tree volume and tree biomass carbon.

The power function was the best fitted functionsoag all functions, based on

adjusted R values.

The model prediction was nearly correct and selec@iables for the model are

correct.

The biomass carbon prediction model areRisus roxburghii (C=0.000012B°%%),
Quercus leucotrichophoréC=0.0000533°%%, Pinus wallichian&C= 0.0000215%9,
Cedrus deodaraC=0.000010B3°%%9), Abies pindrow(C=0.000021B°%") and Picea
smithiana(C=0.0000105°%%.

Finally, to the scope of future work, the proposeatdel formulated and validated may

be tested for large number of sample trees witferdiht diameter classes using advanced

validation techniques. The information generatedildide of great help to the foresters and

forest biometricians in particular for the estirnatiof volume and biomass carbon of species

under study.
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APPENDIX -1

Biomass Expansion Factor, Specific Gravity and R:$atio of different forest tree

species
SAMPLE TREES BEF REFRENCES SG REFRENCES RSR REFENCES
Pinus roxburghii 1.91 |Rawat and Tandon (19939.491 | Rajputt al (1985) | 0.21| IPCC (2003)
Pinuswallichiana 1.91 |Rana and Singh (1990) 0.4R7 Kumar (1 1998) QIPTC (2003)
Cedrus deodara 1.40 |IPCC (2003) 0.468 Rajpetal (1985) | 0.27| IPCC (2003)
Abies pindrow 1.51 | Haripriya (2000) 0.340 IPCC (2003) 0.21 1PQGQG3)
Picea smithiana 1.51 | Haripriya (2000) 0.380 IPCC (2003) 0.21 1PQGQO3)
Quercus 1.91 |Rana and Singh (1990) 0.8p6 Rattidl (2002) | 0.39| IPCC (2003)

leucotrichophora

APPENDIX-II

ANOVA

TABLES

ANOVA 1 Allometric linear and non-linear equations for estimation of stem volume of
Pinusroxburghii trees based on DBH and tree Height variable (Tablé)

DBH
Equation R Square F df Sum of squares
Linear 0.93 3197.049 1 897.60
Logarithmic 0.77 814.538 1 746.35
Power 0.98 16544.086 1 610.07
S 0.97 7962.974 1 592.36
Exponential 0.88 1843.821 1 540.32
Tree height
Equation R Square F df Sum of squares
Linear 0.72 632.942 1 700.88
Logarithmic 0.52 259.339 1 502.90
Power 0.95 4496.660 1 579.40
S 0.73 670.562 1 450.26
Exponential 0.92 9094.435 1 594.51




ANOVA 2 Allometric linear and non-linear equations for estimation of stem volume of
Quercusleucotricophora trees based on DBH and tree Height variable (Tablg)

DBH
Equation R Square F df Sum of squares
Linear 0.81 1031.912 1 429.26
Logarithmic 0.63 416.588 1 336.10
Power 0.96 5670.643 1 473.31
S 0.91 2341.374 1 447.67
Exponential 0.90 2161.556 1 444.26
Tree height
Equation R Square F df Sum of squares
Linear 0.73 655.548 1 387.55
Logarithmic 0.52 261.460 1 276.53
Power 0.75 705.518 1 366.77
S 0.59 344.768 1 291.76
Exponential 0.74 690.566 1 366.77

Pinuswallichiana

ANOVA 3 Allometric linear and non-linear equations for estimation of stem volume of
Pinuswallichiana trees based on DBH and tree Height variable (Tablé)

DBH
Equation R Square F df Sum of squares
Linear .880 1748.356 1 1069
Logarithmic .706 570.361 1 857.10
Power .990 23675.427 1 573.25
S .927 3037.847 1 536.94
Exponential 918 2656.454 1 531.40
Tree height
Equation R Square F df Sum of squares
Linear 0.79 902.558 1 448.55
Logarithmic 0.61 372.050 1 372.59
Power 0.93 3205.474 1 550.80
S 0.80 944.402 1 486.11
Exponential 0.92 2814.782 1 529.87




ANOVA 4 Allometric linear and non-linear equations for estimation of stem volume of
Cedrus deodaratrees based on DBH and tree Height variable (Tablé)

