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Reliable geographic intelligence is essential for urban areas; land-cover 

classification creates the data for urban spatial decision making. This research tested a 

methodology to create a land-cover map for the main campus of Florida Atlantic 

University in Boca Raton, Florida. The accuracy of nine separate land-cover 

classification results were tested; the one with the highest accuracy was chosen for the 

final map. Object-based image segmentation was applied to fused and LiDAR point 

cloud (elevation and intensity) data and aerial imagery. These were classified by Random 

Forest, k-Nearest Neighbor and Support Vector Machines classifiers. Shadow features 

were reclassified hierarchically in order to create a complete map. The Random Forest 

classifier used with the fused data set gave the highest overall accuracy at 82.3%, and a 

Kappa value at 0.77. When combined with the results from the shadow reclassification, 

the overall accuracy increased to 86.3% and the Kappa value improved to 0.82. 
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CHAPTER 1 INTRODUCTION 

1.1 Importance of Land-Cover Classification and Its History 

The human population, despite lowering fertility rates in developed countries, is 

expected to increase dramatically by the year 2050 and even triple in certain developing 

countries such as India and Uganda (United Nations, 2005). By 2030 the United Nations 

expects every region of the developing world to house a significantly larger urban 

population than the previously dominated rural population (United Nations, 2005). 

Researchers are preparing for this change by warning local governments to be aware of 

the future problems they will face, such as restricted resources, understanding the varying 

demographics in urban areas, and monitoring urban development and crime patterns 

(Fischer et al., 2004; Chainey and Ratcliffe, 2013).  

The bulk of early remote sensing research was focused on classifying the land-

cover of natural environments. However, with the increase of human inhabitance in urban 

areas there has been a shift towards urban focused remote sensing (Weng and Quattrochi, 

2007). With dependence on computers and technology the need to create reliable 

geographic intelligence is high. As cities begin to overflow and radiate in size, urban 

planners and governmental officials will need to develop new policies and create accurate 

data sets that portray the swelling population accurately (Montgomery, 2008). Urban 

land-cover (also referred to as land-cover) classification provides that data. Geographic 

Information Systems (GIS) usually get the credit for the efforts put into urban analysis 
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and planning deliverables yet, remote sensing classification is what initially creates the 

data. Without land-cover classification there would not be the abundant GIS analysis that 

people have today because there would be no data to work with. GIS may be fast and 

useful yet it would just not be possible with out the initial spatial data layers it mandates.  

 The simplest form of collecting urban land-cover data is by manually digitizing 

each feature on the ground. However, this process is time and labor intensive. In addition, 

when the digitization is complete, the city landscape might have changed with additional 

developments, leaving the newly created data set inaccurate. Other problems develop 

especially when a natural disaster occurs, such as unpredictable and destructive 

earthquakes, tornadoes or hurricanes. Land-cover data needs to be available and be as 

accurate as possible for proper modeling and GIS analysis of storm surges, track hazards 

and direct relief efforts quickly and effectively. For example, sea-level rise is a current 

concern for South Florida, it affects populations that lie in locations with low elevation. 

With suitable land-cover data, models can show which buildings will be flooded rather 

than which parcels are affected. A homeowner is in less peril when their lawn is flooded 

compared to their home. Yet, an overriding number homes in Florida, especially in the 

south, reside on the coast, which is where most flooding occurs (Cooper et al., 2013). 

Parcel data is not as precise of a spatial resolution, buildings could provide a more 

accurate depiction of population distribution (Xie, 2006). Land-cover classification not 

only creates vector data sets for buildings but also all other land-cover types.  

 Urban land-cover classification is a subsection of digital image processing. 

Conventionally, when visual image interpretation was used to collect land-cover data it 

would be laborious and time intensive. However, in the mid 1980’s there was a turn 
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towards digital image processing as computers became increasingly user-friendly, 

affordable and more powerful (Gao, 2008). Digital image processing offered the ability to 

classify images by isolating pixel values per band, making computer-based decisions 

quickly and allowing the analyst to classify unfamiliar areas (Gao, 2008). As the 

technology developed and remote sensing data sources improved over time, in spatial and 

spectral resolution, it has affected the strategies used for image classification (Schiewe, 

2002; Gao, 2008). The four main strategies used are as follows: pixel-based, edge-based, 

region-based and object-based (Schiewe, 2002). Each of these strategies are dependent on 

the spectral information provided by the pixel and it leave the spatial information of the 

pixel go unused.  

Object-Based Image Analysis (OBIA or GEOBIA) takes advantage of both 

spectral information and the spatial information of the data sources (Hay and Castilla, 

2008; Blanschke, 2010). OBIA creates objects from homogeneous pixels that are fused 

together, those objects (also known as segments) contain the spectral information of the 

pixels and the spatial assortment information (Baatz et al., 2001; Gao, 2008). There have 

been major advancements for image classification in OBIA, due to the advancement of 

image interpretation strategies as well as improvements of image spatial resolution, 

computer processing and software. Prior to these technological advancements, OBIA was 

incredibly difficult to implement for image classification. Within the last ten years, there 

has been a great movement towards OBIA and away from pixel-based segmentation 

strategies. With higher resolution data more available, pixel-based 

segmentation/classification ran into the problem of not being able to find accurate pure 

pixels (pixels that perfectly indicate a single land-cover class) to classify features, instead 
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the resulting image classification would have more of a salt-and-pepper effect when 

classifying this data (Gao, 2008; Blaschke et al., 2008; Blaschke, 2010). 

Data fusion was developed as a technique to create data which was more valuable 

than the non-fused data (Campbell and Wynne, 2011). Different data types have 

advantages and disadvantages and free publicly available data does not always  have the 

highest resolution. So data fusion with a second or third data source could allow for a 

more accurate classification. In the early years of data fusion, it was common to fuse 

coarse resolution imagery with a finer resolution imagery, such as panchromatic imagery 

(Campbell and Wynne, 2011). Presently, with the availability of several data types, aerial 

imagery commonly fused with Light Detection And Ranging (LiDAR) elevation data. 

LiDAR can counteract shadows, which are a constant issue with classification when 

using imagery alone (Zhou et al., 2009). Other studies have fused imagery with 

hyperspectral data as well as chronologically different imagery and pan sharpened bands 

(Yuan et al., 2005; Pacifici et al., 2009; Zhang, 2014). 

OBIA assists in simple and fast data fusion, because OBIA allows for the option 

to manipulate how each data input is weighted in the segmentation process (Gao, 2008). 

A second data source can provide information that could be used to create the object 

features or it could be supplemented after segmentation to assist in classification such as 

the object-based pixel/feature-level fusion (PFLF) method that was developed by Zhang 

and Xie (2014). PFLF takes full advantage of objects while allowing the addition of a 

second or third data source to be fused with the segments before classification (Zhang 

and Xie, 2014).  
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Classifiers treat object segments similar to pixels during classification, on an 

object-to-object basis (Gao, 2008). OBIA combined with powerful classifiers can digitize 

large urban landscapes into useful data. When private organizations and governments are 

in possession of this data the possibility of mitigating anthropogenic created risks as well 

as managing urban resources efficiently and effectively.  

