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Abstract 
A practical definition of forest biomass is “the total amount of aboveground living organic matter in trees expressed as oven-dry tons per unit 

area”. Terrestrial carbon sequestration is the process of storing atmospheric CO2 as carbon in the stems, roots of plants and in soil. Estimating of 
biomass can give an idea of the amount of carbon dioxide (CO2) that can be removed from the atmosphere by forests and plantations. Mapping, 
measuring and monitoring of biomass are now central issues due to the importance of biomass estimation in many ecology-related research areas. 
The estimation of biomass is a challenging task, especially in areas with both complex stands and varying environmental conditions, requiring 
accurate and consistent measurement methods. To efficiently and effectively estimate terrestrial biomass amount, it is important to have detailed 
knowledge of its distribution, abundance, and quality. Non-conventional approaches such as remote sensing (RS) and Geographic Information 
Systems (GIS) technologies offer the mean to enable rapid assessment of terrestrial biomass over large areas relatively quickly and at low cost. 
Indeed, RS and GIS have great potential in current estimation, future prediction and management of terrestrial carbon. In this regard, the deployment 
of an integrated RS / GIS solution for precision carbon management has high potential significance. This paper provides a mini review of biomass 
and carbon sequestered assessment using innovative non-conventional methods as compared to traditional conventional methods.
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Introduction
Carbon sequestration is becoming an essential component in 

the fight against global warming. Forests act as large carbon pools 
where CO2 in the atmosphere is converted massively to biomass in 
the plant by photosynthesis process. Afforestation projects and land 
use conversion to forest (reforestation) can be used to earn carbon 
credits and reduce the carbon footprint, hence providing a long-
term reduction in greenhouse gases (GHGs) levels through carbon 
sequestration [1]. This attitude has a growing interest among 
policymakers and governments [2]. Plantation cropping as a land 
use system has the potential to contribute to carbon stocks, maintain 
soil biodiversity and improve soil fertility [3]. Precise carbon stock 
estimation is a necessary step to define carbon emission mitigation 
strategies and programs at the local and regional level [4]. This kind  
of studies is necessary for a better understanding of the long-term  
behavior and drivers of carbon sequestration under different global 
climate change scenarios [5].

The total carbon stock in any terrestrial ecosystem is the sum 
of carbon in living biomass, dead biomass and soil [6]. Eggleston et 
al. [7] has listed five terrestrial ecosystem carbon pools involving 
biomass: above-ground biomass (AGB), below-ground biomass 
(BGB), litter, woody debris and soil organic matter [7]. Of these 
five, AGB is the most visible, dominant, dynamic and important 
pool of the terrestrial ecosystem. AGB contributes to atmospheric 
carbon fluxes to a much greater extent due to fire, logging, land 
use changes, etc., and so is of much greater interest. Therefore, it is 
necessary to keep monitoring it continuously not only a single date 
mapping. However, estimation of forest biomass rises scientific 
challenges to identifying feasible approaches to assess carbon at 
national level [8].

Traditional biomass assessment methods based on field 
measurements are the most accurate methods; however, they 
are difficult and unpractical to conduct over large areas and for 
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broad-scale assessments [9]. These difficulties make monitoring 
activities more costly, time consuming, and labor intensive [10]. 
Recently, remote sensing (RS) procedures have been applied to 
natural resources management and biomass assessment. RS has the 
ability to obtain forest information over large areas with repetitive 
coverages, at reasonable cost and with acceptable accuracy. 
Moreover, the integration of remote sensing data into GIS models 
will benefit from both technologies; bringing ancillary and field 
data into the analysis and producing more reliable estimation of the 
AGB and carbon sequestered.

The aim of this study is twofold: (1) to review conventional 
methods for estimating forest biomass and carbon sequestered 
including destructive and non-destructive methods, and (2) to 
review non-conventional methods that use RS and GIS as innovative 
techniques applied to biomass studies and carbon assessment.

