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ABSTRACT 

IMPLEMENTATION OF A HYDROLOGICAL MODEL BASED ON FULL 

RESOLUTION 3D LIDAR POINT CLOUDS 

 

Andrew J. Gallagher, MS 

 

George Mason University, 2012 

 

Thesis Director: Dr. Ruixin Yang 

 

 

 

The work presented here describes the design and implementation of a hydrological 

model based on high resolution 3D LIDAR data sets. The model incorporates existing 

hydrological concepts combined with novel computational methods to determine where 

water will flow and accumulate during a rainstorm event by combining soil composition 

information with the topographical content provided by the LIDAR data. The model was 

designed and tested using publically available data sets and real world storm parameters 

to demonstrate its functionality. The end result is a flexible model that fuses multiple data 

sources and concepts that is capable of producing a high level of information for further 

analyses.  
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1 INTRODUCTION 

Hydrology is the study of water distribution and circulation throughout the planet 

and can be broken into two basic areas of focus; the global hydrological cycle (macro 

scale) and the land phase of the hydrological cycle (micro scale) [1]. The macro scale 

focuses on global interactions between the atmospheric, oceanic and terrestrial aspects 

with respect to how they impact water distribution throughout the planet. The micro scale 

focuses on the interaction between water and the Earth’s surface and how the surface 

characteristics and biological factors affect that interaction [1]. Overall, there is a general 

consensus that increased knowledge of landscape structure can improve hydrological 

analyses and lead to improved hydrological management [2].  

3D imaging Light Detection and Ranging (LIDAR) provides high resolution 

spatial information suitable for micro level modeling of hydrological behavior. By micro 

level, it is meant that analysis occurs at the meter level as opposed to the macro level 

where analysis is done over entire watersheds. LIDAR data is typically accurate to 15 cm 

in the vertical direction and less than 1 meter in the horizontal direction [3]. When 

collected over a sizable area, it allows for a good representation of the surface to be 

obtained. In addition, the wavelengths used in most LIDAR systems (typically in the 

near-infrared (NIR) to shortwave infrared (SWIR) range) allow for surface measurements 

to occur through gaps in tree canopies, which aids in extracting the underlying surface in 
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densely forested areas [3]. Such an accurate representation of the ground surface allows 

for analysis of the surface topography to occur at a detailed level, which in turn can be 

used to model surface water flow within a hydrological model at high resolutions.  

Non-hydrological 3D LIDAR based work in open literature has largely focused 

on the creation of bare earth algorithms [4] [5] [6], 3D object classification [7] [8] and 

fusion of 3D LIDAR with electro-optical imagery [9]. Hydrological based studies 

incorporating 3D LIDAR have generally focused on data resolution where 3D LIDAR 

data sets were used to create high resolution Digital Elevation Models (DEM) to be used 

for input into existing 2D hydrological models [10] and area classification studies [11], 

which include concepts like flood plain and watershed mapping. However, little work has 

been done to develop a model based on using LIDAR data as input and which is designed 

around the LIDAR data. The main motivation of the work presented here aims to 

demonstrate just that by using simple and efficient methods for manipulating LIDAR data 

and modeling the surface/water interactions. In addition, several proven hydrological 

methods will be applied to strengthen the model’s overall effectiveness, resulting in a 

model that fuses multiple data sources, concepts and processing methods to simulate the 

flow and accumulation of surface water during a rainfall event.  
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2 DATA OVERVIEW 

3D imaging LIDAR is a relatively new technology in the remote sensing world 

that has numerous applications across a variety of fields including city planning, forest 

surveys and land use mapping. The data sets are unique because they offer three 

dimensional spatial data at high resolution (typically 1-2 meter horizontal spacing [3]). In 

recent years, numerous commercial entities have been providing 3D imaging LIDAR data 

collections for a variety of agencies including the US Geological Survey (USGS), Federal 

Emergency Management Agency (FEMA), and the National Aeronautics and Space 

Administration (NASA). Much of this data is freely available for public use.  

Select aspects of LIDAR data acquisition will be discussed here and will be 

limited to those which affect data quality. A full description of LIDAR and its 

functionality and associated technologies is out of the scope of this project.  

2.1 LIDAR Data Basics 

3D imaging LIDAR is an active remote sensing technique which measures the 

distance to a target by monitoring the time it takes for a laser pulse fired from a collection 

platform at time t0 to travel to the target and reflect off an object and be received by the 

platform at time t1. The time of flight is used to calculate the distance to the target. By 

incorporating accurate platform position and sensor pointing information, three 
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dimensional spatial coordinates are generated for each detected laser pulse. By scanning 

the sensor and laser across an area at a given scan rate, a 3D image can be constructed.  

 

 

 

 
Figure 1: 3D LIDAR Collection Concept 

 

 

 

The output data takes the form of a point cloud which is simply a list of the X, Y 

and Z coordinates. The most basic form of a point cloud is a collimated ASCII file with 

one column for each of the three coordinates. In most cases, the X and Y values are in 

Universal Transverse Mercator (UTM) coordinates and the Z value is simply 

representative of height. The point coordinates are not evenly spaced and are dependent 

on the laser scan pattern, the overlap between flight lines and general motion of the 

aircraft (jitter, roll, pitch, yaw, etc.). Visualization of point clouds is performed using a 
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3D data viewer which plots each point in a 3D environment, allowing for the point cloud 

to be rotated and viewed from any angle. To improve the interpretability of the point 

cloud, they are typically colorized with respect to height (in meters), where different 

heights are represented on a user adjustable color scale. All point clouds representations 

shown throughout this work will be colorized according to height, unless otherwise 

noted. These various depictions of point clouds are shown in Figure 2, Figure 3 and 

Figure 4. 

 

 

 

 
Figure 2: Point cloud point list 

 

 
Figure 3: Monochrome point cloud 
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Figure 4: Example point cloud. Color is indicative of height in meters. 

 

 

 

Notice there are different shades and what looks like bright lines running through 

the length of the data. These effects are due to variations in point density (typically 

defined as the average number of points per meter) and are largely affected by the 

overlaying of multiple flight lines and the scan pattern of the sensor. Gathering multiple 

flight lines over the same area is a simple way to increase point density in the final output 

product. However it is difficult to ensure complete overlap of all flight lines and 

consequently, variations in point density are a typical occurrence in point clouds created 

in this manner.  

Most often, the scanner is a whisk broom sensor that scans across the flight path 

in a sinusoidal pattern, which causes the edges of the flight lines to literally contain more 

points, as highlighted by the red circle in Figure 5. Although collection plans often plan 

for a specific point density, this is typically based on an overall average of the combined 

flight lines. Consequently, variations in point density arise as a result of the overlay 

Trees  
Buildings 

Edges of 

flight lines 
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process. The area shown in Figure 5 is a subset of the point cloud from Figure 4 where 

several flight lines overlap. This figure also serves to demonstrate the non-uniformity of 

the point distribution which can be readily seen to be dependent on the scan pattern and 

the flight lines. As multiple flight lines are added to the final point cloud, the point 

density begins to appear more random, as seen by the area highlighted by the blue circle 

in Figure 5. In the figure below, the lines with arrows at one end indicate flight direction 

while the lines with arrows on both ends indicate sensor scan direction. 

 

 

 

 
 

Figure 5: Scan lines of 3 overlaid flight lines highlighted 

 

 

 

The non-uniform distribution of points imposes a challenge from a processing 

stand point, and how it is dealt with can affect the processing time and the final output of 

that processing. Handling this aspect of the data is dependent on the type of processing 

being performed and can range from highly complex methods to conceptually simple 
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methods. The methods used in the model described throughout this work are described in 

later sections.  