1.2 Objectives 

The main objective of this thesis was to evaluate the prospect of fusing high 

resolution aerial imagery with LiDAR elevation and intensity data to map Florida 

Atlantic University’s (FAU) main campus in Boca Raton, Florida. An OBIA method was 

used to classify the land-cover of the campus based on Johnson’s (2012) approach. The 

data fusion was based upon the PFLF technique Zhang and Xie (2014) developed. Three 

machine learning supervised classifiers were compared to identify land-cover classes 

whose accuracy increased with the application of data fusion: Random Forest (RF), k-

Natural Neighbors (kNN) and Supervised Vector Machines (SVM). The most accurate 

combination of classifier and data set was then used for shadow restoration. In shadow 

restoration, the classified shadow objects are separated and reclassified into non-

shadowed classes. The restored objects are then added to the optimal classification and 

then used to create a final land-cover map of the study site complete with no shadows.  
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CHAPTER 2 LITERATURE REVIEW 

2.1 Object-Based Image Analysis  

Objects give a greater meaning to features by fusing pixels together that are 

within a certain range of homogeneity (Benz et al., 2004; Blaschke, 2010). The spatial 

characteristics of objects (their size, shape, area and etc.) can also be utilized as 

additional information for significant an improvement in accuracy of classification. With 

OBIA, objects take into account inner-object heterogeneity during object creation (Benz 

et al., 2004). Compared to pixel-based methods, which look at each pixel discretely, 

OBIA can follow ecological patterns due to how well the objects are segmented (Gao, 

2008). Also unlike pixel-based, OBIA removes the necessity of the post-processing 

smoothing step required in a pixel-based classification (Tuxen and Kelly, 2008). Lastly, 

multiresolution segmentation is able to capture the various scales of features that appear 

within the data in a more accurate representation than a pixel-based single scale 

segmentation could (Baatz and Schäpe, 2000). Overall, OBIA takes advantage of all the 

current trends in remote sensing as of the present (increased resolution in data and better 

computers) and it allows for an expansion in land-cover mapping that could not be 

obtained quite as easily previously. 

2.2 Urban Remote Sensing 

 The uses of land-cover information are numerous, from population prediction to 

emergency management planning, it is increasingly important as it directly affects 
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citizens every day (Weng and Quattrochi, 2007). GIS provides reliable tools to create 

geographic intelligence which assists in urban planning decision making and identifying 

problems. However, GIS does not create land-cover data, such as building footprints. 

Land-cover classification provides accurate building footprints and more for large areas, 

going hand in hand with GIS in urban remote sensing. 

2.2.1 Urban Remote Sensing with Spectral Information 

 Pixel-based methods for remote sensing have been predominantly featured in 

urban land-cover classification. Yuan et al. (2005) used multi-temporal aerial imagery to 

classify land-cover for multiple years in order to monitor land-cover change. They 

compared land-cover at specific time frames based upon the original land-cover list 

established by Anderson et al. (1976). Their pixel-based approach used a maximum 

likelihood classifier with a 3x3 majority smoothing filter. Many high resolution studies 

have shown a salt-and-pepper effect, a post-processing smoothing filter helped to remove 

that effect (Yuan et al., 2005; Moran, 2010).  

 Increasing spectral resolution of imagery data does not always improve 

classification when using a pixel-based approach as it is more likely to create the salt-

and-pepper effect (Pacifici et al., 2009). Therefore, increasing the spatial resolution has 

actually decreases classification accuracy in pixel-based classification (Pacifici et al., 

2009). Cleve et al. (2007) showed that when comparing object-based spectral 

classification to a pixel-based approach, the object-based approached proved to have a 

higher accuracy than the pixel-based approach. Thus their object-based results were used 

for their final classified land-cover map. 
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Johnson (2012) used the RF classifier with his object-based segmentation. His 

results show that RF was suitable for large data sets, resulting in a high overall land-cover 

classification accuracy of 94.5% (Johnson, 2012). The RF classification combined with 

object-based segmentation has been shown to have highly accurate land-cover 

classification in many studies (Novack et al., 2011; Johnson, 2012; Zhang, 2015). The 

main weakness in OBIA is the dependence it has on segmentation scale selection which, 

if not chosen correctly, then affects accuracy drastically (Gao, 2008; Johnson and Xie, 

2011; Johnson, 2012). In Johnson and Xie (2011) an unsupervised scale selection method 

was introduced for calculating the optimal scale alternatively to the visual method 

typically used. A global score was calculated using object inner-object variance as well as 

neighboring object homogeneity. Using this method to select a segmentation scale 

allowed for the removal of bias within a study by ranking each scale according to its 

spatial based variables, thus introducing reliability when selecting a scale level (Johnson 

and Xie, 2011; Johnson, 2012; Zhang and Xie, 2014; Zhang et al., 2015). 

2.2.2 Urban Remote Sensing with Spatial Information  

 Spatial information serves as a valuable data source since it provides information 

that spectral data sets are unable to collect. Spectral information collects the spectral 

signatures of features while spatial data provide elevation and topology data (Campbell 

and Wynne, 2011). LiDAR is a popular source of spatial data especially since it has 

become easily available for most areas with a utilizable average point density. Im et al. 

(2008) classified land-cover using both LiDAR elevation and intensity information with 

an object-based decision trees classifier. They noted that the intensity data affected their 
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resulting classification the most, their results had an overall accuracy of above 90% for 

their urban classes (Im et al., 2008). 

Brennan and Webster (2006) stated that the mean values of the spectral 

information were most important for their classification accuracy compared to the 

elevation values. Objects with high variance within themselves resulted in the most errors 

in their object-based hierarchy classification (Brennan and Webster, 2006). Indicating 

that their segmentation scale was most likely too large for the smallest ground features in 

their study area (Johnson and Xie, 2011; Johnson, 2012). Zhou (2013) compares the 

results of a LiDAR data classification to multispectral imagery data classification, and 

then to a third fused data set with both LiDAR and multispectral imagery data 

classification. The non-fused LiDAR classification resulted in an urban land-cover 

classification with an overall kappa value of 0.87, a highly accurate result that is 

utilizable. Yet, he found that the fused data set classification had the highest accuracy 

compared to the non-fused classifications, resulting with a kappa value of 0.88. 

12.2.3 Urban Remote Sensing with Fused Spectral and Spatial Information 

 Spectral resolution has a limit to how fine it can be while still being accredited for 

raising the accuracy of an urban land-cover classification (Pacifici et al., 2009), spatial 

data could provide a solution to that issue. Data fusion was traditionally accomplished 

with a combination of two spectral data sources most often. Spatial data was previously 

(in the last ten years) not as available as it is presently. Now the two most commonly 

fused data types are spectral and spatial data sets. Huang et al. (2011) fused aerial 

imagery and LiDAR data in three different ways, however his reclassification method 

had the highest accuracy, an overall of 95%. The reclassification data fusion method was 
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compared to a vector stacking fusion and a post processing fusion, all using the same data 

sources. His reclassification first used an object-based approach with an SVM classifier 

to classify the spectral signatures of the imagery data, then he added the LiDAR data to 

the objects and reclassifed the fused data set. This technique is similar to the object-based 

pixel/feature-level fusion (PFLF) method used in Zhang and Xie’s (2014) study as well 

as Zhang’s later publication (Zhang et al., 2015), indicating that this data fusion method 

may be reliable for achieving highly accurate results. 

Results from Hartfiled et al. (2011) show that data fusion can lead to a more 

accurate classification. They compared a multispectral data set classification to a fused 

LiDAR and multispectral data set classification. They had their best results with the fused 

regression tree classification and noted that the more LiDAR information they 

incorporated (starting with a DEM and then cumulatively including intensity as well as a 

nDSM) the higher their accuracy became. Haito et al. (2007) compared a pixel-based 

classification to an object-based classification with fused aerial imagery with LiDAR 

data. Using the SVM classifier, the pixel-based method still gave a salt-and-pepper effect 

with the results therefore, the optimal classification was the object-based method. Data 

fusion creates larger data sets and OBIA has been shown to take advantage of the 

variance by creating objects that systematize the heterogeneity effectively (Johnson, 

2012).  

Fused spectral and spatial data sets could also be to used for shadow classification 

(also known as shadow restoration) (Benz et al., 2004; Zhou et al, 2009). Shadow 

restoration creates a complete land-cover map as it reclassifies the shadow class into an 

appropriate non-shadow land-cover class. Most often, shaded areas are classified as their 
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own shadow land-cover class rather than being reclassified into more meaningful non-

shadow land-cover class. In these cases, it becomes an inevitable part of land-cover 

classification yet, as a product, it is not as useful as land-cover map without shadows. 

