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Title 

 A 3D Simulation Study Of The Potential Of Full Waveform Lidar To Detect and 

Quantify Tropical Forest Degradation in Madagascar

Abstract

This study looked at the potential of full waveform lidar to extract diameter at breast height and stem 

count and link these structural parameters with degradation. This was achieved by carrying out a series 

of lidar simulations in a 3D computer model of a virtual forest. The virtual forest was based on a field 

survey of a forest in Madagascar carried out by Dr. Kerry Brown. The simulations were  carried out 

using the Librat ray tracing software developed by Prof. Lewis and Dr. Disney at UCL. The 

simulations looked  at the effect of varying lidar beam divergence on the extraction of structural 

parameters and subsequently determined if this had an effect on the quantification of degradation. The 

study successfully extracted  stem count and DBH and was able to link them to degradation via a 

simple linear regression model. The R2 value of the best model was 0.99. 
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Introduction

Deforestation and Degradation 

Deforestation in both tropical and temperate regions has been an ongoing process throughout human 

existence (Skole and Tucker, 1993). Tropical deforestation has large impacts on the terrestrial carbon 

cycle and acts to increase CO2 levels in the atmosphere (Skole and Tucker, 1993). This acts as an 

important driver of climate change. Much deforestation is driven by conversion of forest to agriculture 

(Skole and Tucker, 1993) but logging of trees for the economic value of their wood is also an important 

aspect. 

Forests  cover  a  third of Earths  land area (Macauley and Sedjo,  2011).  Tropical  forests  have been 

recognised as particularly important because although they cover less than 10 % of Earth's land surface 

(Harper, G et al, 2007) they contain 45 % of carbon contained in above ground biomass (Harper, G et 

al, 2007). It is thought that they remove more atmospheric carbon than any other terrestrial ecosystem 

(Gibbs, H., et al, 2007). The majority of the carbon is stored in the tree biomass itself but is also present 

in  understory  litter  and  soil  organic  matter  (Gibbs,  H.,  et  al,  2007).  Deforestation  is  thought  to 

contribute between 7 and 17% to global  greenhouse gas emissions  (GHC's) (Macauley and Sedjo, 

2011). Although some authors put the figure for tropical forest as high as 20 % (Olander, L., et al,  

2008). In raw tonnage this equates to between 1 and 2 billion tonnes of carbon each year (Gibbs, H. et 

al, 2007).  Deforestation and degradation of tropical forest thus causes an increase in atmospheric CO2 

and helps drive climate change (Gibbs, H. et al, 2007 ). Their impact is not restricted to the carbon 

cycle  (Ingram,  J.,  2004).  They  also  play  a  vital  role  in  maintaining  biodiversity  and  providing 
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ecosystem services for society (Ingram, J., 2004). 

The rate of removal of tropical forest has been estimated at 0.5 % per year but in some regions is  

thought to be as high as 5.9 % (Harper, G., et al, 2007). These figures suffer from a high level of 

uncertainty (Harper, G., et al, 2007) (Macauley and Sedjo, 2011) and consequently it is recognised that 

more effort is needed to quantify the situation more accurately (Macauley and Sedjo, 2011). Impacts in 

terms of biodiversity loss are also thought to be large (Olander, L., et al, 2008). Especially as removal  

of trees tends to have a positive feedback in terms of more destruction occurring (Harper, G., et al, 

2007). 

Definitions 

Although  they  are  interlinked  it  is  useful  to  clarify  the  difference  between  deforestation  and 

degradation.  This is because they are driven by slightly different processes and manifest themselves in 

different ways within forest ecosystems. Deforestation can be though of as a prolonged reduction in 

tree crown cover below 10 - 30 % (Olander, et al., 2008). Degradation is considered to be a change in 

the density of biomass in a forest that doesn't result in a reduction of crown cover below the 10-30 % 

level (Olander, et al., 2008). For the purposes of this report degradation will be considered a reduction 

in forest crown cover that does not fall below 30% of the total forest area. 

REDD 

It is recognised that minimizing the emissions of carbon caused by degradation and deforestation of 

Ben Grundy MSc Remote Sensing



 Page 6/67

tropical forests is crucial to slowing climate change (Gibbs et al., 2007). This has led to a realisation 

that economic incentives need to be in place to encourage countries to protect their forests. This is all 

the more important considering that many of the worlds most important forest areas are in developing 

countries where money and resources to spend on forest protection are scarce. As a result proposals  

were  put  forward  for  a  protocol  called  Reducing  Emissions  from  Deforestation  and  Degradation 

(REDD) (Olander, L., et al., 2008) as a component of the United Nations Framework Convention on 

Climate Change Conference of  the Parties in Bali (2007) (Olander, L., et al,  2008)(Macauley and 

Sedjo, 2011). 

The proposals suggested that countries be compensated for preventing loss of forest compared to a 

baseline scenario (Gibbs, H. et a.l, 2007). This has become possible due to the development of carbon 

markets (Macauley and Sedjo, 2011) and the ability of countries to be compensated by selling spare 

carbon credits  to  others  (Gibbs,  H. et  al.,  2007).  A secondary benefit  is  that  this  may provide an 

incentive (and finance) for developing countries to invest in their  own forest assessment programs 

(Macauley and Sedjo, 2011). 

This project fits into the REDD process because of the need to understand the extent of degradation 

better (Olander, L., et al., 2008). In addition, in some areas a baseline level of degradation still needs to 

be established (Saatchi et al., 2011). Measuring degradation rates is an integral part of this process 

(Saatchi et al, 2011). 

The challenges of measuring degradation
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Degradation and deforestation both provide different challenges with regard to measurement and study. 

Degradation can be thought of in terms of internal changes in a forest and is thus more subtle than 

deforestation (Ingram., 2005). As a result deforestation is understood much better. This is borne out by 

the results of a brief literature search on the Web of Science citation index. A search for the terms 

"tropical forest  deforestation" yielded 2339 papers,  while  "tropical  forest  degradation" yielded 827 

papers. While this is a crude measure it illustrates the greater extent to which deforestation in tropical  

ecosystems has been studied. There is thus a need to understand degradation much better.

Much of the focus historically has been on Amazonian rain-forest due to the fact it is the biggest area 

of  continuous  tropical  forest  in  the  world  (Skole  and  Tucker,  1993).  The  issue  of  tropical  forest 

degradation is not limited to the Amazon. If protocols such as a REDD  are to be effective  tropical  

forest  degradation  will  need  to  be  understood  and  quantified  elsewhere.   This  report  will  use 

Madagascar as an important and unique area of tropical forest that has currently not been studied to the 

extent of other places. 

Madagascar is an example of a country that contains a lot of tropical forest and is thus a very important 

example of areas where the REDD process may be expected to work. It has a very high amount of  

endemic species that are present only in the forests of Madagascar (90%) (Chouteau, 2004). The high 

amount of endemic species in Madagascar is due to the Madagascan landmass separating from Africa 

and  India  165  million  years  ago  and  70  million  years  ago  respectively  (Chouteau,  2004).  As  a 

consequence, it is considered of high importance to protect the biodiversity of the island. (Chouteau, 

2004). The fact that only 22% of the 18900km2 primary forest in Madagascar is protected(Chouteau, 

2004)  means that tracking degradation is all the more important. 
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Remote sensing and degradation

As a consequence of the difficulties in carrying out traditional ground based surveys, many techniques 

have been developed using remote sensing.  It is accepted that in future much of the monitoring of 

tropical forests will be done via methods that use satellites (Asner, G. et al., 2005).