2.2 Maryland Data Overview 

All LIDAR data shown throughout this work comes from the USGS Center for 

LIDAR Information Coordination and Knowledge website [12], which hosts a large 

amount of LIDAR point clouds collected from a variety of different sensors. All data sets 

are freely available to the public in LAS file format [13] which contains a list of all 3D 

points and represents the standard file format for LIDAR point clouds. The area chosen 

for this study is located over the Maryland peninsula near the Chesapeake Bay and 

selected because of its overlap with available soil and rainfall data, which is to be 

included in the overall model. This data was collected in 2003 to support soil erosion 

studies of the Chesapeake Bay shorelines as well as aid in general floodplain mapping. In 

all, roughly 2,246 miles of flights lines were collected with an average point spacing of 

6.5 feet (1.98 meters) and a vertical accuracy of ~7 inches (0.17 meters). Figure 6 shows 

the available data coverage provided by the USGS LIDAR Data Portal. While there is a 

large area available, only a small subset was used for development of the model 

described here, indicated by the yellow square in Figure 6. 
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Figure 6: Data availability (shaded areas) from USGS LIDAR Data Portal 

 

 

 

The point cloud data sets are available as tiled areas roughly 2.75 by 3.5 km. Figure 7 

provides a Google Earth overhead view of the obtained study area while Figure 8 shows 

the point cloud representation of the same area. The point cloud contains approximately 8 

million points with an average point density of roughly 1.5 points per meter. The area 

depicted is centered at 38.484404° north, 75.859256° west.  
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Figure 7: Google Earth RGB Image of study area 

 
Figure 8: Point cloud representation of study area 

(Nadir View) 

 

 

 

For each available tiled area, two point clouds are available from the data portal; 

first return and last return point clouds. Returns (or detections) are collected over a range 

of time for each individual laser pulse. In addition, the laser typically covers some finite 

area on the ground due to the laser beam divergence angle. This combination of factors 

makes it possible for multiple returns to be detected from a single laser pulse in cases 

where the illuminate area covers multiple objects of varying heights. Returns from the tall 

objects will be measured earlier than those returns from shorter objects and are labeled as 

first returns and last returns, respectively. The difference is most noticeable in tree 

canopies, where multiple bounces of the laser pulse pass though leaves and branches and 

reflect back through the canopy. The following figures demonstrate this difference by 

first showing an off nadir view of a forested area of the point cloud (Figure 9 and Figure 

2.75 km 

3
.5

 k
m
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10). Here again, color is representative of height. The green areas represent the ground 

while the areas colored as brown to silver are representative of trees. Black areas indicate 

that no points exist in that area. Notice that the first return point cloud has more black 

areas than the last return point cloud, which is caused by first returns being representative 

of taller objects.  

 

 

 

 
Figure 9: First return point cloud 

 
Figure 10: Last return point cloud 

 

 

 

This effect can be seen further if the tree canopies are now manually removed 

using the 3D data viewers clipping tool, which allows for the removal of points above a 

certain height. Figure 11 and Figure 12 show the same area of the first and last return 

point clouds, but now the trees have been removed to allow points beneath the trees to be 

viewed.  
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Figure 11: First return point cloud, trees cropped 

 
Figure 12: Last return point cloud, tree cropped 

 

 

 

As can be seen, the last return point cloud allows for more of the surface beneath 

the trees to be captured. Depending on what information is being analyzed, it is beneficial 

to use one or the other. Tree canopy studies would lend themselves well to first return 

point clouds while topology studies would be better suited to last return point clouds. In 

addition, studies focusing on biomass estimates could include both point clouds to allow 

for more points between the ground and the top of the trees to be studied. As the model 

described here is based on using LIDAR to obtain a representation of the surface, last 

return point clouds will be used to develop and demonstrate the model implementation. 
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3 ALGORITHM DESCRIPTION 

The overall goal of the model described here is to use 3D LIDAR point clouds to 

obtain a representation of the surface, which is then used to determine water flow and 

accumulation. To strengthen the model, hydrological concepts have been incorporated 

which include a basic water balance equation to account for water input and output to the 

modeled area.   

The algorithm used by the model presented here can be divided into three parts; 

point cloud processing, computational processing and hydrological processing. The point 

cloud aspect handles input and output of the LIDAR data as well as several pre-

processing routines essential to performing the analysis. The computational side handles 

the water flow and accumulation methods while the hydrological component serves to 

add the physical properties of the water cycle to the model. Each of these aspects is 

discussed in detail in the following sections. 

3.1 Point Cloud Processing 

The model described here is based around 3D LIDAR point clouds. As such, there 

are aspects that are specific to the nature of point clouds, some of which have to do with 

the implementation of the model while a few methods commonplace in point cloud 

processing lend themselves well to the overall formation of this model.  
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3.1.2 Data Binning 

The sparse nature of the data poses a problem from a computational complexity 

standpoint. Since the data set is not uniformly spaced and much of this model’s 

processing is based around local neighborhood operations, the ability to quickly and 

easily find a point’s neighbors is very important. Distance calculation methods which 

analyze the position of points with respect to each other prove to be far too time 

consuming. The nature of the data is to simply store points in a data file with no attention 

paid to their relative location, which means distance calculations must occur over the 

entire data set unless a sorting routine is used prior to the distance calculation. However, 

such a routine adds to the overall computational complexity. As point clouds can very 

easily reach hundreds of thousands to millions of points, such a method quickly becomes 

far too computationally complex for practical implementation. Aside from this, these 

methods often become very conceptually complex, as can be seen in work by 

Sankaranarayanan et al. [8] Here, tree type structures were used in combination with 

nearest neighbor algorithms which retain a limited set of the neighboring points, where 

that number of points is based on the neighboring point distributions with respect to how 

they describe physical objects within the point cloud. While such methods prove to be 

effective in improving object detection methods, they are overly complex for the task 

being performed here. The methods used here are similar to those used by 

Sankaranarayanan, but reduced a conceptually simple framework.  

The method as described here allows for the points to be quickly and easily 

located with respect to each other while allowing flexibility in how those points are 
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handled. The method described here, referred to as binning, is based on post-stratified 

sampling techniques [14]. In stratified sampling, a population of N units is divided into L 

sub groups (N1, N2…NL), referred to as strata, where each sub group contains n samples. 

In the case of post-stratified sampling, the value of n will vary for each sub group and the 

strata which samples are placed into are determined by information associated with the 

population. 

As applied to point clouds, the population to be sampled is simply all points 

contained in the point cloud,{           }  =    2     where   equals the number of 

points. A uniformly spaced 3D grid that encompasses the entire point cloud volume 

represents the sub groups (one for each spatial dimension), where the 3D grid cells 

represent individual strata. The number of strata in along each dimension,{        }, 

for each sub group, {        } is determined by the minimum and maximum values for 

each dimension of the point cloud and a given voxel size {        } according to the 

following equations.   

  = (     i (
    

  
)   ) − (     (

    

  
)   ) 
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i
 Floor operation rounds values down to the nearest integer value 
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Individual strata are now referred to as voxels [15]. Each point in the population set is 

placed within a voxel based on its 3D coordinates by calculating the 3D voxel indices 

{           } as follows.  

   =      (
   −      

  
    ) (3.4) 

   =      (
   −     

  
    ) (3.5) 

   =      (
   −      

  
    ) (3.6) 

 

The result is that each 3D voxel in the grid will contain a list of the points contained 

within its boundaries. Using this framework, neighboring points can be easily located 

simply by increasing or decreasing the voxel indices. This method greatly lowers the 

search space required if distance metrics are to be applied while also remaining 

computationally efficient. Figure 13 depicts the conceptual 3D grid while Figure 14 

depicts this method pictorially in 2D. In this figure, blue dots represent the unevenly 

spaced points. Squares marked with an X do not contain any points. As can be seen, not 

all voxels contain points and some voxels contain multiple points. 
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Figure 13: 3D grid applied to point cloud  

Figure 14: 2D of the binning process 

 

 

Conceptually, this method is a simplified version of the tree type structure 

implemented by Sankaranarayanan et al. [8]. Each voxel is still a tree type structure, but 

now the trees are evenly distributed in all dimensions and represent spatial locations 

rather than unique objects. 