While data fusion has been used frequently to improve land-cover classification there has 

been less involvement to improve shadow restoration techniques by using a combination 

of LiDAR and imagery (Zhou et al, 2009). Zhou et al. (2009) used three different fusion 

methods to restore shadows. First they segmented the Quickbird imagery into objects and 

classified them. They then re-segmented the objects into a finer scale and added elevation 

information (nDSM) to re-classify the segments by rule-based decisions. These rules 

were based on elevation and the NDVI of a second image that did not have shaded pixels. 

With the second method they used two temporally different images, one without shadows 

and one (of higher resolution and current) with shadows. The third method used the same 

concept as the second but went a step further and re-segmented the shadow objects into a 

finer segmentation scale to reclassify. Both the second and third methods did not fuse the 

imagery with LiDAR information and had lower accuracies than the fused method. Their 

final fused shadow restoration had a kappa value of 0.74 and an overall accuracy of 81%. 

Dinis et al. (2010) combined two pan-sharpened images with LiDAR elevation data 

(nDSM) to restore shaded pixels. They used a histogram threshold method to separate 

shadows from non-shadows and then separated the water from the shadows. They 

reclassified the shadows using their initial classification method and had an overall 

accuracy of 91%. 
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CHAPTER 3 METHODOLOGY 

3.1 Study Area 

 The study site includes the main campus of Florida Atlantic University (FAU) in 

Boca Raton, Florida (26° 22’ 15”; 80° 5’ 53”) which is about 2.2 km2 in area. The 

campus contains 105 buildings yet there are areas that were masked out due to the 

temporal gap between the two data sets used in this study (see Figure 1). The LiDAR data 

used in this study was collected in 2007 while the aerial imagery was collected in 2010. 

There has been construction since the first data set was collected, those areas were 

masked out for this stufy. Water was also masked out for this study as it was too minimal 

of an area to be considered for its own class. FAU’s campus was first built in 1964 on 

what was previously a United States Army air field base, called the Boca Raton Army Air 

Field (Curl, 2000). Due to this, the campus was built at the eastern portion of the air base 

while the triangle area in the northwest corner was left as a wildlife preserve (Figure 1). 

The layout of the campus shifts from an area of buildings that are clustered at the center, 

to larger stretches of pavement on the eastern and northern sides of the campus. Many 

buildings on campus are spaced out about 15- 20 meters from each other and thus 

shadows cast by them usually do not obstruct other buildings, rather the shadows cover 

grass or pavement.  
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Figure 1. Map of study site, Florida Atlantic University's Boca Raton Campus. 

 
3.2 Data 

Two data sets were used in this study, a high spatial resolution aerial imagery and 

a LiDAR point cloud data set. The aerial imagery used was collected for the National 

Agricultural Imagery Program (NAIP) by the United States Department of Agriculture on 
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October 9, 2010. The imagery that was the closest temporally to the LiDAR data set was 

an image collected in August 7, 2007 however, because it was only a 3-band image (Red, 

Green and Blue spectral channels) it did not include the near-infrared (NIR) band. 

Therefore, this imagery was not used for the study. It was essential to use the NIR band 

in order to properly classify vegetation, thus the imagery collected in 2010 was selected 

for use in this study instead. The aerial imagery had a spatial resolution of 1 meter and 

included four spectral channels (Red, Green, Blue and NIR). The accuracy of the imagery 

was 6 m at a 95% confidence level. The imagery data set was downloaded from the 

United States Geological Survey Earth Explorer website.      

In 2007 the state of Florida Division of Emergency Management flew a federal 

LiDAR project. It was collected data for the Federal Emergency Management Agency’s 

(FEMA) Flood Insurance Rate Maps (FIRM). An integrated ground and surface water 

model was preprocessed to provide topologic data for the project. The LiDAR point 

cloud was collected by 3001, Inc between August 3 and August 11 in 2007 using the 

Leica ALS-50 LiDAR system. This system accumulates small footprints with multiple 

returns and has an average point density of 1.99 points/m2 for the FAU study site. The 

LiDAR point cloud data was downloaded from the Digital Coast Data Access Viewer 

website provided by the National Oceanic and Atmospheric Administration.  

 

3.3 Preprocessing 

 The LiDAR data was pre-processed to normalize the elevation values (Zhang and 

Xie, 2014). This was accomplished by subtracting the digital surface model (DSM) by 

the digital elevation model (DEM). The LiDAR intensity data came with the point cloud 
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data set. The intensity measures the strength of the laser return during the collection of 

LiDAR data, it is based on the reflectance of the object it has bounced off of. Both 

elevation and intensity were extracted from the original LiDAR point cloud data at a 1-

meter spatial resolution to keep consistent with the high resolution aerial imagery which 

also has a 1-meter resolution. For this study area the aerial imagery was mosaicked to 

create a complete image of the study site. Both tiles were taken from the same data set 

collected in 2010.  

3.4 Multi-resolution Segmentation 

 An object-based image segmentation was first done to create the feature objects. 

This was a critical step due to the quality of object segments produced (Baatz and 

Schäpe, 2000; Benz et al., 2004; Johnson and Xie, 2011). A highly accurate segmentation 

produces object features that are able to include an image feature entirely. The image 

object segments were created using the software program eCognition, developed by 

Definiens, who is currently owned by Trimble (Trimble, 2014). A multi-resolution 

segmentation algorithm run in eCognition effectively merges single pixel objects to 

neighboring pixels of similar or equal properties until an evident maximum of 

heterogeneity has been reached (Baatz and Schäpe, 2000).  

The maximum of variance is defined by the user with the scale parameter of the 

multiresolution segmentation algorithm (Baatz and Schäpe, 2000; Benz et al., 2004). The 

weights of each band area are also able to be determined by the user to place significance 

on a particular spectral band of an image in relation to the other bands. In addition, 

weights could be applied to residual segmentation factors which included smoothness and 

shape. In this study all the weights parameters of the segmentation were set to be equal.  
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Object-based scale selection has traditionally been done by a visual user-based 

method, which means it could be influenced by bias easily (Johnson and Xie, 2011). 

Using the global score removes that bias because it calculates the optimal segmentation 

scale using the segments inter and intra heterogeneity measures (Johnson and Xie, 2011).  

In this study, the scale was compared in increments of 10 ranging from 10 to 100 while 

leaving all other segmentation parameters equal. Once the objects were exported for each 

scale level the unsupervised global score scale selection was performed on each scale 

level to determine the optimal scale for classification. 

 

3.4.1 Global Score 

The optimal segmentation scale was determined by using the calculated global 

score, or rather, the goodness measures of the object segments at each scale. Goodness 

measures compute the inter-segment heterogeneity and intra-segment homogeneity 

(Espindola, 2006; Johnson and Xie, 2011). Human eyes perceive an object as the area 

that is consistent within a border, indicating variance at the object edges and beyond; the 

global score calculation indicates the highest goodness measure for a scale level of 

objects. As the segmentation scales increase, thresholds of variance with the pixel objects 

are greater and create less defined object segments. Over-segmentation and under-

segmentation are both issues that greatly affect the overall classification accuracy (Kim et 

al., 2009; Liu and Xia, 2010; Johnson and Xie, 2011). The global score manages this 

multi-scale problem by employing an unsupervised selection approach similar to how an 

experienced analyst would select the appropriate scale level, only without human bias 

(Johnson and Xie, 2011). 
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 The unsupervised scale selection method was calculated using two variables; the 

normalized Moran’s I and the normalized weighted variance (Johnson and Xie, 2011). 