The  utility  of  satellite  optical  sensors  compared  with  traditional  ground  based  field  methods  is 

unarguable with these traditional methods being responsible for missing 50% of damage to canopies 

caused by logging operations (Asner, G. et al., 2005).  Satellite sensors can also cover vast areas and 

naturally lend themselves to automated analysis techniques (Asner, G. et al., 2005).  However, most 

sensors (Landsat, AVHRR and MODIS) can only measure forest carbon via indirectly linking known 

ground observations with satellite vegetation measurements (Gibbs et al., 2007).

Traditional optical sensors used to monitor deforestation are not very good at monitoring degradation 

(Asner, G. et al. 2005). They are beset by difficulties due to the inability of sensors to see through 

cloud and smoke (Macauley and Sedjo  2011). This problem is particularly difficult in tropical areas 

where cloud cover is common. High resolution airborne photography techniques could potentially fill 

this gap but are too costly to be of use (Macauley and Sedjo  2011). This is especially so when it is  

taken into account that tropical forests tend to be in developing countries. 

Optical satellites such as MODIS, Landsat and SPOT are also not very effective at detecting small  

scale changes such as those shown by degradation (Gibbs et al., 2007). It has been suggested that small 
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scale change will need to be monitored via a combination of large scale satellite based monitoring with 

smaller scale observations taken on the ground (Gibbs et al., 2007).

Radar

RADAR methods have a great advantage over optical methods in that they provide vertical information 

when looking from above and can penetrate cloud cover (Gibbs et al., 2007). As a consequence they 

can detect the ground beneath the trees as well as structural information throughout the tree profile 

(Gibbs et al., 2007). This gives an ability to estimate tree height which can be used with allometric  

relationships to determine biomass (Gibbs et al., 2007). Examples of systems which can do this are 

ERS-1, JERS-1 and EnviSat (Gibbs et al., 2007). The downside is that the radar signal saturates at a 

biomass level that is quite low (Gibbs et al., 2007). Consequently, radar methods are only of real utility 

in young or homogeneous forest (Gibbs et al., 2007). One of the key areas of degradation measurement  

is detecting changes in forests that are old. Therefore radar is not very useful.  

Tree height in combination with the diameter at breast is the normal method by which biomass is 

measured in  forests  (Macauley and Sedjo  2011).  This typically takes  the form of  estimating tree 

volume  using  regression  and  sampling  methods  (Macauley  and  Sedjo   2011).  Of  the  techniques 

available radar is considered the most accurate but is effective only in low density forest (Macauley and 

Sedjo  2011). This is a problem in tropical forests that tend to be high density

Lidar
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Lidar  enables  structural  information  about  a  canopy  to  be  derived  and  enables  useful  forestry 

assessment parameters such as diameter at breast height (DBH), canopy height, crown diameter, stem 

count, basal area, vertical foliage profile and leaf area index (LAI) to be measured (Yao, T. et al., 

2011). As a consequence lidar systems can be used to quantify tree biomass (Yao, T. et al., 2011). 

Lidar methods encompass a wide range of techniques. Some, such as discrete lidar measure a number 

of returns from the lidar signal while others such as full waveform lidar sample the signal at discrete 

intervals enabling more information to be gleaned during post processing. The main advantage of full  

waveform lidar is that you end up with greater information regarding both the physical structure of the 

surface being illuminated and its back-scattering properties (Mallet and Bretar, 2009). Lidar systems 

can be mounted on satellites, planes and also used terrestrially. 

In discrete return systems the return time of a laser pulse is used to determine the ground and top of the  

forest canopy (Gibbs et al., 2007). Carbon biomass can then be determined via allometric relationships 

(Gibbs et al., 2007). This type of technique can fail when forests stop getting taller but continue to 

accrue biomass in other ways, such as getting wider stems (Gibbs et al., 2007). The ability of larger  

footprint lidar to measure forest carbon is greater than that of both optical and microwave methods 

(Gibbs et al., 2007). 

Airborne and space based full waveform systems such as LVIS and GLAS have been used to look at 

forest  height  and  forest  structure  in  the  vertical  plane  with  some success  (Yao,  T.  et  al.,,  2011). 

However, when assessing degradation and thus biomass removal the most directly relevant parameters 

are those of DBH and stem count (Yao, T. et al.,, 2011). Direct measurements of  forest parameters 
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such as DBH are not possible without inference from calibrated ground measurements (Gibbs et al.,  

2007) using air  and spaceborne systems. Additionally,  these systems are very costly (Gibbs et  al., 

2007). Most satellite based full waveform systems are either experimental or not available until the 

future (Gibbs et al, 2007). A good example being NASA’s DESDynI system which isn’t planned to be 

launched until 2014 (Gibbs et al., 2007). In the meantime, forest carbon measurement will be reliant on 

a combination of satellite imagery and ground based measurement (Saatchi et al.,  2011). It is now 

becoming accepted that structural parameters such as stem count and DBH are best measured using 

ground based lidar (Yao, T. et al., 2011). 

Terrestrial Laser Scanning

The Echidna system is an experimental full waveform terrestrial lidar system that has been designed for 

the measurement of forest structural parameters (Strahler et al., 2008) . It has successfully been used in 

many recent studies to derive forest  structural parameters (Yao, et  al.,  2011) (Lovell,  et  al.,  2011)

(Strahler., et a., 2011) . Of particular interest are the studies carried out by Lovell, 2011 and Yao, 2011 

as these studies successfully extracted DBH and stem count. DBH and stem count are considered to be 

the most direct methods of measuring forest degradation.  

The Echidna  system is  still  in  its  experimental  stages  and has  not  yet  been fully commercialised. 

Recently, full-waveform survey  scanners have become commercially available (Leica, 2011) (Riegl, 

2011).  These  present  the  possibility that  cheap commercial  scanners  may be used  for  degradation 

studies. The cost of carrying out surveys is a problem for many developing nations. Consequently, an 

ability to use relatively cheap commercial  scanners might make it  easier for developing nations to 
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participate  in  the  REDD protocol.   Unlike  the  Echidna  system they do  not  operate  over  the  full 

hemisphere. 

The study

The main  aim of  the  study is  to  develop a  terrestrial  lidar  method for  the measurement  of  forest 

structural parameters and relate them to degradation. The study aims to assess the effectiveness of full  

waveform lidar for this purpose. In particular, the study aims to model the type of cheap full waveform 

lidar that is commercially available now or may become so in the near future. With this in mind the 

study aims to look at the potential of Echidna type and currently available commercial scanners. 

In order to do this the study will use simulations to determine if full waveform lidar can extract suitable 

structural parameters and establish their relationship with degradation. It will also take into account and 

assess some of the practicalities of using such a system in the real world. 

Aims  

The aims of the project are:

• To create a model of the forest surveyed in Madagascar

• To simulate the lidar response of the trees in this model 

• To extract stem count from the lidar response 
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• To extract tree position  from the lidar response

• To extract DBH from the lidar response

• To relate the DBH and Stem count to degradation

Method

The method involved four distinct stages. These were creating and degrading a virtual forest, carrying 

out lidar simulations, processing raw lidar data and analysing the processed data. Each stage will be 

dealt with in the following sections. 

Data

Real world data were collected during a field survey in Madagascar by Dr. Kerry Brown. The survey 

collected  tree  height  and DBH for  all  trees  within  7  40  m2 forest  plots.  In  total  1034 trees  were 

measured over a combined area of 1200 m2. The tree density over the area was 0.09 trees per m2.  The 

tree density as well as the height and DBH distributions were used as the basis of the virtual forest.

Virtual forest creation 

An initial 100 m2 forest scene was created. It was populated with  900 trees and had a density of 0.09 

trees per m2 to match the field survey data. The initial scene was considered to be the baseline or  

“pristine” scene upon which all  other scenes were based.  All  experiments were conducted with a 
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virtual lidar system placed within this scene. 8 replica scenes were placed around the edges of the scene 

to create a virtual forest of 300 m2 . This is illustrated in Diagram 1. 