The flexibility of this binning method comes in to play when dealing with 

multiple points within a voxel. After binning, all points in the original population still 

exist but have now been organized into a framework where they can be more easily 

handled. How the points are handled is largely dependent on the type of processing being 

performed. In many cases, the voxel is only used as a reference so that points can be 

easily located; the multiple points are left as is and dealt with according to whatever 

processing is being performed. In other cases, it is desired to have a single point for each 

voxel. Reasons for this include run time considerations, noise removal and general 

smoothing of the data. Several options for determining the optimal coordinates of single 
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point voxels which best describes its contents exist. The first option is to simply use the 

center location of the voxel; which works well when using small voxel sizes and there is 

a relatively high point density. However for larger voxel sizes and/or lower point 

densities, it often helps to use the average position of all the points contained within the 

voxel as that voxels position. In other cases, the spatial distribution of the points can be 

used to cluster groups of points within a voxel into single points to minimize the number 

of points within each voxel. The type of processing being performed is the driving factor 

in how multiple points are handled.  

In the case of the model developed for this thesis, a single point for each vertical 

column was used where the X and Y position of the voxels is determined by the average 

of the X and Y positions of the points within the voxel. The Z position for each column is 

set to the lowest value of all points in that column, maintaining the original value of that 

point. This was done to make the processing that happens later in the model more 

consistent. Specifically, maintaining a uniform grid in the horizontal direction allowed 

for smoother and more consistent water flow paths. Retaining only the lowest point in 

each column simplifies the surface estimation which occurs later while retaining the 

original height information improved the output of the surface estimation. (Flow path and 

surface estimation techniques are described later). Since only one point per vertical 

column is retained and the original value of that point is maintained, this means the 

vertical voxel size does not impact the binning process, further reducing the 

computational complexity of this method. Conceptually, this means that that the 3D grid 

has been reduced to a 2D grid.  
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Figure 15 shows an un-binned point cloud while Figure 16 shows the result of 

binning. Notice after binning that the effects of point density on apparent brightness have 

disappeared since there is now a uniformly spaced grid with one point per column as 

opposed to non-uniform distribution of points in each dimension. While there is some 

loss of fidelity when only using one point per voxel, it proved to be useful in smoothing 

the data to create more consistent flow paths.  

 
Figure 15: Raw point cloud 

 
Figure 16: Binned point cloud (2x2x1 m bin size) 

 

 

 

 

3.1.3 Empty Voxels 

As previously mentioned, many voxels of a binned point cloud will not contain 

data. These empty voxels fall into two categories; empty space and data voids. Empty 

space poses a problem from a memory management and run time standpoint. Empty 

spaces are caused by variations in object height throughout the point cloud and 

irregularly shaped data extents. Both causes are depicted in Figure 17 (empty spaces) and 

Figure 18 (irregular data extents).  
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Figure 17: Empty spaces due to variations in object 

height 
 

Figure 18: Empty spaces due to irregular data extents 

 

Keeping track of empty spaces during processing wastes memory, as each empty 

voxel will contain 3 points in double-precision floating point representation.  In addition, 

the number of empty spaces can be quite high depending on the scene content of the point 

cloud and checking for occupancy adds to the processing time. To demonstrate this, an 

example is worked using the point cloud from the study area. Assuming a voxel size of 

4x4x1 meters, Equations (3.1), (3.2) and (3.3) yield a grid containing 

695x878x24=14,645,040 voxels. Analysis of the point cloud shows that there are 482,208 

empty spaces due to irregular data extents (or ~3.29% of the grid). Further analysis shows 

that 10,099,847 empty spaces exist caused by object height variation (or ~68.96% of the 

grid). This means that only roughly 28% of the grid contains valid data. This also 

demonstrates that empty spaces caused by irregular data extents are negligible compared 

to those caused by object height variations.   

A number of methods exist to deal with empty spaces. The first is to only 

calculate voxel indices for those points that exist and not track the empty voxels at all. 

However, this typically leads to computationally complex sorting routines and extra 

indexing arrays to allow for traversing the data during processing. To avoid the sorting 
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routine but also be able to easily traverse the data, the vertical components of the grid are 

tracked using a linked list method while the horizontal components are handled as a 

standard 2D grid. In this way, the data can be referenced in the horizontal direction as a 

typical 2D image and searching only needs to happen in the vertical direction. Working 

from the previous example, further analysis shows there are now only 20,092 empty 

spaces caused by the irregular data extents (0.13% of the grid) and all the empty voxels 

due to object height variations have been eliminated. This method eliminates 253 MB
ii
 of 

storage space required to keep track the excess empty voxels and 10,561,963 checks for 

occupancy. The concept is depicted below in Figure 19.  

 

 

 

 
Figure 19: Linked list method for binning  

(a) Applying a grid which encompasses the full extents of the data. Dotted squares are unoccupied voxels.  

(b)  A linked list method only keeps track of occupied voxels which limits the number of voxels held in memory 

   

Data voids, on the other hand, represent data that is physically missing from the 

data set (Figure 20). These arise from either low reflectivity targets which do not reflect 

enough energy for the sensor to pick up or from variations in point density combined 

                                                 
ii
 10,099,847*3(8 bytes per double)=242 MB 

(482,208-20092)*3*(8 bytes per double)=11 MB 
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with the binning process. In general, data voids can be minimized by ensuring the voxel 

size is equal to or greater than twice the average point density of the data. In addition, 

only gaps in the horizontal direction are considered data voids. This is done not only to 

limit complexity, as identifying building overhangs or the voids between the ground and 

the bottom of tree canopies is not a trivial problem, but also because gaps in vertical 

coverage typically appear due to objects such as buildings and trees. As the point cloud is 

to be used to locate the ground level surface, filling in vertical gaps is not required since 

the surface representation will exclude such objects. However, the horizontal gaps need 

to be filled as these will impact the surface estimation to be performed later.   

 

 

 

 
Figure 20: Area of point cloud showing data voids (black areas) 

 

 

 

To fill in the data void areas, this model uses a simple region shrinking routine 

based on standard image segmentation and edge detection techniques [16]. Data voids are 

defined as empty vertical columns of the 3D grid within the extents of the data, allowing 

the void map to be treated as a binary 2D grid where 0 indicates a data void. The data 
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voids are then clustered using 8-connectivity
iii

 to identify the data void regions. These 

regions are iteratively shrunk by assigning boundary voxels the average height value of 

occupied surrounding points until the entire void region is removed. The void filling 

algorithm is outlined below and is applied immediately after the binning process. 

1. Identify voids 

a. For each vertical grid column 

i. If column is empty and within data extents 

1. Mark as void 

ii. Else 

1. Mark as not void 

2. Fill voids 

a. For all void points 

i. (Define void region) Find all connected void points of this void 

1. Connected points are located based on 8-connectivity 

ii. For each void in this region 

1. If void has occupied neighboring points 

a. Set value to the average of those neighbors 

b. Remove from void list 

2. Else, go to next void 

3. Repeat until no voids left in region  

iii. Repeat step ‘i’ thru ‘ii’ until all voids are filled 

 

The method described here works best for relatively small void regions (i.e. less 

than 5 voxels in diameter). Depending on the quality of the data, void regions could 

potentially become quite large. In this case, the interpolation method used here would not 

yield a reliable result and alternative interpolation method might need to be investigated.   