Conventional Methods
Background

These include direct (destructive) and indirect (non-
destructive) methods. The direct method which is the most precise 
method for determining carbon biomass by destructively harvest 
all plants, partition each into various constituent components (e.g. 
stem, branches, leaves, flowers, fruits, roots) and subsequently 
determine the carbon content of the various components 
analytically OR calculated as a fraction of measured biomass 
(indirect) [9]. The destructive methods of biomass estimation are 
limited to a small area due to the destructive nature, time, expense 
and labor involved and sometime illegal especially for trees. In 
addition, these methods ultimately rely on ground measurement 
and can cause severe destruction to the forests as well as a risk of 
environmental deterioration [10,11]. The indirect methods include 
the estimation based on allometric equations (§ Allometric sub-
section) or through non-conventional methods using RS and GIS (§ 
non-conventional section).

Two routes for achieving sequestered carbon estimation: First, 
estimating soil organic carbon (SOC) which is part of soil organic 
matter (SOM). Second, estimating vegetation biomass which can be 
achieved by estimating the AGB and then deriving the remaining 
components; BGB, Litter and Debris, from the AGB as shown in 
(Table 1). The most common way for estimating SOM is through 
soil sampling at various layers and then, the SOC is estimated 
using total combustion method, as explained by Walkley & Black 
[12]. The content of SOC included in SOM may change depending 
on many factors (ecosystems, type of organic residues and land 
management, etc.). Many studies estimate SOC from SOM using the 
conventional factor of 1.724 (~ 58% of SOM). This figure is widely 
used and has appeared in many studies and published papers in 
the last century; while Brady & Weil [13] concluded that this value 
(58% of SOM) probably applies only to highly stabilized humus 
[13]. After his statistical analysis of 481 studies, Pribyl [14] found 
that conventional factor varies from 1.35 to 7.50 with a mean 
value of 2.20, concluding that any single-number conversion factor, 
universally applied, has the potential for serious error when used to 

estimate the carbon content of soils [14]. However, recent studies 
have accepted a generic quick, simple and inexpensive coefficient of 
57% for measuring SOM as percent of SOM [15].

Table 1: Calculation methods of stored carbon components in terrestrial 
ecosystems.

No Component Stored C Calculation Method Source

1 AGB Destructive OR Non-destructive Methods [8]

2 BGB 20% of AGB [16]

3 Litters 
10-20% of AGB [17]

4 Debris

5 SOC Total combustion method [12]

Where AGB is above ground biomass, BGB is below ground biomass 
(root biomass), SOC is soil organic carbon, and SOM is soil organic 
matter.

Allometric Biomass Equations 
The main objective in developing allometric equations is to 