The scene was replicated to avoid edge effects occurring if the lidar beam left the area of the initial 

scene. The initial scene could have been made bigger but this would have involved a bigger computer 

memory overhead compared to replicating a smaller scene.  

Population of the forest with trees

Ben Grundy MSc Remote Sensing
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The initial  forest  scene was populated with 3D virtual  trees  created  using the OnyxTree software 

(OnyxTree, 2011). The software generates trees based on broad leaf tree archetypes. 5 different tree 

archetypes were created. These were based on the tree height and DBH distribution of the surveyed 

forest in Madagascar. The tree heights were based on the midpoint of each bin in a 5 bin histogram. 

From each height bin a 3 bin DBH histogram was produced. The mid point of the middle bin was used 

as the DBH for each height class. 

15 trees were originally going to be used corresponding to the 5 heights classes and 3 DBH classes for 

each. The computer processing time and memory overhead required to carry out simulations on these 

trees was too great.  

The 5 tree archetypes were produced with and without leaves.  This was because the file  size and 

memory overhead of trees without leaves was much less. This enabled simulations to be run more 

rapidly when the tree canopy was not required. 

There were no data from the field survey regarding the size of each tree canopy. The canopies were 

created to be about 30 % of the tree height. This was based on a visual interpretation of a photo taken 

by Dr. Kerry Brown at one of the field survey sites. This is shown in Image 1.
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A summary of the 5 archetypes used is shown in Table 1. with their height and DBH values. 
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Image 1

Table 1

Tree archetypes used to populate the virtual forest

Archetype Height (m) DBH (m)
1 5.3 0.172
2 10.82 0.209
3 16.3 0.346
4 21.78 0.628
5 27.26 0.675



 Page 17/67

Placement of trees within the forest

The  tree  archetypes  were  randomly  placed  within  the  virtual  forest  with  the  proportion  of  each 

matching that  of  the  DBH and height  distributions  of  the  survey data.  Each tree  was set  to  be  a 

minimum of  1 m away from the others. This prevented trees being placed on top of each other. It also 

reflects the fact that competition for resources between trees means they do not grow close together 

(Begon, 2006). 

The trees were placed randomly. This was because there was no data regarding how the trees were 

positioned in space. 

Degradation of the forest scene

4 degraded scenes were created from the pristine (0 %) degradation scene. These were evenly spaced to 

cover the range between 0 % (pristine forest) and 70 % degraded forest.  The degradation levels were 

17.5 , 35, 52.5 and 70 %.  The 70 % value was chosen as the top figure for degradation based on the  

definition given by Ollander et al., 2005. Degraded forest is considered deforested land once 70 - 90 % 

of trees are removed. The lower figure was chosen for the study because it represents a more cautious 

view of the situation. 

Each degraded scene was created by randomly removing trees. The trees removed were selected from 

those considered of value to loggers. It is known that in Madagascar loggers tend to prefer large trees 
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as they are used for construction purposes (Ingram, 2005). Consequently trees were removed from 

large size classes first. The tree removal process was done incrementally so that trees removed from the 

17.5 % scene would also be removed in the other degradation scenes.  This represents the fact that once 

removed by logging it is going to take many years for another tree to take its place, if this occurs at all. 

 

An image of part of the virtual forest obtained using optical simulation is shown in Image 2.
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Validation

To validate the virtual forest as representative of the real world, hemispherical reflectance photos were 

simulated.   These were acquired at  ground level  and faced upwards  at  each site  along the survey 

transect.  The leaf  area  index  (LAI)  of  these  photos  as  calculated  by the  simulation  software  was 

compared to a real world LAI value. The real world value was derived from hemispherical photos 

taken  by Dr.  Kerry  Brown  during  a  field  survey in  Madagascar.  The  LAI  of  these  images  was 

calculated  using  the  Can-eye  software.  This  carries  out  a  classification  of   images  into  sky and 

vegetation (Weiss, 2010). The software uses the result of the classification along with the parameters of 

the camera used to take the images  and derives an estimate of LAI.  Hemispherical  photos are  an 

established technique for measuring LAI in forests (Cescatti,  2007). 

Simulations

Simulations were carried out using the Librat monte-carlo ray tracing software. It has been used for 

similar  remote  sensing  studies  in  the  past  (Disney,  et  al.,  2006).  The  software  used  a  library  of 

materials to determine reflectance of objects within the simulation. The trees within the study were 

characterised as lambertian. 

Outline of the experiments

Three  experiments  were  carried  out   using  a  different  lidar  beam divergence  for  each.  The beam 

divergences were  5 mrads (0.286 degrees), 10 mrads (0.572 degrees) and 15 mrads (0.858 degrees). 
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Each experiment simulated 5 different levels of forest degradation. These levels were 0, 17.5, 35, 52.5 

and 70 % degradation. At each degradation level the lidar response was simulated at 7 different sites. 

These took the form of a  transect through the forest at 10 m intervals. These are illustrated in Diagram 

2.

At each site the lidar was placed 1.3 m above  ground and orientated at a zenith angle of 89 degrees. 

This meant the sensor was horizontal and almost parallel with the ground plane. At each site a series of 

lidar “shots” were simulated across a 45 degree azimuthal scan angle. Each shot was spaced 5, 10 or 15 

mrads from the previous one depending on the experiment. This meant the lidar beam had continuous 

horizontal coverage.  A diagram illustrating this for the 5 mrad experiment is shown in Diagram 3. 
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Each “shot”  simulated a full waveform lidar. The intensity of return was sampled every 0.25 m over a 

range of 25 m for every “shot”.  An example waveform return illustrating this is shown in Diagram 4. 
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The Y axis on the diagram has been cut short so the intensity peaks can be seen better.  The peak at the 

range limit represents lidar energy that did not return into the path of the sensor. It is slightly beyond 

the 25 m range limit due to the effect of multiple scattering. 

The reasoning behind the experiment set up is explained in more detail in the following sections. 

Lidar
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Full waveform terrestrial lidar systems (TLS) are now commercial available. Three examples are given 

in Table 2. with their key features (Riegl, 2011) (Leica, 2011) . 

An experimental full waveform TLS  called Echidna has also been developed (Strahler et al, 2008). It 

is  designed  to  measure  forest  structural  parameters  (Strahler  et  al.,  2008).  The  instrument  has 

successfully been used to measure tree stem diameters (Lovell, et al., 2011)  and stem counts (Yao, et 

al 2011)

Echidna operates at a wavelength of 1064 nm (Strahler, et al., 2008) . This is the same wavelength as 

airborne lidar systems such as LVIS   and satellite systems such as GLAS that  have been used to study 

forest structure (Anderson et al, 2006) (Sun, et al., 2008). The beam divergence can be varied between 

2 and 15 mrads (Strahler, et al, 2008) . It can operate up to 100 m (Strahler, et al, 2008). Most studies  

have operated the lidar with a beam divergence of 5 mrads (Strahler, et al, 2008) (Lovell, et al 2011) 

Yao, et al., 2011). The system can also scan the full hemisphere (Strahler, et al., 2008). 
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Table 2

Commercial Full Waveform Laser Scanners

Make Model Wavelength Min. Range (m) Max. Range (m) Beam divergence
RIEGL VQ-180 Near Infra Red N/A 150
RIEGL VZ-400 Near Infra Red 1.5 50 – 300 
LEICA HDS6200 Near Infra Red N/A 50 – 70 

0.3 mrads
0.3 mrads

  0.22 mrads
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For the three experiments detailed in this report the lidar system was based mainly on the experimental 

Echidna scanner but was designed so that it was  similar to what was available commercially. The 

commercial systems don't specify what wavelength they use other than near infra red. Consequently, 

the wavelength chosen was 1064 nm as this had been successfully used with the Echidna scanner in 

forestry studies. 