3.1.4 Bare Earth Estimate 

The overall model implemented here is based largely upon surface water flow. As 

such, a representation of the surface must first be derived in order to accurately determine 

                                                 
iii

 A 2D grid cell is an 8-connected neighbor of another if at least one edge or corner is 

common with the grid cell in question [26] 
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the water flow path. Such surfaces derived from point clouds are referred to as bare earth 

surfaces. The basic idea is to remove all objects from the point cloud leaving behind only 

the underlying surface. The main reason a bare earth surface is used in this algorithm is to 

ensure that a ground surface is defined everywhere in the binned point cloud. As LIDAR 

works by measuring reflected laser pulses, it is often the case that the actual ground 

surface is not seen by the sensor. This is a common occurrence over tree canopies where 

the leaves and branches prevent the laser energy from being reflected back to the sensor 

from the underlying surface (see Figure 9 and Figure 10). Situations like this would 

confuse the water flow and pooling algorithms into treating the tree canopy as a surface 

and unrealistically pool water in these areas or cause flow to stop where it should actually 

continue. Although there are cases where multiple passes at varying angles over foliated 

areas can increase the chance of the laser ‘poking through’ tree canopy gaps, this still 

leaves a large amount of underlying surfaces without data.  

Several methods exist to determine the bare earth surface, some more complicated 

than others and each has its own advantages and disadvantages. A good overview of bare 

earth algorithms can be found in Sithole et al. [6] and Olsen et al. [5]. In both works, 

analyses and evaluations were performed on several existing algorithms to determine the 

strengths and weakness of each one. All algorithms showed good overall performance on 

simple scenes where the bare earth surface encompassed a large proportion of the point 

cloud, but failed to perform well in complex scenes with a larger proportion of objects 

and less points describing the ground surface [6]. 
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The algorithm described by Olsen et al. [5] was one that is part of a 3D data 

viewer and analysis package and requires interactive input from the user, which is not 

suitable for this model as the intent is to have an automated process from start to finish. 

The algorithms described by Sithole et al. [6] each show a lack of consistency depending 

on the type of content, were all relatively complex, required optimization of input 

parameters based on qualitative analysis of the data and intimate knowledge of the 

algorithm. Given the complexity of these algorithms and performance problems cited by 

Sithole et al. [6], the cost of implementation far exceeded the potential benefits of 

implementation. It seemed that a simpler method could be implemented that would be 

more efficient, require less interaction and less conceptually complex while still yielding 

a similar result. For this reason, such a method was developed based on local 

neighborhood operations and is described in detail here.  

The method developed to determine the bare earth surface is referred to as the 

bare earth estimate. One point per vertical column of data is sufficient to describe the 

surface. For every column, the bare earth surface is set to the median value of the lowest 

points of its neighboring columns
iv

, where the neighborhood size is given at run time and 

describes the size of a grid with the center at the voxel in question. This grid is referred to 

as the bare earth kernel and typically has a neighborhood size on the range of 3x3 to 7x7 

bins. The size of the kernel is driven by the average point density of the input data in 

combination with the voxel sizes; as the voxel size approaches the average point density, 

                                                 
iv

 This is why the binning process only retained the lowest point per column. The bare 

earth estimate only considers the lowest point. As a result the other points were not 

needed 
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a larger kernel size is required to ensure the median value is statistically significant. 

Figure 21, Figure 22, and Figure 23 show the raw point cloud followed by the bare earth 

estimate at varying neighborhood sizes. In each figure color is again indicative of height; 

where green points are representative of the ground surface while brown to silver indicate 

trees. Figure 21 shows a forested area prior to the binning processes. Figure 22 shows the 

bare earth result using a 3x3 kernel size while Figure 23 shows the result using a 5x5 

kernel size. Both were created by binning the data using a 2x2x1 meter voxel size prior to 

applying the bare earth estimate. In the 3x3 kernel case, several non-bare earth points 

remain. Increasing the kernel size slightly allowed for those points to be removed from 

the bare earth surface resulting in an improved estimate of the surface. Although larger a 

larger kernel size will smooth the final surface estimate, it should be noted that doing so 

removes rapid changes in the actual surface from the estimate.  

 

 

 
Figure 21: Raw point cloud 
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Figure 22: Bare earth surface using a 3x3 neighborhood (binning resolution is 2 meters) 

 

 
Figure 23: Bare earth surface using a 5x5 neighborhood (binning resolution is 2 meters) 

 

 

 

Although not perfect, this simple method works well on the data used to test this 

model and follows the same trends in performance as described by Sithole et al [6], 

mainly that it worked well when a high amount of bare earth surface is present. Due to 

relatively thin tree canopies and sparsely located trees, the kernel size used can be 

relatively small and still detect valid ground points. However, if the tree canopies were 

denser and limited the amount of ground points detected by the system, the kernel size 
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required to ensure at least one valid ground point in each neighborhood becomes very 

large and the bare earth estimate would fail to give a satisfactory result. In these cases, 

one of the previously mentioned algorithms might yield better results. In addition, the 

bare earth estimate could potentially be improved if the binning process incorporated a 

method which based the point retained for each vertical column on the statistical 

distribution of the points in that voxel rather than retaining only the lowest point.  

However, as the data used here lends itself well to the bare earth estimate method and 

since the main goal of this work is to demonstrate the use of 3D LIDAR as applied to 

hydrological concepts, the bare earth estimate was used as it allows for a successful 

demonstration of the model to occur.  

3.1.5 Summary 

To summarize, the point cloud processing spatially organizes the data into a 

framework that can be efficiently worked with during later processing. This is done by 

binning the point cloud into a 3D grid space, taking care to fill data voids and 

maintaining a framework that limits memory consumption. Although conceptually a 3D 

grid is applied to the data, this 3D grid is reduced to a 2D representation by retaining only 

one point per vertical column. In addition, the point cloud processing provides the surface 

estimate, which is subsequently used by all other processing routines described here.  

3.2 The Computational Model 

The computational model handles two key aspects: the direction of water flow 

and the accumulation of water. The flow aspect determines which direction a given 

volume of water will flow over a surface and keeps track of the resulting paths. The 
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accumulation method (referred to as pooling) is invoked when the flow path reaches its 

end point, at which time it will determine where the water will settle and how it will 

accumulate with respect to the surrounding surface and any existing water. While these 

methods are based around simple physical properties, they do not contain any true 

hydrological aspects.    

3.2.2 Water Flow 

The water flow method analyzes the local surface gradients of the bare earth 

surface for each column to determine the direction of flow. At this point in the model, the 

3D grid representing the bare earth surface contains a single point for each vertical 

column and is referenced as a 2D grid. Conceptually, a volume of water is dropped onto 

each 2D grid cell and its path of descent is followed based on local surface gradients. A 

descent path for each grid cell will be determined.   

Starting with the first 2D grid space, the 3x3 horizontal neighborhood is 

determined. The gradients are calculated between opposite neighbors as shown in Figure 

24, according to the bare earth surface height value, BExy. In total, four gradients are 

calculated according the following equations.  
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Figure 24: Surface 

gradients based on 8-

connectivity 
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(3.10) 

 

The gradients are calculated for the first grid space of the bare earth estimate and, 

based on that gradient, water flows to the next grid space while maintaining a list of each 

grid space the water volume flows over is tracked. This process is repeated until a local 

surface minimum is reached, the process flows out of the data bounds, or the process 

flows over a grid space which already exists in the current flow path. Once one of these 

stopping conditions is reached, the process ends the current flow path for the first grid 

space and is then repeated for all grid spaces, resulting in Nx*Ny flow paths (one 

originating from each vertical column of the 3D grid). Figure 25 depicts this process 

graphically. The 2D grid represents the grid spaces of the bare earth estimate. Colored 

lines indicate individual flow paths. Each flow path shown ends when one of the 

previously mentioned stopping points is reached. While only the first four flow paths are 

show, one would be determined for all grid spaces shown.    
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Figure 25: Graphical depiction of flow paths 

  

 

 

Each time a grid space is visited by a flow path, a counter for that grid space is 

incremented. This allows for a flow path map to be created that tracks how many flow 

paths each grid space belongs to. This map can be viewed after the model completes by 

applying it to the bare earth surface as its brightness value, where bright areas indicate 

frequently flowed areas and dark areas indicate infrequently flowed areas (Figure 26). In 

addition to tracking flow paths for analysis after model completion, the flow path method 

also keeps track of the volume of water being flowed, which is used not only to 

determine how much water to accumulate on the surface but also modified later by the 

hydrological model. Both concepts are discussed in detail later.  
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Figure 26: Flow path map. Color indicates height, brightness indicates flow 

 

 

 

The flow path algorithm is outlined in detail below. Figure 27 shows the flow 

chart for this method. The reference to pooling in this flow chart is described in detail in 

the following section.  