avoid destructing forests when estimating their biomass and 
provide a cost effective and environment-friendly option since it 
is done without harvesting [18]. In general, allometric equation is 
a statistical model to estimate the biomass of the trees using their 
biometrical characteristics which are non-destructive and simpler 
to measure. Therefore, nondestructive methods through allometric 
relationships are increasingly used. Such equations have also 
been proven to be fast, inexpensive, and more suitable for large-
scale estimation of forest carbon stocks [6]. Allometric models 
are commonly used in forest inventories and ecological studies 
[18]. The models relate biomass of an entire tree or individual 
tree components (e.g., stems, branches, leaves or roots) to one 
or more easily tree variables and dendrometric measures (e.g. 
height, diameter breast height or crown size) [19]. The proportions 
between height and diameter, between crown height and diameter, 
between biomass and diameter follow rules that are common to all 
trees that are grown under the same conditions; and become more 
useful in uniform forests or plantations with similar aged stands 
[20]. The selection of appropriate and robust models, therefore, 
have considerable influence on the accuracy of estimates obtained 
[21]. It is worth to mention that the goal of using allometric 
equations is estimating biomass without the need to cut trees, but 
the equations must be based on destructive sampling of vegetation 
somewhere before they can be applied generally and they still 
need to be validated which requires cutting and weighting some 
trees components [9]. The number of trees destructively sampled 
to build allometric equations differ from one study to another. 
Currently, there is no consensus on the number of trees that should 
be sampled, as this is often dependent on resource availability 
and permission to harvest trees [9]. For example, Russell [24] and 
Deans et al. [25] used 15 and 14 trees, while Brown et al. [22] and 
Khalid et al. [23] used only 8 and 10 trees, respectively; to build 
their allometric equations [22–25]. In their study of oil palm 
plantations of Benin forests, Aholoukpè et al. [26] used 25 palms 
from several ages and different genetic origins to build a species 
specific allometric equation [26]. However, recent study showed 
that small sample size yield biased allometric equations [27].
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Generally, there is no specific procedure to build allometric 
equations yet there is a recommended guideline for documenting 
allometric equations [28]. Jara et al. [28] recommended that 
researchers should only report all the details in methods section 
of how they build up their equations. Furthermore, sampled trees 
should be randomly selected, regardless of health condition or 
degree of damage, because sampling only trees with fully intact 
structural characteristics will likely result in an equation that 
overestimates biomass for the general case. In this respect, data 
outliers should not be removed simply to improve model fit metrics 
[9]. There are many existent allometric equations. For example, 
the GlobeAllomeTree database contains over 706 equations from 
Europe, 2843 from North America and 1058 from Africa [29]. 
Some are volume equations, while others are biomass equations. 
According to the Brown & Lugo (1992) method, the biomass can 
be calculated from volume of the biomass per hectare (VOB/ha) 
by using a generalized volume model, wood density and a biomass 
expansion factor [21]. One of the limitations of volume equations is 
that it can only be applied to stem while biomass equations cover a 
wide range of vegetation components [30]. Allometric models can 
be developed for individual species or multiple species (mixture 
of species) to represent a community or bioregion and can be 
developed to cover specific sites, regional or pan-tropical scales 
[9,21]. The multi-species equations built because it is practically 
difficult to develop allometric equations for all species present in 
the ecosystem [31]. For example, in their work in tropics, Chave et 
al. [32] has shown that one hectare of tropical forest may shelter 
as many as 300 different tree species [32]. So, the multi-species 
allometric models offer methodological efficiencies for biomass 
estimation compared to those developed for individual species at 
specific locations. However, they have the potential to misrepresent 
local, species- or community-specific variations and anomalies, 
and therefore can lead to increased error and fail to capture both 
variations in forest type and diversity of the natural vegetation 
communities [21]. Therefore, tailored equations designed for 
specific species are needed for more accurate biomass estimation. 
Such equation is still conditioned by the ecological zone where 
the equation had been built. Hence weakening the estimation’s 
accuracy of the actual forest AGB when the equation is used in 
another area or region [33]. Due to the different characteristics 
of plant species from site to site, preexisting equations developed 
at locations that are different from the one in consideration may 
have limited applicability, even if the equation is species-specific 
[9,10]. In their review of allometric equations in Asia, Yuen et al., 
(2016) concluded that applying existing allometric equations 
out of convenience is potentially a key source of uncertainty in 
above- and below-ground carbon stock estimates in many Asian 
landscapes [9]. The selection of allometric equations can influence 
local, regional and global biomass estimates, therefore, there is an 
importance of site-specific equations for accurate estimation of 
biomass as generalized equations can overestimate AGB by 50% to 
65% [11]. The locally developed models are expected to provide 
less uncertainty than generic equations [34]. Site and species 
specific allometric models should logically provide a greater level 

of accuracy at a given location to assist the assessment of biomass 
carbon sequestration and that make the locally built equation 
a better option to produce more accurate site-specific biomass 
estimation [11]. Finally, since the choice of the equations is the first 
critical step, there has been a rapid increase in efforts to develop 
locally appropriate equations [29].