The beam divergence was set to 5 , 10 and 15 mrads for the three experiments. The literature (Strahler,  

et al, 2008) (Lovell, et al 2011) (Yao., et al 2011) has focused on using 5 mrads. It was thought useful  

to see what effect a wider beam divergence had. In airborne studies a wider footprint has proved more 

effective at extracting forest structural parameters, albeit at a much greater footprint size than that given 

by  5-15  mrads  in  these  experiments.  The  very  small  beam divergence  given  by  the  commercial 

scanners  was not  simulated.  This  was because  it  would  have required  many more azimuthal  lidar 

“shots”  which would have been computationally expensive. While the system used in the experiments 

was designed to reflect real systems, the aim of the experiments was to see what sort of lidar system 

would be most effective at extracting stem count and DBH, and linking these to degradation. With this 

in mind it was thought more interesting to look at the issue of beam divergence.

The experiments used a scanner with a fixed zenith angle. This reflected the commercial systems in  

use. Extracting stem count and DBH without having to carry out multiple scans in the vertical plane 

saves considerably time in a typical survey. The zenith angle chosen was 89 degrees. 90 degrees would 

have been used but wasn't  possible  due to the limitations of the ray tracing software used for the 

simulations. This gives a horizontal view of the forest. This was chosen because tree stems do not vary 
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much vertically.  Detecting stems is thus a case of looking for horizontal differences in lidar returns. 

The lidar system was set to scan over a 45 degree azimuthal angle with continuous horizontal coverage. 

This  meant  the  angular  step  of  each  lidar  shot  was  the  same  as  the  beam  divergence  for  each 

experiment. The continuous horizontal coverage means that a return should be acquired for all tree 

stems within view of the lidar. 

The lidar was set at a height of 1.3 m. This is the height defined for DBH measurements . It also means 

the lidar beam avoids ground vegetation and other obstacles that would be present in a real forest. 

Commercial and experimental scanners can operate over distances up to hundreds of meters. In reality 

this isn't achievable due to environmental conditions. In tropical forest the density of vegetation  also 

causes problems when scanning over large distances. Consequently, the lidar was set to sample over a 

25 m range. The footprint of the lidar beam at 25 m was 0.125 m , 0.25 m and 0.38 m for 5, 10 and 15 

mrad beam divergence.  

Sampling survey

In total lidar data were collected at 7 different sites following the transect in Diagram 2. Each site was 

10 m from the last. This distance was chosen so that there would be an overlap of lidar returns when 

the 25 m scan range was taken into account. It was thought that this might improve the detection and  

measurement of trees within the combined area of the survey sites. If a tree cannot be detected by the 

sensor at one site it was thought that it would  cause lidar returns in an overlapping site.  The raw  lidar 
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return data will be processed on a site by site basis. Processing will also be carried out on raw data  

pooled across all sites. Comparing the stem count and DBH extraction of the two methods will allow a 

better understanding of whether trees are being significantly occluded. 

The lidar was placed at the X  -1 position at each site. This was to avoid the sensor being too close to  

trees  which  would  cause  most  trees  in  the  plot  to  be  occluded.  This  was  chosen  from a  visual 

interpretation of tree positions within the forest.

Processing of the raw lidar data 

The  three  experiments  produced  “raw”  lidar  data  for  each  “shot”  simulated.  These  consisted  of 

intensity returns for each sampling bin up to the sampling range of 25 meters. Each lidar shot produced 

such data and had an associated azimuthal angle. The angle and distance values allow lidar returns to 

be positioned in 2 dimensional Cartesian space.  

The extraction of stem count , tree position and DBH data required that the raw lidar data be processed. 

An outline of the processing pipeline is shown in Diagram 5.  
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The main aim behind the processing pipeline was to keep the methodology  simple. Throughout each 

stage it was borne in mind that the objective was to extract structural parameters that can be used to 

define degradation. The aim wasn't to produce the most accurate estimation of stem count or DBH 

although this was desirable and helped the aims of the project. Each part of the processing pipeline will 

be considered in more detail in the following sections. Example graphs will be shown for the site at X 

-1 Y 0 at the 0 % degradation level. They are representative of other sites and degradation levels. 
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Multiple scattering 

The Librat simulation software was set to record 10 levels of multiple scattering. Multiple scattering 

occurs when a lidar signal is reflected off an object and hits at least one other object before being 

reflected back into the path of the lidar sensor. The first stage of processing was to add up the intensity 

returns from multiple scattering in each sampling bin. This produced return intensity versus distance 

for  each  “shot”  across  the  azimuthal  range  for  each  degradation  level  and  experiment.  A  plot  

illustrating this was shown in Diagram  4 .

Peak extraction

The peaks in the intensity versus distance plots are the locations of objects that have intersected the  

lidar beam. In the simulations carried out they represent potential lidar hits on tree stems. Peaks can be 

thought of as changes in intensity over distance. They are composed of a rise  in intensity followed by a 

fall.  The peaks were extracted using a simple algorithm that exploited this feature.  The algorithm 

detected when intensity values were rising. Once this had occurred peaks were extracted at the point 

where  intensity  started  to  drop.  The  intensity  value  and  distance  bin  of  the  peak  were  recorded. 

Essentially, the algorithm looked for drops in intensity following a rise. The peak extraction function 

python code is shown in Appendix 1.

 

Projection into 2 D space 
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To aid visualisation and enable further processing to be carried out the lidar peaks were projected into 

2D Cartesian coordinates. This involved simple trigonometry to convert from polar coordinates given 

by azimuth angle and peak distance. 

Fig. 1 shows an example of peaks extracted from raw lidar data in xy space. The position of the virtual 

trees is also marked on the figure. The dotted lines show the area that the lidar system sampled within. 

It can be seen that a large number of returns do not correspond with real tree positions. These returns 

are caused by multiple scattering. A scattered signal does not take a straight line to an object before 

being bounced directly back to the sensor. To the sensor it appears that it has traveled this distance in a 
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direct line. Consequently the lidar records the signal as having traveled a greater straight line distance 

than it has. Therefore returns are recorded as originating from positions that they didn't originate from, 

such as behind a tree.

 

Thresholding

Multiple scattered returns have a much lower signal intensity than non scattered returns. They can be 

removed by thresholding. Returns with a signal intensity lower than a specific figure are removed. The 

signal data revealed there were many returns of the order of magnitude of 10 -8  . There were also a 

number of multiple scattered returns at higher intensity levels. Analysis of the histograms of returns 

showed that most of the multiple scattered returns fell below 0.01. This histogram is not shown because 

the number of returns was so great below 0.01 that the peaks corresponding to data above 0.01 could 

not  be  seen.  The data  was thresholded so  that  any returns  below 0.01 were removed.   A plot  of 

thresholded data (Fig 2) shows much better correlation between real tree positions and the projected 

lidar return positions once this has been carried out. Data were also thresholded if they fell beyond the 

25 m lidar range.
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Small objects such as low level leaves and twigs also cause returns of low intensity. It is common 

practice in the literature to remove these returns by thresholding (Lovell et al., 2011) (Yao, et al, 2011). 

Group Extraction

The clusters of returns corresponding to actual trees can visually be distinguished in Fig 2. However, 
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manually  counting  these  groups  is  not  feasible  on  a  large  scale.  It  also  prevents  more  complex 

computer based analysis.  An automated method of grouping these returns into individual trees was 

required.  