Moran’s I has been effective in several studies as a good measure of the statistical 

division between object segments, also known as inter-segment heterogeneity, and thus it 

measures how similar an object is to its neighboring object-segments (Fatheringham et 

al., 2000; Espindola, 2006; Kim et al., 2009). The normalized Moran’s I was calculated 

for each band of each scale level and the global score was calculated for each band for all 

segmentation scale levels (Johnson and Xie, 2011). When calculating the average global 

score all the spectral bands were combined in order to have equal weight when 

calculating the optimal segmentation scale (Johnson and Xie, 2011). 

The intra-segment homogeneity was measured using the normalized weighted 

variance, variance weighted by the area of each segment. Homogeneity is indicated when 

there is low variance within an object, when combined with the total area of an object it 

allows the larger objects to have greater effect on the final global score (Johnson and Xie, 

2011). The final global score was calculated by adding the normalized Moran’s I and 

normalized weighted variance together (Johnson and Xie, 2011). The scale with the 

lowest global score value was the optimal segmentation scale for the data set used in 

segmentation (Johnson and Xie, 2011). For their details on calculating the global score 

including the equations refer to Johnson and Xie’s (2011) publication. Figure 2 shows the 

final graph of the calculated global scores for the high resolution imagery used in this 

study. The optimal segmentation was determined to be at scale level 30 as it was the scale 

with the lowest global score value, at 0.80. The segmentation scale was kept consistent 
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for the remainder of the study to have comparable results from the various classifiers, 

fused and unfused datasets, and the accuracy assessments. 

 

 
3.4.2 Optimal Segmentation of Aerial Imagery 

 Using the calculated optimal scale, relevant spectral and spatial information was 

exported within that scale level. A histogram analysis done for each of the calculated 

spectral and spatial statistics to find a normal distribution (Wang and Stephansson, 1996). 

This was done to remove information that were redundant in nature, as these may cause 

misclassification (Gao, 2008). The final list of calculated spectral information included 

the mean values for each band as well as the mean brightness (Johnson, 2012; Zhang and 

Xie, 2014; Zhang et al., 2015). The shape and size statistics calculated included skewness 

for each layer, curvature, density, main direction, rectangular fit and roundness (Johnson, 

2012; Zhang and Xie, 2014; Zhang et al., 2015). Finally, the mean Normalized 
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Figure 2. The global score for each segmentation scale level. 
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Difference Vegetation Index (NDVI) was calculated to use in vegetation differentiation 

(Johnson and Xie, 2011; Johnson, 2012; Zhang and Xie, 2014; Zhang et al., 2015). All of 

the algorithms used to calculate the spectral and spatial information were available within 

the eCognition software, and described in fine detail by the Trimble (2014) eCognition 

user manual. The mean NDVI was calculated independently with the NIR and red bands 

using the following equation (Tucker and Seller, 1986): 

𝑁𝐷𝑉𝐼 =  (𝑁𝐼𝑅 𝑏𝑎𝑛𝑑 −  𝑅𝑒𝑑 𝑏𝑎𝑛𝑑)/(𝑁𝐼𝑅 𝑏𝑎𝑛𝑑 + 𝑅𝑒𝑑 𝑏𝑎𝑛𝑑) 

This set of object segments, with their calculated statistics, were used for all 

classification in this research. All of the spatial and spectral statistics were based only on 

the aerial image information and unaltered until the LiDAR information was added to the 

object segments during the data fusion, this was done right before the classification of the 

fused data set (see Figure 4 for data fusion workflow). 
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Figure 3. Flowchart of methodology for classified imagery map. 

 

3.5 Data Fusion 

 The method used for data fusion in this study was object-based pixel feature-level 

fusion (also known as PFLF). PFLF is a combination of object-based features with pixel-

based fusion techniques (Zhang and Xie, 2014; Zhang et al., 2015). First, the optimal 

object segments were exported with the calculated spectral and spatial information with 

the output was exported as vector polygons.  

The LiDAR information was preprocessed to produce a raster nDSM. The 

intensity image came with the LiDAR data set and was used in data fusion as well. The 
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mean, range, maximum and standard deviation of the values for both the nDSM and 

intensity surfaces were calculated for each object segment. The output from the data 

fusion contained the same spectral band statistics of the aerial imagery joined with the 

LiDAR information to create a new fused data set.   

 There was no additional data fusion during the shadow restoration (Figure 5). In 

the shadow restoration, objects that were classified as shadows were reclassified to 

become non-shadow classes (such as road or grass) in order to create a final and complete 

land-cover map. Once the initial classifications (outlined by Figures 3 and 4) were 

complete, the classification with the highest kappa value and overall accuracy would be 

chosen for a shadow restoration. The classified shadow objects were separated to be 

prepared for the following step, creating three data sets of shadow objects. The first data 

set was left as it was, imagery data only, the second was overlaid the fused data set (the 

fused dataset created in Figure 4) created for the initial classification and extracted in 

order to have a fused shadow data set. The final shadow data set was created by 

duplicating the fused data set and removing the imagery information. All three shadow 

data sets were then classified and compared to each other in order to find which 

classification had the highest kappa value. 
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Figure 4. Flowchart of methodology for the fused aerial imagery and LiDAR data set classification map. 

 

3.6 Selection of Training and Reference Data  

 Five land-cover classes comprised the study area. It was kept the same for all data 

sets in this study. This was to keep consistent with both the fused and non-fused data sets. 

The classes include: road, building, grass, tree and shadow. Water features were masked 

out as they were insufficient in surface area compared to the other features. Water 

features are prone to be classified with shadows during urban land-cover classification 
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(Gao, 2008; Zhou et al., 2009). Approximately 20% of the object segments were selected 

as reference data, half of which were used to create two separate sets of reference data. 

The division was random using the stratified random sampling method (Yuan et al., 

2005; Zhang et al., 2014). Stratified random sampling reduces the sampling error as it 

collects a random, yet representative, selection of each class. One set was used for 

reference data and the other for training data, both sets had equal amounts of object 

segments per class.  

 The classification was preformed in Weka 3.6.13, an open-sourced data mining 

program (Hall et al., 2009). The training data was input into Weka and used to make a 

model based on a specific classifier; which was used to classify all the object segments. 

The RF, kNN and SVM classifiers were chosen for this study because the are all non-

parametric machine learning supervised classifiers which can handle large data sets and 

multiple variables well (Novack set al., 2011; Lui and Xia, 2010; Zhang et al., 2014). 

Both kNN and RF are fundamentally “weighted neighborhood schemes,” dependent on 

models that are built using training data to classify an object by looking at the 

neighboring objects (Lin and Jeon, 2002). The SVM classifier has been a used for many 

studies (Liu and Xia, 2010; Novack et al., 2011; Zhang et al., 2015; Gomez-Chova et al., 

2015). It uses decision planes to delineate different classes and can work with multiple 

and continuous variables (Vapnik, 1995).  

3.7 Classifications of Imagery and Imagery Fused with LiDAR 

 To create the final land-cover map there were nine experiments preformed and 

each tested out a different combination of data set and classifier (Table 1). In this study, 

various combinations of parameters were tested out to determine the arrangement that 
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generated the model with the highest overall accuracy and kappa statistic for each 

experiment. It was a necessary step in the classification process in order to create the 

most accurate model possible for each experiment. In Experiments 1-6 the entire study 

area was classified while Experiments 7-9 reclassified shadow objects of the most 

accurate classifier resulting from Experiments 1-6.   

 

Table 1. There were 6 experiments preformed during this study initially. Experiments 1-6 classified the 
entire study area. 

Experiment Input Data Classifier 

1 Aerial Imagery RF 

2 Aerial Imagery kNN 

3 Aerial Imagery SVM 

4 Aerial Imagery fused with LiDAR elevation and intensity RF 

5 Aerial Imagery fused with LiDAR elevation and intensity kNN 

6 Aerial Imagery fused with LiDAR elevation and intensity SVM 

 

3.7.1 Random Forest Classification 

 The Random Forest classifier is an ensemble classifier based on decision trees. 