The mathematical model commonly used for modeling 
aboveground biomass is based on the power function [9]. This was 
founded on the basis that the growth of a plant is characterized by 
the relation of proportionality between its total biomass and its size 
[35]. Biometric variables measured in plant species were considered 
as independent variables (diameter breast height, total height, 
crown variables, stem height, etc) and incorporated into a power 
function model [36]. The allometry based on power model have 
good reliability as indicated by high coefficient of determination 
indices [37]. Researchers involved in the development and 
application of biomass allometric equations are faced with many 
challenges. One of them is the choice between simple bivariate 
power-law (typical allometric) functions and models with multiple 
predictors [29]. Different variables (structural and non-structural) 
were considered when building biomass allometric equations. Most 
equations for above-ground biomass, or biomass of any component 
(stem, branch, leaves, other) use equations with diameter and/or 
height as independent variables. Other variables such as girth, basal 
area and crown dimensions have been used even less frequently—
usually in special cases [9]. Using wood density, when it is available, 
as a predictor is considered as significantly improving the biomass 
prediction equation when dealing with multispecies dataset [32]. In 
their study to investigate the allometric equations in China, Cheng 
et al. [30] found that the most frequently used predictive variable 
in single-variable models is diameter at breast height (DBH), and in 
two-variable models are DBH and tree height while wood density 
and crown diameter are presented in more complicated models [30]. 
They found that diameter variables have a dominant proportion of 
87.4% of the surveyed equations. However, DBH showed a weak 
correlation with biomass quantity in specific species, like palm 
for example [38,39]. Age as a predictor used in estimating the 
biomass in many studies as there is a linear correlation between 
age and biomass accumulation [1,40–42]. Many studies have 
highlighted the importance of tree height as predictor variable in 
the aboveground biomass equation [3,10,19,35]. Crown variables 
as indicators for biomass estimation became more interesting as a 
result of improving RS technologies. Furthermore, more than one 
allometric equation can be developed for each plant species. The 
reasons behind that can be: (1) difference in ecoregion sites that 
these equations developed for (Tropical or Amazonian forests ..etc), 
(2) the decision of the developers of the allometric equations and 
choosing of the suitable variable/s (height, DBH, trunk height, etc.) 
to work as input (independent variable) to the model, (3) the use of 
the allometric equations to cover either specific parts of the plant 
(AGB, crown biomass, trunk biomass, etc.) or specific age (young, 
mature, mixed, etc.), and (4) the selection of the mathematical 
equation form (power, linear, algorithmic, etc.). Finally, more 
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recently, allometric equations have been used, coupled with remote 
sensing (RS) and field-based structural variables measurements 
[35,43]. For example, Cheng et al. [30] recommended to develop 
more equations with different field structural variables that can be 
linked to RS predictors [30]. Likewise, Jucker et al. [44] suggested 
in their review of allometric equations to develop a new generation 
of allometric equations that estimate biomass based on attributes 
which can be remotely sensed [44].

Non-Conventional Methods
Background

Non-conventional methods that used RS and related technologies 
such as GIS have proved to be practical and cost/time effective. 
During the preparation of this review, 156 articles related to AGB 
estimation by non-conventional methods, were covered (Figure 1). 
Three quarters of these used optical sensors (with different spatial 
resolutions) and the remaining quarter used active sensors (almost 
equally between RADAR and LiDAR sensors). For optical sensors, 
half of these studies used coarse spatial resolution (>100 meter) 
like MODIS and SPOT VEG sensors. Around one third of studies that 
used optical sensors estimated the biomass by moderate spatial 
resolution (~10-100 meter) like Landsat, IRS, and SPOT sensors 
while around 20% of the studies used fine spatial resolution data 

(submeter to 5 meter) like IKONOS, Quickbird and World View 
sensors. RS can provide data over large areas at a fraction of the 
cost associated with extensive field works and enables access to 
inaccessible places. Data from RS satellites are available at various 
scales, from local to global, and from several different platforms. 
There are also different types of data both Passive, such as optical 
and thermal remote sensing sensors, or Active, such as Radar and 
LiDAR sensors, with each has its own advantages and disadvantages 
[45]. On the other hand, GIS is a platform hosting spatial databases 
capable of assembling and integrating geographically referenced 
data, running spatial analysis, integrating various types and formats 
of spatial data, building spatial models enabling the prediction of 
future scenarios, and allowing for good management of forests. The 
estimation and modelling of carbon sequestered using RS and GIS 
methods is receiving an increasing attention and usage due to the 
multiple benefits they offer to scientists. To improve the accuracy 
of estimating AGB, integration of more than one sensor is becoming 
a trend as well as the integration with GIS-based approaches. More 
than 46 articles were reviewed that integrated both approaches. 
The trend is increasing in order to improve the accuracy of AGB 
estimates in plant species levels, instead of forests in general or 
mixed species.

Figure 1: Data types used in AGB estimation using non-conventional methods in 156 studies were covered in this review since 1984.