Initially a hierarchical clustering methodology was considered. This is a technique that is often used to 

analyse ecological data (Borcard et al., 2011). It is an effective way of revealing underlying structure in 

data (Borcard et al., 2011). However, the interpretation of the output is highly subjective. Usually a 

dendrogram is produced showing a “tree” of the data points and relations between them. The issue with 

extracting groups based on this method is that the dendrogram can be cut at different points to produce 

different sets of groups (Borcard et al., 2011). The choice of where to cut the dendrogram is essentially 

arbitary and relies on subjective experience even when automated methods are available. It was thus 

decided to pursue a simpler approach. 

All trees at the original study site had DBH values of less than 1 m. Most of them substantially so.  

Trees  are  unlikely  to  be  within  1  m  of  each  other  for  biological  reasons  as  outlined  earlier. 

Thresholding removes low intensity returns from multiple scattering and smaller objects such as twigs 

and leaves. This means there is clear space between groups of  returns. An algorithm was devised that 

exploited these characteristics. 

Each return was considered a point. The algorithm computed the distance between each point and that  

of all others. Each point then had the location of points within 1m assigned to it. This created a set of 

point groups. Groups derived from the same tree cluster could be expected to contain the same set of 

points.  Duplicate  groups  of  points  were  then  removed.  This  left  a  set  of  unique  groups  of  points 
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corresponding to potential trees. The number of groups then corresponds to the number of detected 

trees. The python and csh scripts for doing this are shown in Appendix 2.

A plot  illustrating this  procedure is  shown in Fig 3.   The different  groups are  shown in different 

colours.  There is some duplication of colours assigned to groups due to limitations in the plotting 

software. Each distinct visual group is a unique set of points. 
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Tree positions and counts

The number of groups extracted gives the stem count for each site. The effectiveness of this method for 

locating real trees was assessed by turning these groups into actual tree positions. The first method 

used the coordinates of the maximum intensity return within each group. You would expect a higher 

intensity return when the lidar is reflected from a bigger area . In the context of this study the closer a  

point is to the horizontal mid point of a tree the bigger the return that could be expected. Therefore the  

biggest intensity is likely to be the middle of the front of the tree.  The actual center of the tree could be 

derived by combining this information with DBH information. For the purposes of this study this is not  

necessary. 

The second method averaged the x and y values for each group. This could be expected to produce 

point locations closer to the tree center. This is because lidar returns from the very edge of a tree are 

likely to be further back than the front of the tree. This can be seen by the slightly arced shape of the 

return values around each tree in the thresholded returns shown previously in Fig 2. 

The maximum intensity positions are shown in Fig 4 and the averaged xy positions are shown in Fig 5.  

It can be seen that they both determine the tree position (or at least the front of the tree) reasonably 

accurately. This indicates that the tree extraction and grouping methods are effective.  
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It can be seen visually that there is little to distinguish the two methods. There are however some 

unusual  points in  the plot.  The reason for  this  is  unknown. It  may be an artifact  of the grouping 

methodology used.

Extracted tree counts were compared against the counts expected from the virtual forest. To do this the 

extracted coordinates and the real tree coordinates were put through a python script that treated the 

lidar scan area as a triangle. The barycentric coordinates of each point were calculated and used to 
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determine if they fell within the triangle. Barycentric coordinates are commonly used for this purpose. 

(Hansford, D, 2007). The code for this is shown in Appendix 3.

DBH extraction

The DBH extraction was based on the fact that lidar will only produce a return if it hits an object. 

Therefore due to the continuous horizontal coverage of the scanning method used there should be a 

return from each side of a tree (as viewed side on). The DBH values for each group were calculated by 

working out the biggest distance between any two points within the group. 

The sample binning  resolution (0.25 m) may effect the accuracy of this. The spread of the lidar beam 

can also be expected to result in overestimation of DBH. However, the main aim of the study is to link  

changes  in  DBH to  degradation.  The accuracy or  lack of,  is  likely to  be  consistent  and therefore 

changes in DBH can still be linked to degradation. 

Analysis

The aim of the study was to link stem count and DBH to degradation.  This meant that further analyses 

of stem count and DBH values extracted for each experiment were required.  The data analysis was 

carried out on data extracted on a site by site level for each experiment. It was also carried out on data 

pooled across all sites. Both sets of data were put through the lidar processing pipeline that has been 

described earlier. The following analyses were performed on the 5, 10 and 15 mrad experiments. 
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Stem count data

The  stem  count  data  for  each  experiment  was  intended  to  be  the  main  metric  for  determining 

degradation within the forest.  This was due to the fact that removal of trees via logging has a direct 

impact on the number of trees within a forest. 

The experimental stem count for each site and degradation level was compared to that expected. The 

percentage difference between the two was calculated and averaged. In the case of the site by site 

method this was averaged across all sites. 

The observed degradation level was calculated by dividing the observed stem count for each level of 

degradation by that of the stem count observed for the pristine (0% level). A percentage degradation 

level was thus extracted at each site.  For the site by site analysis this was averaged across the sites. 

A linear regression was performed with the observed level of degradation as the dependent (x) variable 

and the expected degradation level as the independent variable (Y). This was performed on the average 

site by site results as well as the pooled results. 

DBH data

The DBH data for each experiment was intended to indicate the type of tree removal going on within 

the forest. The mean DBH values were also intended to be linked directly to degradation. 
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The mean of the observed DBH was compared with the expected mean DBH values. The percentage 

difference between the two was calculated. 

   

The observed  mean at each degradation level was divided by the observed mean DBH of the pristine 

degradation level. This gave a change in mean DBH at each degradation level. 

A linear regression was performed on the observed “change in mean relative to the pristine level” 

versus  the  level  of  degradation.  This  allowed the  link  between changes  in  mean and the  level  of 

degradation to be assessed.

Results

Validation results

The LAI of the surveyed forest in Madagascar was  4.8.

The mean LAI computed by the simulation of hemispherical photos across the 7 plots was  0.853. This 

was much less than that calculated by the Can-eye software from real photos taken in the field surveyed 

forest.

S  tem counts  

Unpooled data
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Table 3 shows the percentage of stems detected at each degradation level, in each experiment for un-

pooled data.

Some clear trends can be observed. The stem detection method underestimates the tree counts in all  

experiments and degradation levels. There is a general increase in detection as degradation increases. 

At lower degradation levels (0 , 17.5 and 35 %) the detection rates decrease as the beam divergence 

increases. The detection levels for each beam divergence are almost the same at the 52.5 % level and 

the same at the 70 % level. 

Table 4 shows the level of degradation observed at each degradation level in each experiment for the 

un-pooled data.
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Table 3

Table showing the percentage of stems detected at each degradation level (unpooled data)

Experiment Degradation level
Percentage of trees detected 0.0% 17.5% 35.0% 52.5% 70.0%
5 mrads 81% 77% 87% 92% 95%
10 mrads 78% 75% 84% 92% 95%
15 mrads 73% 74% 82% 90% 95%



 Page 41/67

Some trends can be observed. The level of degradation is overestimated at the 17.5 % degradation level 

in  all  experiments.  The  overestimate  decreases  as  beam  divergence  increases.  The  observed 

degradation is underestimated at all other levels.  The degradation level detected decreases as beam 

divergence increases. 

Table 5 shows the R2 and p values for the regression analysis of observed degradation versus actual 

degradation. 
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Table 4

Table showing the degradation observed at each expected degradation level (unpooled data)

Experiment Degradation level
Degradation observed 0.0% 17.5% 35.0% 52.5% 70.0%
5 mrads 0% 24% 30% 43% 63%
10 mrads 0% 23% 30% 40% 62%
15 mrads 0% 19% 26% 38% 59%

Table 5

Table showing the results of regression analysis of observed Vs expected degradation

Experiment P Value
5 mrads 0.964 0.003
10 mrads 0.978 0.004
15 mrads 0.969 0.002

R2
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There is a good linear model fit between the degradation level observed and that expected. There is 

very little difference between the values as beam divergence increases. 