DBH
Equation R Square F df Sum of squares
Linear .882 1786.537 1 974.76
Logarithmic 716 599.549 1 790.73
Power 973 8484.086 1 641.97
S .959 5621.927 1 615.89
Exponential .853 1384.071 1 547.77
Tree height
Equation R Square F df Sum of squares
Linear .600 356.994 1 662.76
Logarithmic 409 164.573 1 451.57
Power .882 1774.508 1 566.05
S 731 647.805 1 469.48
Exponential 871 1607.055 1 559.16

ANOVA 5 Allometric linear and non-linear equations for estimation of stem volume of
Abies pindrow trees based on DBH and tree Height variable (Tabl8)

DBH
Equation R Square F df Sum of squares
Linear .848 1324.200 1 1155.01
Logarithmic .665 495.050 1 920.76
Power .970 7724.743 1 509.08
S .926 2991.914 1 486.10
Exponential .881 1760.571 1 462.28
Tree height
Equation R Square F df Sum of squares
Linear .709 580.678 1 967.06
Logarithmic 522 260.224 1 712.12
Power .866 1542.544 1 454.63
S .749 712.064 1 393.31
Exponential .826 1130.249 1 433.49




ANOVA 6 Allometric linear and non-linear equations for estimation of stem volume of
Picea smithiana trees based on DBH and tree Height variable (Tabl®)

DBH
Equation R Square F df Sum of squares
Linear 0.84 1206.567 1 1143.83
Logarithmic 0.65 438.841 1 887.91
Power 0.98 10558.306 1 610.04
S 0.88 1704.465 1 547.34
Exponential 0.93 3147.961 1 579.94
Tree Height
Equation R Square F df Sum of squares
Linear 0.71 1176.174 1 967.06
Logarithmic 0.52 417.609 1 712.12
Power 0.87 1554.032 1 454.67
S 0.75 502.601 1 393.31
Exponential 0.83 1309.821 1 433.49

Biomass carbon

ANOVA 7 Allometric linear and non-linear equations for estimation of biomass carbon
of Pinusroxburghii trees based on DBH and tree Height variable (Tabl&0)

DBH
Equation R Square F df Sum of squares
Linear 931 3197.029 1 561.38
Logarithmic 74 814.566 1 466.79
Power .984 15056.520 1 605.93
S 974 8875.352 1 599.44
Exponential .882 1783.649 1 543.05
Tree height
Equation R Square F df Sum of squares
Linear 727 632.906 1 438.34
Logarithmic 521 259.352 1 314.53
Power .953 4844.647 1 586.69
S 749 710.912 1 461.13
Exponential 973 8505.500 1 538.75




ANOVA 8 Allometric linear and non-linear equations for estimation of stem volume of
Quercus leucotricophora trees based on DBH and tree Height variable (Tabl&l)

DBH
Equation R Square F df Sum of squares
Linear .813 1031.854 1 230.47
Logarithmic .636 416.579 1 728.75
Power .960 5654.782 1 473.36
S .908 2341.685 1 447.85
Exponential 901 2157.137 1 444.34
Tree height
Equation R Square F df Sum of squares
Linear 734 655.554 1 840.09
Logarithmic 523 261.463 1 599.44
Power .748 705.980 1 368.98
S .592 345.301 1 292.06
Exponential 744 690.356 1 366.88

ANOVA 9 Allometric linear and non-linear equations for estimation of biomass carbon
of Pinuswallichiana trees based on DBH and tree Height variable (Tabl&2)

DBH
Equation R Square F df Sum of squares
Linear .884 1819.651 1 533.86
Logarithmic .708 576.483 1 427.29
Power 991 26642.151 1 573.62
S 931 3208.405 1 538.43
Exponential 917 2644.829 1 530.62
Tree height
Equation R Square F df Sum of squares
Linear .789 891.566 1 476.49
Logarithmic .608 369.477 1 367.17
Power 931 3199.328 1 538.28
S .801 958.782 1 463.35
Exponential .920 2753.481 1 532.26




ANOVA 10 Allometric linear and non-linear equationsfor estimation of biomass
carbon of Cedrus deodara trees based on DBH and tree Height variable (Tabl&3)

DBH
Equation R Square F df Sum of squares
Linear .882 1785.654 1 253.15
Logarithmic 716 599.292 1 250.34
Power 971 7974.624 1 625.97
S .960 5727.653 1 618.98
Exponential .851 1355.763 1 548.38
Tree height
Equation R Square F df Sum of squares
Linear .600 357.002 1 172.13
Logarithmic 409 164.528 1 117.26
Power .883 1789.930 1 568.19
S .736 663.063 1 474.38
Exponential .869 1578.489 1 560.18