Decision trees are multistage classifiers which are comprised of multiple connected 

classifiers, identified as decision nodes, where each element classifier divides training 

objects into smaller sections using decision rules specified by the user (Breiman, 2001). 

Decision trees decide where object belongs in the classification, where each decision is 

equated to one vote for the labeling where the majority voted class is assigned to the 

object segment. The more input classification variables and classification classes the 
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more the nodes there are in the RF classifier. RF has been shown to be an accurate 

classifier with data sets that have many input classification variables, including 

hyperspectral and fused data sets (Ham et al., 2005; Zhang and Xie, 2014; Zhang et al., 

2015). The RF classifier goes beyond the typical Decision Tree by increasing its 

variance. Decision trees grow by selecting a random selection of the original training data 

while maintaining the original set, a method known as bagging (Breiman, 2001).   

 The RF classifier has two variables that must be input: the number of decision 

trees to be created by the model and the number of features. These features are randomly 

selected variables that split each node in a Decision Tree. The algorithm used in the RF 

classifier and in depth details are all found in Breiman (2001). Table 2 indicates the 

number of features and trees that created the most accurate model. Experiment 1, with a 

higher overall accuracy and kappa value. 

 

Table 2. Experiments 1 and 4 where classified using the RF classifier. The number of features and number 
of trees that gave the most accurate model was used for classification. This table indicates which 
parameters were used for each experiment and the overall accuracy as well as the kappa. 

Experiment Number of Features Number of Trees Overall Accuracy Kappa 

1 3 300 87% 0.83 

4 4 200 85% 0.80 

 

3.7.2 k-Natural Neighbors Classification 

 k-Natural Neighbors, (kNN) a simple machine learning supervised classifier, it is 

a lazy learning classifier. This is because all of the calculations for the classifier are done 

during the final classification step (Cover and Hart, 1967). The classifier uses the training 

data to classify around the training objects based on their proximity (in feature space) to 
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the other surrounding training objects and the user-defined k distance, which indicates 

feature space (Cover and Hart, 1967; Richards, 2013). Feature space is a measurement of 

how similar or “close” features are to one another based on their characteristic values. 

The algorithm for kNN is explained in greater detail in Cover and Hart (1967) and 

Richards (2013).  

 The only parameter that needs to be manipulated for the kNN classifier is the k 

(distance). There are studies that are specifically dedicated to finding the optimal k by 

computation (Domeniconi et al., 2002). Yet for this study the k parameter was 

determined by a trial and error method (similar to what was done for the RF classifier) as 

there were only two experiments that were classified by the kNN classifier.   

 

Table 3. Experiments 2 and 5 where classified using the kNN classifier. The k parameter which gave the 
most accurate model was used for classification. This table indicates which parameters were used for each 
experiment and the overall accuracy as well as the kappa. 

Experiment k Overall Accuracy Kappa 

2 9 79% 0.72 

5 5 77% 0.69 

 

3.7.3 Support Vector Machine Classification 

 Support Vector Machines (SVM) a supervised machine learning classifier based 

on a non-parametric model (Vapnik, 1995). Non-parametric refers to statistics that are not 

based on a probability distribution, yet the classifier could still be a non-parametric model 

based on a parametric model (Vapnik, 1995; Platt, 1999). The SVM classifier originally 

was designed for binary classification, but adaptation techniques have been developed to 

resolve the problem that SVM has with multiclass classification (Hsu and Lin, 2002; 
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Duan and Keerthi, 2005). The two methods developed for this problem are the one-

against-all and the one-against-one. They both approach the multiclass problem by 

dividing the data set into a set of several binary problems that can be solved analytically 

(Platt, 1999). This is also called sequential minimal optimization (SMO) and was 

introduced by Platt (1999) to solve quadratic programming problems which arose 

throughout the training portion of SVM classification. The goal for the SVM algorithm is 

to discover the hyperplane that separates the data set into distinct classes, which are 

predefined by the training data (Vapnik, 1995; Hsu and Lin, 2002). In order to achieve 

the optimal hyperplane it would have to be halfway between the objects that border each 

class (Richards, 2013). 

Kernel-based SVM classifiers are used often for image classification. A 

polynomial kernel was used in this study rather than the more popular radial basis 

function kernel due to the model having higher overall accuracy and kappa scores within 

this study. The radial basis function kernel is represented more often in studies due to the 

high accuracy achieved when used compared to using the polynomial kernel. Other 

studies have supported the use of the polynomial kernel SVM in an image classification 

setting (Heisele et al., 2003; Camps-Valls and Bruzzone, 2005). The polynomial kernel 

examines both the training data features and combinations of the training data features to 

see how they relate in feature space (Shashua, 2009; Goldberg and Elhadad, 2008). 

Usually the degree for the polynomial kernel is set at a quadratic number and the higher 

the degree is the more the function tends to over fit the data set (Goldberg and Elhadad, 

2008). This trend does stop at a peak, which differs per data set, but getting the best 
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fitting function will give the highest classification accuracy as it predicts closely to what 

training data is entered. 

For both the non-fused imagery data set and the fused data sets used in this study, 

the parameters of the SVM classifier were set to build logistic models to fit the outputs of 

the classifier. This increased the accuracy but did not influence the speed of the 

processing negatively.  

Table 4. Experiments 3 and 6 where classified using the SVM classifier. The parameters that gave the most 
accurate model was used for classification. This table indicates which parameters were used for each 
experiment and the overall accuracy as well as the kappa 

Experiment 
Build Logistic Models  

(True/False) 

Degree of  

Polynomial Kernel 
Overall Accuracy Kappa 

3 True 4 85% 0.80 

6 True 1 78% 0.71 

 

3.7.4 Accuracy Assessment 

 The reference data used in this study to assess accuracy was selected using the 

stratified sampling technique. Which represented each class proportionally using a 

random selection of objects to avoid a sampling that would be area-weighted (Richards, 

2013). An error matrix was created to calculate the confidence of the classifications it 

also is known as a confusion matrix or a contingency matrix. The confidence defines how 

dependable the results are for a study which, in turn, gives the reader a consistent 

measurement to assess the results with. This matrix lists the reference data per class and 

compares it to the classified segments per class (Richards, 2013). The optimal result 

would ideally have all tallies on the main diagonal, indicating that the classified object 

classes perfectly coincide with the training object classes. Each class was represented 

separately to be evaluated for accuracy per classifier by separate matrices.  
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From each error matrix the producer’s and user’s accuracy was calculated. The 

producer’s accuracy is a measurement of classifier’s performance while the user’s 

accuracy is a measurement of the classifier properly working according to the reference 

data sets (Congalton, 1991; Congalton and Green, 2008; Gao, 2008; Richards, 2013). 

Lastly, the Kappa coefficient was calculated for each classification, it is commonly used 

in image classification as a measure of accuracy (Congalton, 1991; Foody, 2002; 

Congalton and Green, 2008; Gao, 2008; Richards, 2013). The Kappa analysis uses a 

discrete multivariate method to statistically determine the accuracy of the classifier free 

from the influence of a chance-based agreement between classified objects and reference 

objects (Congalton and Green, 2008; Gao, 2008; Richards; 2013). This measurement is 

the difference of both the actual agreement between classified objects and reference 

objects and the random chance agreement (Congalton, 1991; Congalton and Green, 

2008).  
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CHAPTER 4 RESULTS 

 In this study there were six experiments were executed (refer to Table 5) to assess 

which data set and classifier combination resulted in the most accurate land-cover 

classification. In Experiments 1-6 the study area was classified into 5 distinct land 

classes: building, grass, road (which also included sidewalks and other paved ground 

surfaces), trees and shadow. Experiments 1-3 classified only aerial imagery while 

Experiments 4-6 used a fusion of aerial imagery and LiDAR information.  

Table 5. Accuracies of each classification for each data set. 