Pooled data

Table 6 shows the percentage of stems detected at each degradation level in each experiment for pooled 

data.

The percentage number of stems extracted is very consistent across experiments and degradation levels. 

The observed stem counts were roughly 20 % less than expected. Pooled data were worse than un-

pooled data at detecting the real stem count values. 

Table 7 shows the level of degradation observed at each degradation level, in each experiment for the 

pooled data. 
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Table 6

Table showing the percentage of stems detected at each degradation level (pooled)

Experiment Degradation level
Percentage of trees detected 0.0% 17.5% 35.0% 52.5% 70.0%
5 mrads 79% 78% 81% 80% 82%
10 mrads 78% 77% 80% 79% 79%
15 mrads 73% 77% 81% 80% 82%
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All three experiments underestimated the level of degradation except the 5 and 10 mrad experiments at 

the  17.5  %   degradation  level.  In  general,  the  results  across  beam  divergence  levels  were  very 

consistent.  Observed  degradation  levels  for  the  pooled  data  were  much  closer  to  the  expected 

degradation values than those of the un-pooled data. They were also more consistent 

Table 8 shows the R2 and p values for the regression analysis of observed degradation versus actual 

degradation (pooled data).

The  R2 values were the same across all beam divergence experiments. They were higher than those for  

un-pooled data. 
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Table 7

Table showing the degradation observed at each expected degradation level (pooled data)

Experiment Degradation level
Degradation observed 0.0% 17.5% 35.0% 52.5% 70.0%
5 mrads 0% 22% 33% 49% 68%
10 mrads 0% 21% 33% 48% 68%
15 mrads 0% 16% 27% 43% 65%

Table 8

Table showing the results of regression analysis of observed Vs expected degradation (Pooled data)

Experiment P Value
5 mrads 0.99 0
10 mrads 0.99 0
15 mrads 0.99 0.001

R2
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DBH

The mean DBH of the field survey dataset was 0.201 m and the standard deviation 0.119 m. The 

following results show that the experimental values in no way reflected the real world value. 

The mean DBH values extracted from un-pooled data for the experiments are shown in Tables 9 to 11.

The 5 and 10 mrad experiments considerably overestimate the mean DBH. The 15 mrad experiment 
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Table 9

Table showing the 5 mrad experiment observed mean DBH (unpooled data)

5 mrads experiment Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%

Expected mean DBH (m) 0.31 0.28 0.26 0.21 0.19
5 mrads mean DBH (m) 0.45 0.39 0.37 0.33 0.35
% difference from actual mean 145% 139% 144% 159% 184%

Table 10

Table showing the 10 mrad experiment observed mean DBH (unpooled data)

10 mrads experiment Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%

Expected mean DBH (m) 0.31 0.28 0.26 0.21 0.19
10 mrads mean DBH (m) 0.39 0.32 0.31 0.28 0.28
% difference from actual mean 126% 114% 121% 135% 147%

Table 11

Table showing the 15 mrad experiment observed mean DBH (unpooled data)

15 mrads experiment Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%

Expected mean DBH (m) 0.31 0.28 0.26 0.21 0.19
15 mrads mean DBH (m) 0.30 0.26 0.25 0.19 0.18
% difference from actual mean 97% 93% 97% 91% 95%
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gets very close to the expected DBH values calculated from the virtual forest.  

The change in observed mean DBH compared to the observed pristine mean DBH is shown for each 

un-pooled experiment in Tables 12 to 14. The R2 and p values for the regression of change in mean 

compared to pristine are also shown in the tables for each experiment.

The R2 values for the 5 and 10 mrad experiments are considerably lower than the 15 mrad experiment. 

With the exception of the 15 mrad experiment the correlation between the change in mean versus the 

degradation level are much worse than the corresponding relationships for stem count. The 15 mrad 

experiment is shown to be a good measure of degradation.
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Table 12

Table showing the 5 mrad change in observed mean DBH compared to the pristine level  (unpooled data)

5 mrads experiment Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%

5 mrads mean DBH (m) 0.45 0.39 0.37 0.33 0.35
Change in mean compared to pristine 0% 13% 18% 28% 23%
Regression 0.82 P value 0.04R2 Value 

Table 13

Table showing the 15 mrad change in observed mean DBH compared to the pristine level  (unpooled data)

15 mrads experiment Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%

15 mrads mean DBH (m) 0.30 0.26 0.25 0.19 0.18
Change in mean compared to pristine 0% 12% 17% 36% 39%
Regression 0.96 P value 0.003R2 Value 

Table 14

Table showing the 10 mrad change in observed mean DBH compared to the pristine level  (unpooled data)

10 mrads experiment Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%

10 mrads mean DBH (m) 0.39 0.32 0.31 0.28 0.28
Change in mean compared to pristine 0% 19% 22% 29% 29%
Regression 0.82 P value 0.035R2 Value 
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Pooled DBH results

The expected mean DBH values extracted from pooled data for the experiments are shown in Tables 

15 to 17.

The  pooled  experiments  over  estimate  the  expected  mean  DBH  values.  Although,  the  15  mrad 

experiment is better than the 5 and 10 mrad experiments. Overall the pooled values are worse than the 
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Table 15

Table showing the 5 mrad experiment observed mean DBH (pooled data)

5 mrads experiment Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%

Expected mean DBH (m) 0.31 0.28 0.26 0.21 0.19
5 mrads mean DBH (m) 0.50 0.43 0.40 0.37 0.39
% difference from actual mean 161% 154% 156% 178% 205%

Table 16

Table showing the 10 mrad experiment observed mean DBH (pooled data)

10 mrads experiment Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%

Expected mean DBH (m) 0.31 0.28 0.26 0.21 0.19
10 mrads mean DBH (m) 0.42 0.35 0.34 0.31 0.32
% difference from actual mean 135% 125% 132% 149% 168%

Table 17

Table showing the 15 mrad experiment observed mean DBH (pooled data)

15 mrads experiment Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%

Expected mean DBH (m) 0.31 0.28 0.26 0.21 0.19
15 mrads mean DBH (m) 0.34 0.30 0.30 0.26 0.27
% difference from actual mean 110% 107% 117% 125% 142%
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un-pooled DBH values. 

The percentage change in observed mean DBH compared to the pristine observed DBH is shown in 

Tables  18 to 20 .  The R2 and p values for the  regression analysis  of the change in mean versus 

degradation level are also shown in the tables.

The key observation in these data are that R2 values are worse than those for un-pooled data. The un-

pooled data is a better indicator of degradation.  

Discussion
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Tables 18 – 20 (from top to bottom)

Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%
0.50 0.43 0.40 0.37 0.39

Change in mean compared to pristine 0% 14% 19% 27% 22%
Regression 0.77 P value 0.05

Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%
0.42 0.35 0.34 0.31 0.32

Change in mean compared to pristine 0% 17% 19% 26% 25%
Regression 0.8 P value 0.04

Degradation level
0.0% 17.5% 35.0% 52.5% 70.0%
0.34 0.30 0.30 0.26 0.27

Change in mean compared to pristine 0% 12% 12% 24% 19%
Regression 0.77 P value 0.049

Table showing the 5 mrad change in observed mean DBH compared to the pristine level  (pooled data)

5 mrads experiment

5 mrads mean DBH (m)

R2 Value 

Table showing the 10 mrad change in observed mean DBH compared to the pristine level  (pooled data)

10 mrads experiment

10 mrads mean DBH (m)

R2 Value 

Table showing the 15 mrad change in observed mean DBH compared to the pristine level  (pooled data)

15 mrads experiment

15 mrads mean DBH (m)

R2 Value 
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Model Validation

The mean LAI obtained using simulated hemispherical photography was substantially less than for the 

surveyed forest in Madagascar. Reasons for this relate to how the tree models were made. To keep the 

computational overhead lower the modeled trees were made to have a low vertical leaf density. LAI is 

the leaf density integrated vertically over canopy depth. Therefore a low vertical leaf density is likely to 

cause a lower LAI. Despite this, the impact on the extraction of stem count and DBH for the virtual  

forest is low. This is because the experiments were set up so that the leaf canopy would not have had 

much impact on the results. This was because the lidar was set up to scan horizontally through the 

forest. The height of the lidar scanner at 1.3 m was also many meters below that of the smallest tree 

canopy (5.3 m). 