Although RS proved efficient in saving time and money however, 
this technology cannot achieve its goal without additional field and 
data measurement. Nevertheless, the amount of fieldwork required 
with RS is largely reduced. This should not lead to totally reject 
traditional methods in estimation AGB, rather taking the advantages 
of non-conventional methods to accelerate and enhance existing 
methods through process integration and modelling [46]. RS data 
are used as input data to GIS, where GIS is then used as a spatial 
platform for data layering and database building to perform spatial 
data analysis and map creation. Not only does this save time but 
also allows for faster and better communication between research 
centers across the globe [47]. 

Remote Sensing data types for estimating AGB

RS-based approaches have become popular due to their 
unique characteristics in data collection and presentation that 
can detect spatial variability, spatial distributions, patterns of 

forests and estimate their changes over time [48]. To address this 
methodological issue and provide biomass information in different 
environments, different techniques and sensors have been applied 
and tested. RS, both active and passive, provide some of the 
most time-efficient and cost-effective approaches to derive AGB 
estimation at regional and national scale. Optical, RADAR, and light 
detection and ranging (LiDAR) data have been extensively used to 
estimate AGB with a variety of methods [4]. Despite the successful 
application of any sensors in AGB estimation, there are challenges 
related to acquisition costs, area coverage (swath width), and 
limited availability. RS data are nowadays abundant and widely 
available for a fraction of the cost required only a decade ago. 
For example, archived and recent Landsat imageries are available 
and are freely downloadable from USGS website providing a 
globally consistent record from 1972; other resources are being 
published and added to the internet. Furthermore, these data are 
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captured with various, radiometric, spectral, spatial and temporal 
resolutions, hence meeting the needs for AGB detection, mapping 
and assessment. Selecting the “right” sensor is associated with the 
specific data availability of the area under study, project budget, 
technical skill requirements for data interpretation and software 
packages. The resolutions of the sensors used are pre-defined to 

meet the researcher’s needs and specifications, although it happens 
that a specific sensor’s data are the only available for a study area. 
Many software packages can perform digital images processing and 
spatial analysis like ERDAS imagine, ENVI, ArcGIS and other open 
source software. These packages are relatively easy to use and can 
produce exceptional results.

Optical sensors
Table 2: A summary of limitations and benefits of Optical, RADAR, and LiDAR sensors used for estimating the Above Ground Biomass (AGB) of 
standing forests.

Sensor Types Approaches/ Resolutions Limitations Benefits

Optical Sensors

Course Resolution Spatial (>100 m) Examples: 
MODIS, AVHRR, NOAA, METEOSAT and SPOT 

Vegetation

- Average R value 0.58 with average 
predictive error equal 42% 

- Availability of data with huge 
datasets archived 

- Saturation of spectral data at high 
biomass density

- Estimation and mapping of AGB 
at continental and global scale

- Mismatch between the size of 
field plots, field measurements and 

pixel size (mixed pixels)

-Repetitive with high temporal 
frequency increasing the proba-

bility of acquiring cloud-free data

- Clouds cover - Provide consistent spatial data 

- Limited to discriminate vegeta-
tion structure - Cost effective (FREE)

- Average R value 0.68 with average 
predictive error equal 32% -Provide global consistent data

- Single pixel can encompass many 
tree crown or non-crown feature

- Archived datasets back to 1972 
for Landsat

 Medium Spatial Resolution (10-100 m) Examples: 
TM Landsat, ETM+, OLI and SPOT

- Nonreliable indicators of biomass 
in closed canopy structure - Small to large-scale mapping 

- Not all texture measure can effec-
tively extract biomass information - Low / Free costs 

Fine Spatial Resolution (<5 m) Examples: Quick 
bird, WorldView-2, and IKONOS

- Need large data storage and pro-
cessing time

- Average R value 0.75 and aver-
age predictive error (27%) 

- More expensive when it applies 
on large areas - Estimate tree crown size

- High cost -Validation at localized scale

Hyperspectral Many, very narrow, and contiguous 
spectral bands Examples:  AISA Eagle, HYDICE and 

ALOS

-Clouds cover -Average R value 0.83

-High cost -Allows discrimination of subtler 
differences (species level)

-Suffer from band redundancy and 
saturation in dense canopy

-Potentiality for the future of RS-
based biomass estimation models 

-Computationally intensive and 
technically demanding 

-Integration with LiDAR can 
improve results.

RADAR Sensors

Approaches involve the use of either backscatter 
values or interferometry techniques Examples: 

Microwave/radar i.e. ALOS PALSAR, ERS-1, Envisat 
and JERS-1.