1. For each vertical column       , where x=1,2…Nx=# of x bins and y=1,2…Ny=# 

of y bins 

a. Get 3x3 surrounding neighborhood 

b. Calculate gradients as described above 

c. Determine maximum gradient, Λ 

d. Move to next voxel,      =             , based on Λ 

i. If  =     ℎ     

1. ℎ       =     =   

2. ℎ       = −    =   

ii. If  =           
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1.         =     = −  

2.         =     =   

iii. If  =              
1.            = −    = −  

2.            =     =   

iv. If  =              
1.            =     = −  

2.            = −    =   
e. Repeat steps a-d until one of the following stopping conditions is true 

i.       is outside the data bounds 

ii.       represents a local minimum 

iii.       was visited in the same flow path  

f. Start new flow path at the next vertical column (repeat steps a-e) 

2. Continue until a flow path has been determined for each vertical column 
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Figure 27: Flow chart for water flow path method. Process repeats until all Z columns have been processed 
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3.2.3 Pooling 

The pooling method is called at the ‘Do Pooling’ box of the flow chart in Figure 

27. Pooling will be triggered if the flow path has reached a local minimum or if the flow 

path has visited the same point more than once, indicating a closed flow path. The 

volume of water that has flowed to this point (referred to as the pooling point) is passed 

on by the flow process. Pooling is performed by adding voxels at the same size used in 

the binning routine to the pool region starting at the pooling point (these voxels are 

referred to as water voxels). A new water voxel will not be created until old ones have 

fully saturated. The amount of water any water voxel can hold is determined by the size 

of the voxel, where it is assumed that a water voxel can hold an amount of water equal to 

its volume. The volume of water in each water voxel is tracked throughout the model.  

When the flow path method reaches a pooling point, the region defining the pool 

of water is first retrieved by finding all connected voxels to the pooling point where 

connectivity is defined as follows: 

1. The voxel satisfies 26-connectivity
v
 to the pooling point 

2. The voxel contains water 

3. The voxel is above the surface 

 

If no voxels satisfy the above criteria, it is assumed that no pool exists and one is 

initialized by using the pooling point as the first water voxel. Once the pooling region is 

determined, any voxels not fully saturated are first filled. The remaining water is used to 

determine how many new water voxels are to be added to the pool region. New water 

voxels are added in the lowest bordering voxel of the pooling region that does not contain 

                                                 
v
 26-connectivity is an extension of the 2D 8-connectivity into 3 dimensions. A voxel is 

considered 26 connected if one of its edges or corners is common to the voxel in question  
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water until the remaining water amount reaches zero. Every time a new water voxel is 

added, the pooling region is updated. This process is depicted by the flow chart in Figure 

28. 

 
Figure 28: Pooling flow chart 

  

3.3 The Hydrological Model 

The hydrological model adds the physical aspects to the computational model. 

The basic premise is to compute the change in water storage on a per voxel basis within 

the point cloud. The basic water balance equation [1] is as follows: 
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  =      −               (3.11) 

 

   Net change in water storage 

  Precipitation 

    Surface water inflow 

     Ground water infiltration 

  Evaporation 

     Surface water outflow 

 

 
Figure 29: Graphical representation of the water balance equation 

 

 

 

The model depicted above is based around conservation of mass; the total change 

in water storage for the box will be equal to the amount of water input minus the water 

output. The inputs include precipitation and any surface water inflow while the outputs 

include surface water outflow, evaporation and ground water infiltration at the ground 

surface layer
vi

. As applied to the LIDAR point cloud, each voxel directly above the 

surface is treated according to the model in Figure 29. As the voxels are in 3 dimensions, 

                                                 
vi

 Ground water infiltration only accounts for water that enters the surface layer. The 

effects of depth of infiltration or not accounted for.  

P 

Qin 
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Qout 

 

Gabs 
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surface water outflow will be accounted for on each side of the voxel as shown in Figure 

30.  

 
Figure 30: Water balance in 3D 

 

 

 

The model initially assumes steady state equilibrium where all inputs and outputs 

are zero until the model has been initiated. Precipitation is given when the model is 

initiated and represents the main water input to the overall model. Surface water flow is 

dealt with in terms of water volume throughout the model and is determined by the water 

flow method of the computational algorithm. Evaporation is based on potential 

evaporation, as derived by Hammon [17], according to the following equation.  

   = 2    
  
∗

        
                                      (3.12) 

 

In Equation (3.12),   
∗  is the saturation vapor pressure (in kPa) at the mean daily 

temperature in degrees Celsius,   , and D is the day length in hours [1]. PET yields units 
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of mm per day. However, for the purposes of this model and its implementation, the 

resulting evaporation value is converted to meters per hour.  

Ground water absorption is based on the explicit form of the Green and Ampt 

model as described by Dingman [1]. This model calculates the ground water infiltration 

rate and amount of water infiltrated into to the ground based on the precipitation rate, the 

duration of rainfall and several soil parameters, which include porosity ( ), saturated 

hydraulic conductivity (  
∗), air-entry tension (|   |) and pore size distribution index (b). 

These parameters have been quantified by Clapp and Hornberger [18] for various soil 

types based on analysis of a large amount of soil samples and are shown in Table 1. Soil 

types have been classified by their respective sand, silt and clay content.   

 

 

 
Table 1: Soil Types and Associated Parameters (from Clapp and Hornberger [18]) 

 Index*     
∗ (

  

 
) 

|   |     b 

Sand 0 0.395 1.76x10-2 12.1 4.05 

Loamy Sand 1 0.410 1.56x10-2 9.0 4.38 

Sandy Loam 2 0.435 3.47x10-3 21.8 4.90 

Silt Loam 3 0.485 7.20x10-4 78.6 5.30 

Loam 4 0.451 6.95x10-4 47.8 5.39 

Sandy Clay Loam 5 0.420 6.30x10-4 29.9 7.12 

Silty Clay Loam 6 0.477 1.7x10-4 35.6 7.75 

Clay Loam 7 0.476 2.45x10-4 63.0 8.52 

Sandy Clay 8 0.426 2.17x10-4 15.3 10.4 

Silty Clay 9 0.492 1.03x10-4 49.0 10.4 

Clay 10 0.482 1.28x10-4 40.5 11.4 

*Index value is used to determine parameters in the Green and Ampt model 
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The steps involved in this model are outlined below. When applying the above 

parameters in the equations below, care should be taken to ensure the proper units are 

used in each case.   

1. Given 

a. Precipitation rate P (meters per hour) 

b. Duration of storm tw (hours) 

c. Initial water content θ0 (unitless ratio) 

d. Soil type (Table 1) 

2. Calculate the wetting-front suction 

a. |  | =
    

    
|   |       (3.13) 

3. Calculate the time of ponding 

a.   =
  

∗ |  |      

 (    
∗)

       (3.14) 

4. Calculate infiltration at the time of ponding 

a.   =  ∗           (3.15) 

5. If tp>tw, return Fp, else continue 

6. Calculate the ‘characteristic time’ based on soil type and initial water content 

a.  ∗ =
|  |      

  
∗         (3.16) 

7. Calculate ‘compression time’ 

a.   =
  

  
∗ −

|  |      

  
∗ ∗   (  

  

|  |      
)    (3.17) 

8. Define ‘effective time’  

a.   =  −             (3.18) 

9. Compute the infiltration rate where tp<t<tw 

a.     =   
∗ [     √

    ∗

  
      −   2  √

  

    ∗ −      (
  

    ∗)] (3.19) 

10. Compute the amount of ground water infiltration at the storm duration 

a.     =   
∗ {   2         √ ∗             ∗[       ∗ −

    ∗ ]        ∗ [  (   
 ∗

 
 √ ∗     

 ) −   (
 ∗

 
)]}  (3.20) 

 

The Green and Ampt model determines the infiltration rate and amount infiltrated 

as a function of time, 0<t<tw. For the purposes of implementation, the model only 

considers the storm duration, tw. The time of ponding is considered during the application 

of the Green and Ampt model, but only because this time indicates a change in the 
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infiltration rate. According to the Green and Ampt model [1], the amount of water 

infiltrated up to the time of ponding is simply the rainfall rate multiplied by the time. 