ANOVA 11 Allometric linear and non-linear equationsfor estimation of biomass
carbon of Abies pindrow trees based on DBH and tree Height variable (Tabl&4)

DBH
Equation R Square F df Sum of squares
Linear .848 1324.098 1 178.98
Logarithmic .675 495.027 1 142.59
Power .970 7712.054 1 508.84
S .926 2993.643 1 145.92
Exponential .881 1759.745 1 462.65
Tree Height
Equation R Square F df Sum of squares
Linear .709 580.681 1 149.77
Logarithmic 522 260.228 1 110.29
Power .866 1543.951 1 454.84
S .750 712.987 1 393.27
Exponential .826 1130.406 1 433.49

Vi




ANOVA 12 Allometric linear and non-linear equationsfor estimation of biomass
carbon of Picea smithiana trees based on DBH and tree Height variable (Tabl&5)

DBH
Equation R Square F df Sum of squares
Linear .840 1251.941 1 220.03
Logarithmic .651 444904 1 170.59
Power .979 10903.750 1 606.37
S .879 1731.098 1 544.72
Exponential .930 3145.473 1 576.02
Tree height
Equation R Square F df Sum of squares
Linear .829 1154.042 1 217.08
Logarithmic .635 414.844 1 166.39
Power .866 1537.914 1 536.57
S .678 501.534 1 420.20
Exponential .845 1300.222 1 523.74

vii




Department of Sibulture and Agroforestry
Dr Yashwant Singh Parmar University of Horticulture and Forestry
(Nauni) Solan (HP) - 173230 India

Title of the thesis : “Biomass cadn estimation of important
North-Western Himalayan tree species”
Name of the student : ADITI SHARMA
Admission Number : F-2014-37-M
Degree Awarded : M.Sc. Forestry
Major Discipline : Forestry
Minor Discipline : Silviculture
Date of Thesis Submission : /02/2017
No. of pages in thesis X 55+I1
Major Advisor : Dr D.P. SHARMA
ABSTRACT

The present investigation entitled “Biomass carkstimation of important North-Western
Himalayan tree species” was carried out in Kumargainge of Kotgarh Forest Division of Himachal
Pradesh located, at latitude°840” to 31°4250” N and longitude 741850" to 7758E at elevation
from 1050-3215 m above mean sea level (a.m.sl.inguyear 2015-2016 to develop allometric
models for estimation of tree volume and tree bssrzarbon of important north-western Himalayan
tree species viz.Pinus roxburghii, Pinus wallichiana, Cedrus deodarabies pindrow, Picea
smithianaand Quercus leucotrichophora Thirty trees each of eight DBH class (10-20cm8@
90cm) representing trees of all height range lieege, medium and small height were measured for
diameter abreast height (DBH) and tree Height. Volume of $re@s calculated and transformed into
biomass using specific gravity. Branch and folidiemass of each species was estimated using
biomass expansion factor and root biomass of tneescalculated by using the guidelines of IPCC
(2003). All biomass values were transferred to bi@enass carbon by a factor of 0.5. Various linear
and non-linear relationships were developed takd®BH and tree Height as predictor variables
individually. Out of linear and nonlinear functigerived for the estimation of volume and biomass
carbon based on DBH and tree Height, the powertifume were best fitted for all the species under
study with significant adjusted’Rralues. Adjusted Rvalues for biomass carbon with diameter at
breast height as independent variable wasPawis wallichiana(0.99), Picea smithiana & Pinus
roxburghii (0.98) Abies pindrow & Cedrus deodaréD.97), Quercus leucotrichophorg0.96).
Similarly, adjusted Rvaluesfor tree biomass carbon with tree Height as inddpahvariable were
as:Pinus roxburghii(0.95), Pinus wallichiang0.93),Cedrus deodar#0.88), Abies pindrow & Picea
smithiana(0.87),Quercus leucotrichophor.75). However, in this research, Model comparigod
selection was based on adjustet §bodness of fit and Theil’'s-U statistics that evéinally cross-
validated to ensure further adequacy. The allometddels developed in the present study can be
utilized for future estimation of tree volume amneet biomass carbon of species under study.
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