Experiment Classifier Overall Accuracy (%) Kappa  

1 RF 81.9 0.76 

2 kNN 78.6 0.72 

3 SVM 80.9 0.75 

4 RF 82.3 0.77 

5 kNN 74.8 0.67 

6 SVM 79.1 0.73 

 

Experiment 4, classified the fused data set with the RF classifier, it was shown to 

have the highest accuracy, an overall accuracy of 82.3% and a kappa value of 0.77, 

compared to all the other experiments. The kNN classifier (used in Experiments 2 and 5) 

had the least accurate classifications determined by both overall accuracy and kappa 

values (Table 5). However, the SVM classifier (Experiments 3 and 6) was almost as 

accurate as the RF classifier. The RF classifier, when compared to the SVM classifier, 
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was easier to manipulate and gave more accurate results with both fused and non-fused 

data sets.   

Table 6. Accuracy per-class of the fused data set of Experiment 4 compared to the non-fused data set of 
Experiment 1 both classified by the RF classifier. 

Experiment 4  
(RF classification of aerial imagery fused with LiDAR) 

Experiment 1  
(RF classification of aerial imagery) 

Class User's  
Accuracy (%) 

Producer's  
Accuracy (%) 

User's  
Accuracy (%) 

Producer's  
Accuracy (%) 

Building 76.6 70.2 78.2 72.6 

Grass 94.8 90.2 82.1 90.1 

Road 75.4 78.9 78.4 74.4 

Tree 88.9 90.8 88.9 90.8 

Shadow 72.2 76.5 72.9 79.4 

 

 Though Experiment 4 was shown to be more accurate than Experiment 1, the 

overall accuracy differed by 0.4% while the kappa value differed by 0.01 from 

Experiment 1 to Experiment 4. Comparing these two experiments per-class (Table 6) 

shows a difference of less than 2.6% in both user’s and producer’s accuracies for the 

building class. The greatest difference was seen in the grass class for the user’s accuracy 

of 12.7%. This indicated that the data fusion improved classifying ground level 

vegetation, though the tree class saw no improvement for both user’s or producer’s 

accuracy. The accuracies of the remaining classes (building, road and shadow) varied 

within a 0-5% range between Experiment 1 and 4. 
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Figure 5. Classified land-cover map produced by Experiment 4. Experiment 4 was the most accurate 
classification result out of all of the classifications (Experiments 1-6). Label A represents FAU’s nature 
preserve and label B is the main collection of buildings on campus. 

 
The nature preserve (labeled A in Figure 5) located northwest of the main 

collection of buildings (labeled B in Figure 5) is easily identified, as are many buildings 

and roads. Some larger parking lots were mistakenly classified as buildings due to the 
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textural similarities of vehicles parked in clusters. Buildings the had small sections on the 

roofs classified as road. For these instances the LiDAR data did not assist in 

distinguishing between the two classes. The LiDAR data was ineffective in this study 

most likely due to the coarse point density.  

Upon reviewing the results of all the classifications, various objects were 

examined in order to assess if the elevation and intensity data was averaged correctly. 

The methods were correct, after repeating the all the experiments several times, and yet 

the averaging did not succeed as planned in certain areas where the objects were smaller 

in size. When LiDAR data was averaged over an object segment, these segments were 

either small slivers or large rectangular areas. Thus when the LiDAR point cloud data 

was used to create the nDSM, some elevation data information was lost when averaged 

on a 1m scale. Then when the nDSM was merged with objects, the data set was averaged 

even further over the object segments. The the low point density combined with the 

multiple times the LiDAR data was averaged, created a fused data set that was not 

suitable enough for shadow restoration in this study. In large object segments of equal 

elevation, such as a grassy field or road, it did not affect the classification negatively. 

However, when the LiDAR data was averaged over smaller objects the elevation values 

would be inappropriately incorrect. Regardless, the fused data had the highest 

classification and all of the land-cover classes where portrayed in a way that created a 

representative map of the campus. 

4.1 Shadow Restoration 

 Most classifications using spectral information experience a problem with 

shadows especially with tall trees and buildings. Those features obscure a large portion of 
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the map (even in this study, as seen in Figure 5) and are usually left as their own class. 

However, when a map with shadows is presented as a product for the use of other parties 

the areas that are classified as shadow are unworkable for them. It delivers a product 

which is incomplete for clients, as people who are not familiar with classification do not 

care for shadows, who expect a fully classified land-cover map with each class 

representative to reality. Shadow restoration attempts to create a map without shadows by 

reclassifying shadow objects into useful non-shadow land-cover classes.  

In order to cerate a complete land-cover map of the FAU campus, the object 

segments classified as shadow were reclassified into non-shadow classes (building, grass, 

tree and road). The RF classifier showed, by trial in Experiments 1-6, the highest 

accuracy out of all the classifiers used in this study. Hence, for Experiments 7-9, only the 

RF classifier was used (Table 7).  

Table 7. Experiments 7-9 reclassified the shadow objects from the results of Experiment 4. 

Experiment Input Data Classifier 

7 Aerial Imagery fused with LiDAR elevation and intensity (shadow objects) RF 

8 Aerial Imagery (shadow objects) RF 

9 LiDAR elevation and intensity (shadow objects) RF 

 
Three data sets were created from the results of Experiment 4 (workflow detailed 

in Figure 6). From Experiment 4 the classified shadow objects were exported and then 

used for Experiments 7-9. Experiment 7 kept the fused shadow data set as it was and for 

Experiments 8 and 9 data was removed to create separate non-fused data sets. In 

Experiment 8 the imagery data set was retained in order to only classify the spectral 

information and Experiment 9 preserved the LiDAR data set for classification, to counter 
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the negative effects of using spectral data. As spectral data is dependent on sunlight, 

shadow can make the areas useless for classification. LiDAR data is collected by a laser 

and is not dependent on how much sunlight is available at the moment of data collection, 

thus LiDAR instead could be used to classify land-cover by using textural data. 
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Figure 6. Flowchart of methodology for the shadow restoration. The three data sets created are all classified 
by the RF classifier. Once assessed for accuracy, the classification with the highest accuracy is then used in 
the final map product in combination with Experiment 4. 
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Table 8. Experiments 7-9 reclassified the shadow class from Experiment 4. The RF classifier was used and 
the models that had the highest accuracy for each experiment is displayed. 

Experiment Input Data Number of 
Features 

Number of 
Trees 

Overall 
Accuracy Kappa 

7 Aerial Imagery fused with 
LiDAR elevation and intensity 3 100 79% 0.53 

8 Aerial Imagery 1 200 84% 0.69 

9 LiDAR elevation and intensity 3 200 69% 0.39 

 

 Training and reference data was created using the stratified sampling technique as 

previously completed for Experiments 1-6.  This technique created a training and a 

reference data set that equally represented each class. Different parameters were tested to 

create the most accurate model for each data set equal to the methods previously 

accomplished for Experiments 1-6. In Table 8, the most accurate models as well as the 

parameters used are shown. The model with the highest accuracy out of all three 

experiments was Experiment 8 with an overall accuracy of 84% and a kappa value of 

0.69.  

Table 9. Accuracy of shadow restoration for each dataset using the RF classifier. Experiment 8 showed the 
highest accuracy while Experiment 9 showed the lowest. 

Experiment Overall Accuracy (%) Kappa Value 

7  94.9 0.90 

8 97.3 0.95 

9 59.1 0.17 
 

Initially only Experiments 7 and 9 were used for the shadow restoration as there 

was little research that gave the impression to use aerial imagery in shadow restoration; 

aerial imagery could not classify shaded areas correctly during the initial classification in 

Experiments 1-6. Once the results of the classification (Table 9) indicated that the LiDAR     
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data set was unsuitable for the shadow restoration of this study, the aerial imagery was 

separated as its own experiment (Experiment 8). The aerial imagery used for this study 

possessed a NIR band that proved extremely useful when distinguishing between road 

and grass land-cover. The NDVI was also calculated previously, when the object 

segments were exported in Experiments 1-6, and was conserved in Experiments 7 and 8 

as a spectral feature. 