-Not accurate in mountainous 
region due to spurious relation be-
tween AGB and backscatter values.

-Measure forest vertical structure

-Signal saturation in mature forests 
at various wavelengths (C, L and P 

bands)
-Generally free 

-Polarizations (e.g., HV and VV) 
problems

-Can be accurate for young and 
sparse forest

-Low spatial resolution makes it 
inaccurate for AGB assessment at 

the species level.
-Repetitive data

-Cannot be applied on any vege-
tation type without taking note of 
stand characteristics and ground 

conditions.

Can give an average R value equal 
0.74 with average predictive error 

equal 25%.

 

Integrating RADAR with multi 
source data (optical, microwave 

data and GIS modeling tech-
niques) is a promising approach.
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LiDAR Sensors Using laser light Spatial Resolution: (0.5 cm – 5 m) 
Examples: Carbon 3-D

- Repetitive at high cost and logis-
tics deployment

-Penetrate cloud cover and 
canopy

-Requires extensive field data 
calibration

-Among all sensors option, LiDAR 
is the easiest in extraction tree 

attributes for estimation AGB with 
great accuracy

-Highly expensive
-Accurate for estimating forest 

biomass in all spatial variability 
(sparse, young or mature forests)

-Technically demanding
-The Average R value is equal 0.89 

with average predictive error 
equal 14%

 
-Potentiality for satellite-based 
system to estimate global forest 

carbon stock

Optical sensors, sometimes called passive sensors, are RS 
systems relying on visible and reflected infrared light. These sensors 
record solar radiation reflected by vegetation canopies, which is 
empirically related to biomass. The passiveness of optical sensors 
limits its ability to penetrate clouds cover and misestimating of AGB. 
However, the optical imagery-based technologies are commonly 
used for biomass estimation due to high correlations between 
spectral bands and biomass [48]. Their radiometry is influenced 
by the vegetation structure, texture and shadow and thus indirectly 
correlated with AGB [49]. Near infrared band, in general, is the 
most prominent band in separating tree crowns from background 
by giving the highest contrast consistently [50]. Optical sensors 
vary in their spectral resolutions (multispectral/ hyperspectral 
sensors), spatial, radiometric and temporal resolutions and have 
their successes and limitations (Table 2).

Active sensors (RADAR and LiDAR)

Active sensors are the sensors that emit and record backscatter 
values or interferometry technique in a portion of the electromagnetic 
spectrum [51]. Two methods usable in the quantification of carbon 
sequestration because of their capabilities and functionalities in 
measuring changes in biomass. They are Synthetic-aperture radar 
(SAR) which depend on microwave backscattered values and Light 
Detection and Ranging (LiDAR) which emit and record laser light 
(near-infrared) [51]. Many studies showed the ability of active 
sensors to estimate forest biomass more accurately than optical 
sensors [52,53]. The most important advantage of active sensors in 
studying the biomass is that its signals can measure forest vertical 
structure and it does not saturate in biomass densities compared 
with the optical sensors.

RADAR RS has gained importance for AGB estimation in recent 
years due to its cloud penetration ability as well as vegetation 
structural information that can be collected through RADAR 
sensors [45]. While airborne RADAR systems have been operating 
for many years, space-borne systems such as Terra-SAR, ALOS and 
PALSAR have become available since 2000 [54]. This has enabled 
repetitiveness and cost-effectiveness. The benefits associated 
with RADAR in the process of quantifying carbon sequestration 
is the fact that its signals are not hindered by tree canopies and 
thus its capabilities of obtaining the required data even in regions 

with dense forest canopies [55]. It can measure forests vertical 
structure and can penetrate vegetation to different degrees and 
provides information on the amount and three-dimensional (3-
D) distribution of structures within the vegetation [45]. Table 2 
summarizes the limitations and benefits of RADAR sensors for AGB 
estimation studies.