After the time of ponding, Equations (3.13) through (3.20) are used to determine the 

amount of infiltrated. In addition, the Green and Ampt model as implemented only 

accounts for the amount of water that is infiltrated into the ground surface and does not 

account for depth of infiltration. The model only acts to determine how much water goes 

into the ground to account losses above the surface and does not consider sub-surface 

ground water flow.    

The Green and Ampt model requires the initial ground water content (θ0) as input 

and is expressed in terms of volumetric water content, defined as the ratio of water 

volume to soil volume [1]. Water volume is being tracked by the computational model, 

however soil volume is determined based on the porosities from Table 1, is specific for 

each soil type and can vary depending on the size of the voxels.  This information is used 

to estimate the soil volume within the voxel volume. Porosity is defined as the ratio of the 

sum of the air and water volume to the soil volume [1]. If a dry soil sample is assumed, 

this reduces to the ratio of air (empty space) to soil within the voxel. Consequently, the 

soil volume can now be determined for each voxel by using the porosity, ( ), and voxel 

sizes, (r), as follows.  

         =   ∗   ∗         (3.21) 

     =         −         (3.22) 

 

Following this, θ0 can then be calculated using the volume of water present in the 

soil,       , and the now known volume of soil. 
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    0 =
      

     
       (3.23) 

The ground water infiltration is tracked throughout the overall model in terms of water 

volume and, upon completion of the model, is output in terms of Equation (3.23). This 

allows for an output map to be created that represents the soil water content at the surface 

and, as with the flow path map, can be visualized by applying it as the brightness of the 

bare earth surface (Figure 31).  

 

 

 

 
Figure 31: Ground water infiltration map. Color indicates height, brightness indicates ground water content 

  

3.4 Additional Input Data 

The overall hydrological model requires additional input data including mean 

daily temperature and basic soil composition. Soil data comes from the US Department of 

Agriculture (USDA) Soil Survey data portal [19], which hosts a wealth of data including 

soil survey maps and physical properties of various soil types in the survey. The soil type 
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map was obtained in a spatial shape file format in Universal Transverse Mercator (UTM) 

coordinates. Figure 32 shows the contour map depicted by the shape file overlaid onto a 

Google Earth overhead view of the study area. The contours define closed regions of 

similar soil types; however this contour map does not describe the soil in terms of sand, 

silt and clay content. In order use this map with the parameters in Table 1, the map has to 

be redrawn so this is the case. Along with the shape file, the USGS data portal also 

provided sand, silt and clay information for each soil type depicted by the contour map. 

This was used in combination with the USDA soil texture triangle [20] to reclassify the 

soil types in terms of those shown in Table 1 for use with the Green and Ampt model [1]. 

Figure 33 shows the result of this process. The coloring of Figure 33 is based on the 

index values in Table 1. The resulting map is overlaid onto the bare earth surface and 

used as reference to determine which values in Table 1 to apply during processing.  

 

 

 

 
Figure 32: Soil type map for modeled area 

 
Figure 33: Soil map converted to be representative of 

sand, silt and clay content. Index value correspond those 

in Table 1. 
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Temperature data was obtained from the National Oceanic and Atmospheric 

Administration’s (NOAA) climate data online portal [21]. Data from August 2011 to 

August 2012 is available on a daily basis from the Cambridge, Maryland, weather station, 

which represents the nearest station to the area covered by the LIDAR data. While the 

data encompasses an entire year, the model will not be demonstrated for each day in the 

data range. This data is intended only to provide real world information, not to provide an 

in depth source of data for input into the model. As such, the mean monthly temperatures 

will be considered representative of a day in that month and only non-winter months will 

be considered. Winter is ignored as this model does not incorporate characteristics of 

snow or ice. Figure 34 shows the temperature data.    
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Figure 34: Mean monthly temperatures 
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4 MODEL IMPLEMENTATION 

A command line driven executable was created through C++ that brings together 

the aspects discussed in Chapter 3 into a common framework to create the final model. 

Several parameters are adjustable via command line inputs including the voxel size, bare 

earth kernel size, rainfall amount and duration, temperature, soil type map and input LAS 

file name. In this way, parameters can be adjusted individually to observe their effect on 

the output, however care should be taken to configure the voxel size and bare earth kernel 

size with attention paid to the details mentioned in earlier sections. All code is provided 

openly under the MIT/X11 license and available through a public repository [22] hosted 

by BitBucket.org [23].  

The point cloud processing handles general data aspects including loading and 

manipulation of the data, binning and the bare earth estimate. The computational model 

and the hydrological model work in parallel with the ultimate goal of creating pools of 

water. The flow path method moves the initial volume of water throughout the modeled 

area. The hydrological model reduces the water volume that flows over the surface while 

the pooling method allows the water to accumulate on the surface. The combination of 

the hydrological and computational models is described by the following water balance 

equation.  

 =                            (3.24) 
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The surface water flow is not shown because all surface flow occurs internally to the 

modeled area. It does not represent a gain or loss; it merely serves as a means to transfer 

the water between the parameters in Equation (3.24). This equation is also used as a run 

time check to ensure that all water input into the system is indeed accounted for.  

All results are output into collimated ASCII files which include the bare earth 

surface, the water flow path map, the ground water content map and the pooling map.   

4.1 Parameter Input 

The hydrological model requires several input parameters to be entered at run 

time via the command line which include the voxel sizes, bare earth kernel size, rainfall 

amount, temperature, storm duration and the soil type map. The choice of voxel size can 

vary but care should be taken to ensure that the voxel size is greater than the point density 

of the input point cloud to minimize the number of data voids. The bare earth kernel size 

should be set as described in Section 3.1.4.  

The rainfall is given in meters and is representative of the rainfall over a particular 

region. This amount is considered uniform over the entire area and applied as rainfall per 

square meter. In this way, the amount of rainfall can be easily divided across each 

vertical column of the binned point cloud. In cases where larger areas are to be modeled 

where the rainfall is not considered uniform over the area, the model could be altered to 

include a rainfall map similar to the soil map.  

Temperature is based on monthly mean values as described in Section 3.4. The 

soil type map describes the spatial distribution of soil types and is created prior to run 
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time from a shape file which delineates the various soil types throughout the area. Several 

permutations of these parameters will be run and discussed in the results section.  

4.2 Combined Algorithm Flow 

 

The complete steps of the algorithm are outlined at a high level here. The point 

cloud processing happens first and is not dependent on the other two models. However, 

the computational and hydrological models need to work in parallel which mainly 

involves inserting the hydrological model prior to the computational model to modify the 

volume of water that is being flowed over the surface. Specifically, this involves adding a 

variable to keep track of the amount of water being flowed, subtracting the potential 

evaporation and ground water infiltration from this water amount and adding the 

infiltration into the surface voxels. The combined flow chart is shown in Figure 35. 
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Figure 35: Combined algorithm flow chart 
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4.3 Output Data 

 All results are output into collimated ASCII point cloud files. In total, 3 separate 

data files are created. The first represents the result of the binning process and contains 

three columns to hold the XYZ coordinates of the binned data. The second represents the 

bare earth file and contains 6 columns; three to hold the XYZ coordinates of the bare earth 

surface and three additional columns to hold the soil type, flow path and ground water 

content maps. The final point cloud represents the pools and contains 8 columns; three 

for the XYZ coordinates of each water voxel and 5 additional columns representing the Z 

index
vii

 of the water voxel, the water content of each voxel and a red, green and blue 

column which allow the water voxels to be colored blue when loaded into a 3D data 

viewer.  