Experiment 8 had the highest overall accuracy at 97.3% and Kappa value at 0.95 

(Table 9). Experiment 9, classifying LiDAR data only, had the lowest overall accuracy 

(59.1%) and kappa value (0.17). As well as not properly differentiating between building 

and road classes in Experiment 4, LiDAR data was not useful in shadow restoration. The 

experiments were repeated again to see if human error had caused the accuracy. Yet it 

was not human error, instead it was found that the LiDAR data set was unable to 

distinguish between the grass and road objects in the shadow reclassification.  

The shadows were reclassified as either grass or road, this was because shadows 

in near the buildings usually covered the road or grass areas. In the northeast nature 

reserve, where trees dominated ground features, the shadows also covered bare earth 

(mistakenly classified as road) or grass. In this study area, trees in the Arecaceae family 

(palm trees) are the most common species. These trees do not have much foliage and thus 

do not shading nearby trees.  

 Figure 8 maps the shadow objects restored to non-shadow classes (grass and 

road). These restored classes were combined with the non-shadow classified output from 

Experiment 4 in order to create one complete land-cover class. There was a minimal 

amount of objects casting shadows on the tops of buildings; an unsufficient number to 
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create a separate building class for shadow restoration (Figure 8). Shadow restoration was 

not preformed for the tree class either, as there were only four objects misclassified due 

to shadows (Figure 7).  

 

 

Figure 7. Close up images of the resulting shadow reclassification of Experiment 8. The left image is the 
nature preserve and the right image is a section of buildings and roads southwest of the nature preserve. 
The blue indicates the grass class and the yellow indicates the road class. 
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Figure 8. Classified shadow restoration map produced by Experiment 8. 
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4.2 Final Land-Cover map 

 Combining the results of of Experiments 4 and 8 increased the per-class accuracy 

for all classes except for the building class, where there was no improvement or decline 

(Table 11). The tree class differed the most especially in the producer’s accuracy which 

rose to 96.2%, the user’s accuracy differed by 5.2%. The results from Experiment 8 

combined with Experiment 4 was expected to improve the grass and road classes, 

however it improved the tree class as well. No shadow objects were classified as tree yet 

there were tree objects previously (resulting from the initial classification result of 

Experiment 4) misclassified as shadow objects. When those objects were reclassified as 

either grass or road the reduction of misclassification errors for the tree class improved 

the accuracy. The overall accuracy of the combined experiments was 86% and the kappa 

value was 0.82, both had increased due to the reclassification of shadow objects. 

Table 10. The accuracy per-class for Experiment 4 is compared to the accuracy for Experiments 4 and 8 
combined. The overall accuracy and kappa value for each result were also compared. 

Experiment 4 Experiments 4 and 8 Combined  

Class 
User's  
Accuracy 
(%) 

Producer's  
Accuracy (%) 

User's  
Accuracy (%) 

Producer's  
Accuracy (%) 

Building 76.6 70.2 76.6 70.2 

Grass 94.8 90.2 96.2 91.5 

Road 75.4 78.9 77.9 82.3 

Tree 88.9 90.8 94.1 96.2 

Overall  
Accuracy (%) 82.3 86.3  

Kappa 0.77 0.82  

 

 Figure 8 is the output created by the combined results of Experiments 4 and 8. 

The goal of this study was to have the most accurate map of the Boca Raton FAU 
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campus. Comparing the final map (Figure 10) to a manually digitized map of the campus 

(Figure 11) it was clear that both were very similar when it came to the size and shape of 

buildings and roads. The roads showed up clearly as well as the sidewalks within the 

inner campus for the final map (Figure 10). The tree patterns also aligned well within the 

nature reserve and throughout the campus. In the instances that the buildings that were 

irregular, the original shape was accurately preserved (see figure 9). In Figure 9, one can 

see that there were some areas that were classified as road rather than building however, 

both are still very close in resemblance.  

 

 

Figure 9. Close up view of the same two buildings. The left buildings on the left were manually digitized 
while the buildings on the right resulted from Experiment 4's classification. For both images the red 
indicates building. For the right image the orange indicates road, the dark green indicates tree and the light 
green is grass. 
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Figure 10. Final classified complete non-shadow land-cover map. 
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Figure 11. Map of campus that has the buildings and roads  manually digitized as a comparison to the 
classified map.  

 

The classified land-cover map (Figure 10) was the final output of this study. The 

process of getting the final output revealed certain patterns within the various 

experiments that allowed insight and guided the development process. First, Experiment 

4 (fused aerial imagery and with LiDAR data set) was only a slight improvement from 
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Experiment 1 (aerial imagery only data set), indicating that imagery alone could be used 

unaided in land-cover classification for this study area. Most studies report a significant 

improvement from data fusion (Hiato et al., 2007; Hartfield et al., 2011; Zhang et al., 

2013; Zhang and Xie 2014; Zhang et al., 2015; Zhou et al., 2013) compared to using 

imagery alone. However, the accuracy increases are dependent upon how the data was 

manipulated for fusion, what type of data was being manipulated and the characteristics 

of the study area. 

Fusing the LiDAR data would the low point density LiDAR data before the 

segmentation would most likely have improved the accuracy. The information would 

have then been used to create object segments out of areas with similar slopes (Hiato et 

al., 2007; Zhou et al., 2009). Yet it was not done in this study as the experiments would 

not have a basis to be comparable to each other. As the goal of this study was to view 

which data set and classifier combination would result in the highest accuracy it was 

necessary to keep all the object segments the same for each experiment. 

 Aerial imagery alone (using bands red, green, blue and NIR) proved to be almost 

as accurate as the fused data set (Table 5), for both the land-cover classification and the 

shadow restoration, because of the high resolution of the image and the NIR band (Zhou 

et al., 2009; Huang et al., 201l). The NIR band was not affected by shadows as much as 

the bands in the visible spectrum bands were (red, blue and green). The reflectance in the 

NIR band that is relevant to color, more particularly the color of vegetation, was only 

slightly affected by shadows (Chen et al., 2007; Campbell and Wynne, 2011). Indicating 

that the NIR band was useful for the shadow restoration as it could differentiate between 

grass and road features, which were the two classes that shadows were reclassified as. 
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The infrared spectrum is larger than the entire visible spectrum, about 40 times wider, it 

also includes radiation with varied properties (Campbell and Wynne, 2011). Solar 

radiation reflected from the Earth’s surface captures in the NIR region of the spectrum. 

Up to 60% of the NIR incident energy is scattered by the inner leaf structure (the 

mesophyll tissue) of vegetation (Campbell and Wynne, 2011). This is hence why the NIR 

band was such an important spectrum to capture during World War II aerial 

reconnaissance photography, as it helped distinguish between the vegetation and the 

camouflaged man-made ground features (Campbell and Wynne, 2011). As the shadow 

restoration only distinguished between the grass and road classes, the NIR band was vital 

for reclassifying the shadow class objects. Since the NDVI was calculated for each object 

as well, the NIR band was effective for distinguishing between vegetation and 

impermeable surfaces for the initial classification in Experiments 1-6.  

 This study also compared classifiers for optimal urban land-cover classification of 

the study site. The RF classifier, for all data sets (Tables 5 and 9), was demonstrated to be 

the most accurate classifier for land-cover classification (Novack et al., 2011). The RF 

classifier performed better due to having enough data in order create the appropriate 

amount of decision trees to classify the data set; it also performs well with data that does 

not only have distinctly separate classes, but also objects that qualify as a mixture of 

classes (Breiman, 2001; Johnson, 2012). While SVM preforms best with a data set that 

has distinct divisions within the data set and no outliers (Vapnik, 1995; Novack et al., 

2011). This study was of moderate area and used high resolution fused data, the RF 

classifier was more equipped to classify these data sets than the SVM classifier, though 

not always by a large difference. The kNN classifier did not classify as accurately as the 
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other classifiers if given a more normally distributed data set as well as a larger one, the 

classifier might have performed better. The data sets used in this study were not normally 

distributed.  
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CHAPTER 5 DISCUSSION 

5.1 Overall Findings 

The aim of this study was to compare several combinations of classifiers (RF, 

kNN and SVM) with aerial imagery and LIDAR data sets. These combinations resulted 

in six experiments that classified the land-cover of the study area into five classes: 

building, grass, road, tree and shadow (Table 11 Experiments 1-6).  