LiDAR is a relatively new technology and is promising in 
biomass estimation. Especially its power in sampling the vertical 
distribution of canopy and ground surfaces, hence providing 
detailed structural information about vegetation. Consequently, 
estimations of basal area, crown size, tree height and stem volume 
are done more accurately. A number of studies have built strong 
correlations between LiDAR parameters and AGB [56–64]. LiDAR 
is either airborne or the technique can also be achieved on land 
[65]. Because of its high resolution, it can carry out measurements 
penetrating even the densest canopies to a point of interest beneath 
the forest cover. LiDAR is currently the most accurate sensor 
technology to estimate forest structure. Table 2 summarizes its 
main limitations and benefits.

Conclusion and Recommendations
This study is the result of consensus of thousands of scientific 

papers over the last five decades. Estimation of AGB and monitoring, 
modeling and management of carbon sequestration using non-
conventional methods such as RS and GIS proved to be practical 
and feasible and provide an adequate validation and accuracy 
assessment approach. These innovative methods can provide a 
practical alternative especially for developing countries, which lack 
accurate maps, for measuring, mapping, monitoring, modeling and 
management of their carbon stock in biomass and soil. This will 
certainly lead to soil productivity, plant productivity, food security 
and the implementation of land degradation protocols.

The different scenarios practiced in estimation of forest 
biomass have their advantages and disadvantages. The fieldwork 
measurements method is the most accurate but need a lot of 
time, expense and labor. Building allometric equations can avoid 
the destructive aspect of the fieldwork’s method as well as all its 
disadvantages. Unfortunately, most of allometric equations are 
developed for mixed species and not a tailored equation for a 
specific species. Furthermore, with the advent of new technologies 

http://dx.doi.org/10.33552/WJASS.2019.04.000579


Citation: Salem Issa, Basam Dahy, Taoufik Ksiksi, Nazmi Saleous. Non-Conventional Methods as a New Alternative for the Estimation of 
Terrestrial Biomass and Carbon Sequestered. World J Agri & Soil Sci. 4(1): 2019. WJASS.MS.ID.000579. DOI: 10.33552/WJASS.2019.04.000579.

World Journal of Agriculture and Soil Science                                                                                                                     Volume 4-Issue 1

Page 7 of 8

such as remote sensing and GIS, it becomes necessary to build new 
allometric equations that are integrable to and correlated with 
remote sensing variables, for example, crown and height attributes. 
Building databases that provide researchers and decision makers 
with information about the rate of carbon sequestered and stored 
by each plant species, especially those that have economic value, 
will fill the gap and increase our understanding of the potentiality 
of plant species and ecosystems types for sequestering atmospheric 
carbon.

Nonetheless, RS alone is not sufficient, as soil samples and 
verification of results by ground truthing, are required in some 
stages in any estimation of biomass researches. The best fit 
methodology relies on both fieldwork as well as analysis of RS data. 
Measuring forest biomass remotely and consistently over large 
areas greatly varies with the type of instrument and the platform. 
However, these difficulties could be overcome by using different 
sensors options, innovative methods and avoiding the limitations 
that relate to many aspects like scale, technical, costs, error 
associated & uncertainties. High spectral, spatial and temporal 
resolution RS data and active sensors, like RADAR and LiDAR, are 
preferred, however, moderate resolution satellite and free data, like 
Landsat for example, is effective to estimate the biomass, hence 
the carbon stock and estimate the historical conditions of a forest. 
Developing algorithms that combine more than one remote sensor 
is highly important to tackle the estimation of AGB in order to 
estimate carbon sequestration. Merging and fusion techniques of 
more than one data has the potential to reduce uncertainty errors 
in biomass estimation. In AGB estimation studies, it is important to 
consider the effects of bioclimatic factors depending on parameters 
like plant age, species, forest type, rainfall, topography, vegetation 
structural variations, heterogeneity of landscapes, and seasonality. 
One of the common challenges to achieve this is to map the spatial 
pattern of vegetation and soil carbon and produce geo-referenced 
estimates of carbon to give a better understanding of carbon 
dynamics and quantify the regional and global carbon budget. In 
addition, it provides a strong knowledge to decision makers to 
identify where is the most essential to be focused on.

The field-based measurement and non-conventional methods 
introduced has the potential to help improve carbon estimation 
to reduce emissions resulting from deforestation and forest 
degradation. Therefore, it can be applied to enhance the decision-
making process on sustainable monitoring and management of 
carbon sequestration like afforestation, reforestation, and forest 
conservation projects.
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