The forest model  

The forest model was also incorrect due to the wrong DBH values being used. The mean for each of the 

5 tree height classes should have been used instead of the middle dbh class. This calls into question the 

validity  of  the  model  as  a  representation  of  Madagascan  forest.  The  impact  on  measuring  DBH 

extraction was small. This is because extracted DBH values could be compared to known virtual forest 

values. 

A more realistic tree canopy could be made by altering the parameters of the set of tree archetypes used 

to make the virtual forest. In addition to the extra computer processing time it would also require more 

detailed field surveys to determine what the characteristics of the tree canopy were. A greater number 
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of archetypes would also be useful. This would mean that  DBH and stem count for the virtual trees 

could be more closely modeled on those in Madagascar. More archetypes and a more realistic canopy 

would make the virtual forest a better representation of the real one. 

The positioning of trees a  minimum of 1 m apart  was unrealistic. In reality they are likely to be much 

further apart due to ecological processes like competition. This could easily be simulated by changing 

the minimum distance that trees were apart in the forest model. More field data would be required to 

set a realistic minimum distance. 

DBH 

The measured DBH values were very different to the actual DBH values for the forest. Part of this is  

likely to be due to the DBH extraction method. Although, a major reason for the discrepancy is  due to  

a mistake made when selecting DBH values for the modeled trees. In the experimental procedure the 

DBH values were taken as the mid point from the middle bin of each height class. The mean value of 

each height class should have been taken instead. Taken with the validation issue it cannot be said that 

the modeled forest was a good representation of the forest in Madagascar. 

The DBH extraction method can be assessed against  the mean values calculated directly from the 

modeled forest parameters. In general the extracted DBH values were much larger than expected. The 

one exception to this was the un-pooled 15 mrad mean DBH values. These were quite close to actual 

modeled forest values. The study therefore recommends that DBH extraction be carried out using a 

higher beam divergence. 
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The correlation between changes in mean DBH and the degradation level was relatively poor. This was  

especially so when compared against R2 values for the regression analysis carried out on stem count 

data. Again, the exception to this was the un-pooled 15 mrad experiment where the  R2 value for the 

DBH regression was similar to that of the un-pooled stem count regressions. Overall it can be said that 

using 15 mrad beam divergence and  un-pooled data was the best method of extracting DBH. 

Stem count 

The stem count  results for the un-pooled data show stem detection improved as degradation levels 

increased. This is unsurprising as it is more likely that a tree will be in view of the lidar beam if there  

are less trees in the way. 

The detection of stems was worse for higher beam divergence with pooled data. Lidar returns from 

wider beams will generally give  lower intensity returns than those of a smaller beam. This is because 

the energy in the beam is being spread over a wider area. It is possible that the threshold level set 

during the processing of raw lidar returns was too high. Consequently, it may have been filtering out 

more returns in experiments that used higher beam divergence.  

The pooled data were much more consistent in terms of tree extraction across the different degradation 

levels than the un-pooled data. This is to be expected because trees occluded at one sensor location are 

likely to be picked up in another.
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The increase in beam divergence did not have much effect on the stem count values for pooled data. 

This is likely to be because there were more returns available for each tree. Therefore, the extra data 

caused by the overlap in study sites made up for any drop in return intensity caused by a wider beam 

divergence. 

Degradation detection using stem counts

The quantification of degradation using tree stem counts was highly effective. This is shown by the R2 

values for regressions carried out for “change in stem count” versus degradation level. All values for 

the un-pooled data showed R2 values over 0.96. The pooled data  regressions were even better. They 

were consistent across beam divergence levels at 0.99.  The improvement in R2 value for the pooled 

data versus the un-pooled data is likely to be due to the consistency of the stem count extraction across 

degradation levels for the pooled data. Stem counting using full waveform lidar is clearly an excellent 

method of quantifying degradation in forests, at  least  in a simulation.   Although pooling data was 

clearly less effective at extracting stem counts it would be recommended for degradation studies. This 

is because it is clearly more robust than using un-pooled data for this purpose. The fact that the data is 

pooled after collection means that both methodologies can be used if the objective is to extract accurate 

stem counts as well as measure degradation. 

Degradation detection using DBH

Although pooled stem counts clearly provide the best method of degradation detection. DBH still has 

an important role to play. It gives information on the type of trees being removed. Clearly, logging as it  
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is known to occur will cause a downward shift in mean DBH values (as was seen in this study). As a  

consequence DBH can be used in tandem with stem count information to provide information on the 

type of structural changes occurring in a forest. If stem counts change without a corresponding drop in 

DBH values then forms of forest degradation other than logging could be at work. This could be caused 

by changes in tree species composition as a result of climate change or invasive species. These are 

known to cause forest degradation. In terms of the REDD protocols it is important for degradation from 

human social causes such as logging to be differentiated from less direct changes caused by changes in 

species composition.   

Other issues with the experiment 

Random removal of trees from the forest  is  unlikely to be a good representation of how trees are  

actually removed. People tend to remove trees that are easier to access.  It  would be interesting to 

weight the removal of trees so that more were removed from easier to access areas such as close to  

roads. This would require data relating to road and forest path networks in Madagascar. It would also 

require more information on the patterns and sociology of tree removal in Madagascar. At the moment 

the literature on this subject is rather scarce. 

The sampling plan used in the experiment did not place the lidar scan sites far enough apart. If TLS 

were to be used for real degradation studies then taking scans every ten meters throughout a forest 

would probably take too long. It would be useful to carry out the study again using a transect where 

sites were placed further apart.  
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The accuracy of the tree positions were not assessed in the experiment procedure. This could have been 

done by working out the distance between each detected tree and that of the closest real tree. A mean 

difference in tree position could then be found. This would enable a better  assessment of whether  

maximum intensity or average intensity are better methods for extracting exact tree positions. 

An investigation into differences in stem counts and DBH values at the site level would enable a better 

assessment of the accuracy and utility of the results. It could identify if specific sites were having a 

significant impact on the overall results and if so the reasons why could be investigated. This may 

reveal information about how the lidar is operating and also what the best sort of lidar sampling scheme 

may be. Carrying this out would be a case of applying a Chi squared statistical test to the site level  

means within the experiments.

Further investigations

It would be useful to compare the results with more complex tree and DBH extraction methods such as 

those implemented in Yao, et al, 2011 and Lovell et al, 2011. This would provide a good comparison to 

the simplified methods used in this study. 

 

A more detailed investigation into the effect of varying beam divergence would be useful. In particular 

it would be useful to lower the beam divergence to that of the commercial scanners available (0.03 

mrads). The fact that these weren't included in the study was a major oversight. The increase in tree 

stem detection as beam divergence decreased for the un-pooled stem extraction results indicate this 

would improve tree detection and consequently degradation detection. 
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The effect of different lidar sampling bin sizes and lidar ranges would also make an interesting study.  

The range used in this study was quite small. It would be interesting to see if the results were still 

similar over longer distances.

It would be useful to carry out the simulation post processing with random noise added to the lidar 

system.  This  would  make  it  represent  real  life  much  better.  This  is  important  because  low level 

branches and ground vegetation were not present in the model. These could be expected to give low 

intensity returns and are thus able to be thresholded out. It is possible the combined effect of many of  

these low level features could have a substantial effect on the lidar signal and its ability to extract stem 

count and DBH data. The ability of the tree extraction methods could then be tested in a more realistic 

setting. 