 In addition to the output point clouds, additional information is output at the 

command line and in a text file after the model completes. This includes the rainfall rate, 

potential evaporation and the values in Equation (3.24) which describe the volumes of 

water as distributed throughout the model. 

                                                 
vii

 This value is only a remnant of the processing and not intended to add value to the 

output product 
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5 MODEL RESULTS 

The model results in several 3D maps including the bare earth surface, ground 

water content map, flow path map and pooling map. In addition, several other values are 

output that describe the distribution of water with respect to the Equation (3.24) and 

include the total water input to the system, the rainfall rate, potential evaporation rate, 

amount of water evaporated, the amount of ground water added, how much water was 

pooled and how much water flowed off the map. These values are used to ensure that all 

water has been accounted for, but also allow for further analysis to be performed.  

The adjustable input parameters used to create the products shown here were 

chosen based on real world data and general aspects of the input point cloud. The voxel 

size was set to 4x4x0.1 meters and chosen based on the point density of the input point 

cloud (1.5 points per meter). This limited the number of data voids while still allowing 

for a detailed output. This also impacted the bare earth kernel size, which based on the 

point density and voxel size was set to 3x3 bins. The soil map was based on available 

data as described in Section 3.4.  

  The remaining inputs (storm duration and rainfall amount) were obtained from the 

NOAA Atlas 14 Point Precipitation Frequency (PPF) server [24] which provides 

estimates of the recurrence frequency for various storm durations and rainfall amounts on 

a regional basis. This information was obtained for the modeled area and is shown in 
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Figure 36. In this figure, the x axis represents the storm duration while the y axis provides 

the rainfall amounts. Each differently colored line represents a separate average 

recurrence interval, given in years. The information provided by this chart was used to 

provide a real world basis for which to demonstrate the model.  

 

 

 

 
Figure 36: NOAA Storm Frequency Estimates [24] 

 

 

 

Two storms are modeled based on the data in Figure 36: a 0.5 hour storm with a 3 cm 

(1.18 inches) rainfall amount, representing storm with a 1 year occurrence interval, and a 

3 hour storm with a 13 cm (5.1 inches) rainfall amount, representing a storm with a 100 

year recurrence interval. The grid is applied at 4x4x0.1 meters and temperature is held 

constant for each case at 24 Celsius (~75 °F), representative of the average June 

temperature from Figure 34.  
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The following figures depict the output of the model. Figure 37 represents the 

bare earth surface. In this figure, color is representative of height in meters. As both 

storms are modeled over the same area, the bare earth surface is the same for each storm.  

 

 

 

       
Figure 37: Bare Earth Surface (same for both storms) 
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Figure 38: Soil degree of saturation (Storm 1) 

 
Figure 39: Soil degree of saturation (Storm 2)  

 

 

 

Figure 38 and Figure 39 represent the ground water content. These maps are 

highly dependent on the soil types within the modeled area, which control the infiltration 

rate of the water into the ground. In some cases, the soil composition was such that very 

little water was allowed to infiltrate while other areas allowed a high amount of water to 

infiltrate. The parameters in Table 1 are the driving factor for this output map. 

Differences in added ground water due to storm intensity can readily be seen as the map 

for storm 1 is nearly all shades of blue, while storm 2 contains the full color scale range.   

Figure 40 and Figure 41 depict the water flow maps. Bright areas indicate that 

more water flowed over that area. When analyzed with the water content maps, it can be 

seen that high flow rates occur over areas with high ground water content. This is again 

due to the dependence on soil type, where those areas that allow for a high infiltration 

ground water will leave less water available for surface flow. In storm 1, low flow rates 

0 

1.0 

0.5 
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occur in areas with high ground water content. The same is true for storm 2; however 

more water is available to fill the ground water and also for surface flow.  

 

 

 

 
 

Figure 40: Flow path map (Storm 1) 

 

Figure 41: Flow path map (Storm 2) 

 

 

 

Figure 42 and Figure 43 show the resulting pools of water, where blue indicates a water 

voxel and black indicates no water has pooled. With respect to the previous output maps, 

it can be seen that the water tends to pool in low lying areas with low surface gradients in 

areas with low flow rates and a relatively high ground water content. Quantitatively, the 

pools for storm 1 consist of 500k water voxels representing 72.62x10
3
 m

3
 of water while 

the pools from storm 2 consist of 1,500k water voxels representing 1.88x10
6
 m

3
 of water.  
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Figure 42: Pools (Storm 1) 

 
Figure 43: Pools (Storm 2) 

 

 

 

The interpretability of the pooling maps by themselves is fairly limited, but can be 

improved if they are overlaid onto the bare earth surface, as in Figure 44 and Figure 45. 

This allows for an improved visualization of where the water pools with respect to the 

underlying surface. In these images, color is indicative of height with the exception of 

blue representing the pools of water.  



57 

 
 
Figure 44: Bare earth with pools overlaid (Storm 1) 

 
 
Figure 45: Bare earth with pools overlaid (Storm 2) 

 

 

 

The above images simply allow for the pooling areas to be visualized with respect to the 

surface gradients. It can be seen pooling tends to occur as expected in areas with low 

variations in surface gradients (areas with a constant color). However, the 2D view of the 

3D product is still fairly limiting in its interpretability. By using a 3D data viewer to 

zoom and rotate the output, a more in depth qualitative analysis can be conducted, as 

shown in Figure 46 and Figure 47 which are representative of the areas depicted by the 

yellow boxes in Figure 44 and Figure 45. 
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Figure 46: Zoomed and rotated view of Figure 35 

 
Figure 47: Zoomed and rotated view of Figure 36 

 

 

 

The storms modeled here serve to demonstrate the functionality of the model. 

Each of the above output maps depicts information regarding the water distribution 

throughout the modeled area. The ground water map gives good indication of amount of 

water added to the ground for the different soil types within the area while the flow path 

map shows directionality of the surface water flow. The pooling maps clearly show the 

areas where the water pools while the ability to overlay this pooling map over the bare 

earth surface provides insight into where the pooling occurs and how the surrounding 

surface contours affect the resulting pools. While the 2D view provided here is fairly 

limiting, a more in depth qualitative analysis can be performed over any area in the point 

cloud by using a 3D data viewer which allows for zooming and rotating of the data. 

Qualitative analysis of each output map has shown that the model responds as intuitively 

expected where the pools occur in local minimums, the flow paths follow surface 

gradients and the added ground water is dependent on soil characteristics. In addition to 

the maps created, all data is easily accessible in a collimated ASCII file which allows for 

quantitative analysis of the resulting output to be performed if desired (for example, the 
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amount of ground water added with respect to soil type could be analyzed). With all 

aspects considered, this model yields a high level of information for any studies that 

would be performed.   

More specifically, the ground saturation and flow path maps clearly show the 

relationship between the two. In areas with high amounts of added ground water, more 

water flows over the surface. Additionally, the pooling map directly indicates where the 

water pools. All this information has implications into drainage analysis, where pooling 

information could be used to identify problem areas and more desirable pooling regions 

while the flow path information could be used to place emphasis on areas with a high 

water flow and direct the water to more desirable pooling areas.       

In addition to the output maps, the model also outputs values describing the total 

water distribution within the overall model, which are output in an ASCII text file after 

the model completes. The intent of this is to allow for a check to ensure that all water is 

accounted for; however, this information also allows for further analysis to be performed. 

To demonstrate this, the model was run for twelve cases of varying storm strengths, 

which were again configured based upon the data in Figure 36. These results allow for 

macro level analysis of the model to see how the overall water distribution changes with 

varying storm parameters. The model results are shown in the Table 2.  
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Table 2: Water distribution within multiple runs of the model 

Time 

(hr) 

Rain (m) Rain Rate 

(m/hr) 

Total 

Rain (m3) 

PET 

(m/hr) 

Evaporated 

(m3) 

Added to 

Ground (m3) 

Pooled 

(m3) 

Off Map 

(m3) 

0.50 0.03048 0.0610 144330 0.000183 868.47 70686 72618 161.02 
0.50 0.04267 0.0853 202070 0.000183 868.47 84209 116730 260.81 
0.50 0.05435 0.1087 257400 0.000183 868.47 96374 159790 357.50 
0.50 0.06454 0.1291 305650 0.000183 868.47 106800 197540 442.55 
3.00 0.05054 0.0168 1436100 0.000183 5210.80 751410 678020 1479.00 
3.00 0.07518 0.0251 2136100 0.000183 5210.80 1082200 1046400 2305.40 
3.00 0.10312 0.0344 2930000 0.000183 5210.80 1454900 1466600 3246.70 
3.00 0.13081 0.0436 3716600 0.000183 5210.80 1823500 1883700 4185.10 
6.00 0.06197 0.0103 3521700 0.000183 10422.00 1781800 1725700 3753.10 
6.00 0.09220 0.0154 5239300 0.000183 10422.00 2781000 2442300 5580.30 
6.00 0.12903 0.0215 7332200 0.000183 10422.00 3837100 3476600 7980.00 
6.00 0.16713 0.0279 9497200 0.000183 10422.00 4928200 4548100 10462.00 

 

 

 

The data in Table 2 allows for simple analysis of the ground water to be 

performed. Figure 48 shows a plot of the two dominant distribution factors (ground water 

content and pooling) depicted as a percentage of the total water versus rainfall rate. From 

this plot, it can be seen that for low rain rates, a higher percentage of the total water is 

absorbed into the ground than is pooled. For higher rainfall rates, the inverse is true. This 

is because as the ground becomes more saturated, less water can infiltrate the ground 

layer and is reallocated to accumulate over the surface. This gives insight into which 

rainfall rates will yield high amounts of water accumulation and aid in flood prediction 

efforts. Many other comparisons between parameters and the output maps are possible. 

This is just one example analysis that can be performed with the model’s output that 

serves to demonstrate the utility of the output data.  
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Figure 48: Percentage of pooled water and added ground water 

 

 

 

A final note on the results involves run times and memory usage. The model was 

run in a single thread mode on a system with 3 gigabytes of available ram and a processor 

speed of roughly 2.4 GHz. While several aspects affect run times and memory usage, the 

dominant factor is the voxel size. The above results were acquired by using a 4x4x0.1 

meter voxel size. In this case, model run times were on the order of 2 minutes. When 

increased to 2x2x0.1 meters, which approaches the average point density of the data, run 

times jumped to roughly 20 minutes. Of the modeled storms, memory usage ranged from 

less than 100 to 500 MB using the 4x4x0.1 resolution. When the 2x2x0.1 meter 

resolution was used, this range increased to 200 MB to just over 2 GB.  

Memory usage proved to be dominated by the amount of water voxels added and 

hence the amount of water input to the system. Due to the binning method, the vertical 

size of the voxel does not affect the binned point cloud; it only affects the size of the 

water voxels. When the Z voxel size is increased to allow water voxels to hold more 
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water, the difference in run times and memory usage for varying horizontal voxel sizes is 

greatly decreased. This behavior was expected as simply halving the horizontal voxel size 

means that more voxels are used to represent the same amount of area and by adding 

more water, more water voxels need to be represented. By increases the vertical voxel 

size, each water voxel can hold more water and reduces the total number of water voxels 

for the same amount of input water. Despite the conceivably large memory usage, this 

model is more than capable of running in a reasonable amount of time on a moderate 

computing system and offers flexibility in output fidelity to allow for the trade space 

between output and run time to be considered.  
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6 CONCLUSIONS 

Presented here was a hydrological model based on 3D LIDAR point clouds 

implemented in C++. The output results show that the model successfully incorporates 

3D spatial information, temperature, soil properties and real world storm information to 

account for ground water absorption, surface water flow, evaporation and accumulation 

of water over an area. The model allows for a micro level analysis of the modeled area 

through the various output maps while also allowing for a macro level analysis through 

the water distribution information. 

With the model as is, there are numerous further studies that can be performed. 

For example, the model could be configured to run multiple times to represent a single 

storm. In this case, a 3 hour storm could be split into 10 minute increments, allowing for 

the model outputs to be analyzed as a function of time. Other studies could focus on 

running the model over larger areas, which can be done by either merging adjacent data 

sets into a single large file or by running the model independently on several adjacent 

areas. In the latter case, the water that flows out of bounds needs to be accounted for 

between runs. Further studies could run variations on soil types and initial soil water 

content to gain insight into how various soil types react to different storm durations and 

amounts.  
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While this model incorporates a wealth of input information to increase model 

functionality and accuracy, there are several other aspects that could be included to 

further the model’s functionality. Some of these concepts are detailed below.  

1. Classification Maps 

 Maps of existing water bodies within the area to be modeled could be used 

to delineate existing pool regions in the data. As water is a low reflectivity 

target at LIDAR wavelengths, this could also aide in the reduction of data 

voids 

 Roadways and other non-permeable objects would improve accuracy of 

flow path and ground saturation maps. 

2. Ground water flow 

 This model does not account for ground water flow beneath the surface. 

This would require additional input data including initial soil water 

conditions and depth of water present in the soil along with 

implementations of methods to account for these aspects. 

3. Discharge analysis 

 The model currently stops when the storm is complete. Incorporating 

methods to account for the dissipation of water as a function of time after 

the storm would add a level of completeness to the model.   

4. Model Validation 

 While effort was put towards ensuring the model used real world 

parameters and input data, the work presented did not include an 

assessment of the accuracy of the model as compared to a real storm over 

the modeled area. Such a study would be worthwhile to perform in the 

future.     

 

With respect to model accuracy, it should be noted that the binning process and 

the bare earth estimate are inherently smoothing the data. While the combined effect 

results in more consistent output later in the model, there is an element of interpolation 

that occurs during these processes that affects the surface estimate and consequently the 

hydrological modeling. These methods basically reduce the conceptual complexity of the 

problem to the general case to demonstrate that working with the 3D data can be done in 

a simple manner and still yield meaningful results. If this model were to be used in the 

future, it would be beneficial to investigate variations of the binning process which would 
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improve the final surface estimation. For example, instead of retaining only the lowest 

point in each vertical column, it could help to take some statistical combination of the 

points in the lowest voxel. Alternatively, variable voxel sizes could be used to account for 

variations in point density where the interpolation of the ground surface would be based 

upon a weighted distribution of the points.   

As mentioned in the Section 3.1.5, the implemented method reduces the 3D 

problem to a 2D representation. The main motivation of this was to demonstrate the 

complex 3D case can be reduced to a simpler 2D problem if approached in an intelligent 

manner based on knowledge of the ultimate goal. Conceptualizing the binning process in 

3D and reducing it down to 2D for the surface estimation allowed for the gap between the 

point cloud and surface estimate to be visualized in a simple manner. While the overall 

problem was reduced to a 2D implementation, the 3D nature of the model is still present 

in the pooling routine. While a 2D model would only allow for the X and Y position of 

water to be visualized, this model allows for full 3D to occur where multiple water voxels 

are stacked on top of each other.   

The model described here demonstrates that 3D Imaging LIDAR can be 

effectively and efficiently used in hydrological modeling both on a macro and micro 

scale. Multiple concepts and methods have been incorporated into a single, conceptually 

simple framework. While there is room for improvement in the model, a high level of 

information can be obtained with this model and analyzed for further hydrological 

studies. The fusion of multiple data sources, processing methods and hydrological 
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concepts have all come together to demonstrate a hydrological model designed around 

3D LIDAR point clouds which yields a high level of output information. .   
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