An investigation into different threshold levels would also be useful. The threshold level chosen was to 

an extent subjective and a change in threshold value could cause substantial changes to the outcome of 

the experiments. This is especially so considering the nature of the algorithm used to group trees. If  

there were strings of points close together the grouping algorithm might break down.  

An investigation using different scan angles would also be useful. If a smaller scan angle could be used 

this would save considerable time when carrying out real life forest surveys. 

Use of TLS with other methodologies
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Despite  the  limitations  of  the  study it  indicates  that  TLS can  be  an  effective  tool  for  measuring 

degradation levels. Consequently, it also has utility for use in tandem with other methods. For instance, 

it could be used as an extra input to models that use airborne or satellite lidar to extract structural 

parameters  such  as  tree  height.  It  could  also  be  used  as  part  of  a  ground  based  validation  of 

airborne/satellite sensors. In particular it could be used to  validate the DESDynI satellite data products 

once they become operational. 

It  would  be  useful  to  compare  the  results  of  the  experiments  to  degradation  measured  using 

hemispherical photography. This would exploit changes in LAI caused by degradation and may provide 

a useful validation of lidar data. If it was of similar effectiveness to the lidar method it would provide a 

cheaper and quicker alternative to lidar. The time saved through doing this would be greatly prized in 

tree surveying. Similar methods have been tried in the literature. 

 

Conclusions

The results of the simulations show that full waveform terrestrial laser scanning has the potential to be 

a highly effective tool for measuring tropical forest degradation. It could play an important role in the  

implementation of the REDD scheme. The recommendations of the report are that scanners should be 

operated with a wide beam divergence. This provides a good compromise between extracting accurate 

DBH values and accurate stem counts. It also requires fewer lidar shots  and therefore allows an area to 

be sampled more quickly. Transects should be designed so that the scanning areas of data collected at 

each site overlap. Data should be pooled for the extraction of stem counts but left un-pooled for the 

extraction of DBH values. More work is required to determine how robust these methods would be in  
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the field. 
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Appendix 1.

def   NpeakDetection(results):  

    results.append([0,0])

    output = []

    lastValue=0

    lastDist= 0
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    currentDir= ""

    lastDir= ""

    

    for a in results:

     if float(a[1]) > float(lastValue):

         currentDir = "up"

     if float(a[1]) < float(lastValue):

         currentDir = "down"

     if lastDir == "up":

         if currentDir == "down":

            #print "value " + str(lastDist) + " " + str(lastValue)          

            output.append([str(lastDist),str(lastValue)])

     lastValue = a[1]

     lastDir = currentDir

     lastDist = a[0]

    return output 

Appendix 2.

CSH wrapper

#!/bin/csh -f

############################################################

# loads a list of files given by files.clust.dat

##############################################################
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ls | grep intensity.x.y.results | grep -v groups | grep -v dbh | grep -v maxInt > files.clust.dat

# Load files given one per line in files.dat into an array

set un=(`cat < files.clust.dat`)

# set the while loop counter to zero. while i counter is less than the number of

# lines in files.dat carry out the command 

@ i=1  

while ( $i <= $#un)

  echo "processing " $un[$i]

   

  python clust.py $un[$i] > clust.tmp

  cat clust.tmp | sed 's/\[//g' | sed 's/\]//g' | sed 's/,//g' | sed "s/'//g" > clust.tmp.2

  sort -n clust.tmp.2 > clust.tmp.3

  uniq clust.tmp.3 > clust.tmp.4

  python clustPost.py $un[$i] clust.tmp.4 > clust.tmp.5

  cat clust.tmp.5 | sed 's/\[//g' | sed 's/\]//g' | sed 's/,//g' | sed "s/'//g" > $un[$i].groups

  

  @ i++

end

rm clust.tmp.*
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Clust.py

import math

import sys

#run as python clust.py [filename]

data = [x.split() for x in open(sys.argv[1])]

#l = [[1,2],[2,3],[5,7],[3,1],[4,6]]

#m = [[1,2],[2,3],[5,7],[3,1],[4,6]]

l = data

m = data

r = []

s = []

#Work out the distances between all points and all other points and place in a 

"matrix"

for a in l:

   for b in m:

     t = math.sqrt(  (  (float(a[2]) - float(b[2])  )**2 + (float(a[3]) - 

float(b[3]))**2))

     r.append(t)

   s.append(r)

   r = [] 

#print s
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u = []

v= []

#Work out which points are within a certain distance of each point

i = 0

for a in s: 

  j = 0

  for b in a:

    if b < 1: 

      #print b

      u.append(j)       

    j = j + 1

  v.append(u)

  u = [] 

  i = i + 1

for a in v:

  print a

clustPost.py

import math

import sys

#run as python clust.py [filename]
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data = [x.split() for x in open(sys.argv[1])]

groups = [x.split() for x in open(sys.argv[2])]

#for a in groups:

#  for b in a:

    

  

#Print out each group of points 

i = 0

for a in groups:

  for b in a:

    print str(i) + " " + str(data[int(b)])

  i = i + 1

Appendix 3

#! /bin/env python

import sys

"""Script to read in xy values from a file and calulcate if they fall within a 

triangle

   Input: an xy file with first column x and second column y separated by white 

space

          coordinates of the three points making the triangle

   output: A list of the input coordinates with an extra column specifying if they 

are within the triangle 

"""
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class tri(object):

  def __init__(self, x1,y1,x2,y2,x3,y3):

    """Make local copies of the triangle coordinates

       Uses default values if non supplied """

    self.x1 = x1

    self.y1 = y1 

    self.x2 = x2

    self.y2 = y2

    self.x3 = x3

    self.y3 = y3

  

  def printCoords(self):

    """Prints out the coordinates of the triangle"""

    print "x1 ", self.x1  

    print "y1 ", self.y1

    print "x2 ", self.x2

    print "y2 ", self.y2

    print "x3 ", self.x3

    print "y3 ", self.y3

  def inTri(self, x, y):

    """Returns true if the point is within the triangle"""

    

    self.x = float(x)

    self.y = float(y)
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    bary1 = float(((self.y2 - self.y3) * (self.x -self.x3) + (self.x3 - self.x2) * 

(self.y -self.y3)) / ((self.y2 - self.y3) * (self.x1 -self.x3) + (self.x3 

-self.x2) * (self.y1 - self.y3)))

     

    bary2 = float(((self.y3 - self.y1) * (self.x - self.x3) + (self.x1 - self.x3) 

* (self.y -self.y3)) / ((self.y2 - self.y3) * (self.x1 - self.x3) + (self.x3 

-self.x2) * (self.y1 - self.y3)))

   

    bary3 = float(1 - bary1 - bary2)

    

    if bary1 >= 0.0 and bary1 <= 1.0 and bary2 >= 0.0 and bary2 <= 1.0 and bary3 

>= 0.0 and bary3 <= 1.0: pointIn = True

    else: pointIn = False

    return pointIn

# Set up a triangle object with 3 pairs of coordinates

mytri = 

tri(float(sys.argv[1]),float(sys.argv[2]),float(sys.argv[3]),float(sys.argv[4]),fl

oat(sys.argv[5]),float(sys.argv[6])) #x1,y1,x2,y2,x3,y3)

# Read in eaxh line of data and split on whitespace

data = [line.split() for line in open(sys.argv[7])]

# Read x and y coordinate and result of mytri.inTri into a list for each line in 

data)

# inTri returns True for a point within the triangle or false for a point outside 

the triangle
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results = [ (x[0], x[1], mytri.inTri(x[0],x[1])) for x in data ]

for i in results:

  print i
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