Table 11. A total of 9 experiments were preformed in this study. This table indicates which data was used for each 
experiment as well as which classifier. The resulting overall accuracy and kappa values are shown for the result of each 
experiment. 

Experiment Input Data Classifier Overall 
Accuracy(%) Kappa 

1 Aerial Imagery RF 81.9 0/76 

2 Aerial Imagery kNN 78.6 0.72 

3 Aerial Imagery SVM 80.9 0.75 

4 Aerial Imagery fused with LiDAR elevation and 
intensity RF 82.3 0.77 

5 Aerial Imagery fused with LiDAR elevation and 
intensity kNN 74.8 0.67 

6 Aerial Imagery fused with LiDAR elevation and 
intensity SVM 79.2 0.73 

For Experiments 7-9 the data sets are resulting from  the classified shadow objects from Experiment 4 
were classified only 

7 Aerial Imagery fused with LiDAR elevation and 
intensity RF 94.9 0.90 

8 Aerial Imagery RF 97.3 0.95 

9 LiDAR elevation and intensity RF 59.1 0.17 
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The goal was to achieve a map that be attractive to the average user, a government 

agency or the university itself, thus it was necessary to reclassify the shadow class. In 

order to create a complete map without any shadows three additional experiments (Table 

11 Experiments 7-9) were preformed to reclassify the shadows from the classification 

with the highest accuracy (Experiment 4) into non-shadow classes (grass and road). The 

most accurate experiment from the initial land-cover classification (Experiment 4) was 

combined with the results of the most accurate shadow restoration (Experiment 8) and 

resulted in a final land-cover map with an overall accuracy of 86.3 and a kappa value of 

0.82 (Figure 10). 

It was discovered that the initial LiDAR point cloud accuracy was compromised it 

was fused to the object segments created by the aerial imagery. During the shadow 

restoration the LiDAR only experiment (Experiment 9 in Table 11) resulted in an overall 

accuracy of 59.1% and a kappa value of 0.17. Thus it was concluded to not be a 

constructive data source for the shadow reclassification of this study. Since aerial 

imagery that included the NIR band, it showed to be the most useful data source in this 

study, especially in the shadow restoration. With the NIR band the NDVI was calculated 

for each object segment, assisting in distinguishing between impervious surfaces and 

vegetation. Without the NIR band the shadow restoration aspect of the study would not 

have resulted in nearly as high of an overall accuracy, 97.3% or kappa value, 0.95 

(Experiment 8 Table 11). 

5.2 Errors Associated with Study  

This research had complications that arose due to the selection of study site and 

data sources which resulted in unusual circumstances within the methods of 
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classification. The LiDAR data available was collected in 2007 and the four-banded 

aerial imagery was collected in 2010. The difference between the two, temporally, was 

great and the campus itself had had changes in landscape, most particularly construction 

of buildings and parking lots. This caused a large amount of areas to be unusable in the 

study and masked out and these areas caused the data distribution to be irregular.  

The study area also was not dense thus the shadows cast by tall objects, such as 

buildings and trees, did not hit other elevated features (buildings or trees). Instead, the 

shaded areas were either grass or road. Due to the vegetation in the study area there was 

not enough tree foliage that would cover other trees as well. The miniscule amount of 

trees that were in shadow, next to buildings, did not cover enough of the object segment 

to quantify as a tree class (a coverage of more than half the segment). Overall this caused 

for LiDAR data to be ineffectual when it came to shadow reclassification and allowing 

the NIR band from the aerial imagery to become the ideal element used in classification. 

Lastly, there is an area in the middle of the campus that is an elevated sidewalk which 

connects the second floor of multiple buildings. Due to the type of surface and elevation, 

there were areas of the sidewalk that were misclassified as building (Figure 12). 

 

Figure 12. The outlined area labeled A is an area of an elevated sidewalk that was misclassified as building 
(red) rather than road (orange). 
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5.3 Implications Drawn from Study 

The human population is rising in size especially in underdeveloped countries 

(United Nations, 2005). The trend over time has been a broad movement towards cities 

from rural areas (Weng and Quattrochi, 2007). This causes urban areas to increase in size 

and density, and require management that can deliver resources, such as clean water and 

emergency services, to all urban inhabitants as well as govern and maintain the city. 

Governments from both developing and developed countries have increasingly become 

dependent on GIS tools to get their cities and towns on track with efficient management 

practices. With GIS maps can be created to display data in a way that helps citizens 

understand information better as well as assist urban planners and policy makers in 

important decision making.  

Applications ranging from sea-level rise modeling and 3D visualization (refer to 

Figures 13 and 14), to population analysis and emergency response applications can 

benefit from accurate land-cover maps. Having land-cover allows the ability to create a 

customizable land-cover data set that could range from basic land-cover (impervious 

surfaces and vegetation) to more intricate land-cover (several types of vegetation, roads, 

sidewalks and buildings). Moreover, when combined with the ability to create 3D objects 

from 2D land-cover data there is even more potential to model urban environments. 3D 

visualization currently in use in mobile GPS devices and as a tool for urban planners. 

When visualizing in the third dimension it can take spatial data to a more realistic level, 

creating products such as city models with representative capabilities. An example is an 

urban planner deciding to approve construction of a new building, with a 3D object they 

could model how the building would shade other buildings around it or how it would 
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look appropriately within the cityscape. 3D modeling could also be used to present data 

to citizens in a way that is easily understood, as all people experience the world in 3D 

each day, there would be better impact the visual as it is more relatable. Garnering the 

attention of citizens is critical when attempting to pass legislation that mitigates the 

effects of natural events such as sea-level rise, hurricane damage and loss of 

groundwater. 

 

Figure 13. Map of the final classified buildings modified to display as 3D models. 

 

Figure 14. A close up of the 3D building models. 
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However, GIS has a major drawback, it requires data in order to be advantageous 

and practical. GIS does not come with land-cover data and neither is it always available 

for download when data is collected from satellites or other types of sensors. There are 

two main ways to create land-cover data for use in GIS analysis: manually digitizing 

features or land-cover classification. Manual classification is time and labor intensive. It 

could usually take such a long time to create that by the time of completion it would be 

outdated. Thus, land-cover classification is a faster and improved method for creating 

data.  

With land-cover data, nearly all GIS application are possible for urban 

management. For one, output data is in vector form so it is automatically ready for input 

in a GIS program. Cities that do not have many resources, but are developing quickly, 

would find this study as an adaptable method to create their own maps as the data and 

data mining software used was publicly available at no cost. Large government programs 

that need to frequently update maps could also use this study as a template to create data 

for large areas quickly. The methods used in this research should adapt well to most 

urban areas regardless of size and number of classes. Having multiple experiments allows 

for the most accurate combination of data and classifier to be selected, which can 

improve individual results better than a one-size-fits-all type of approach.  
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CHAPTER 6 CONCLUSION 

 In this study, various classifiers were combined with fused and non-fused data 

sets in order to achieve a land-cover map which was as accurate as possible. In addition, 

the shadow class was restored to non-shadow classes to increase the accuracy and kappa 

value of the land-cover classification map. The final land-cover map, without shadows, 

had an overall accuracy of 86.2% and a Kappa value of 0.82.  

The RF classifier combined with the fused aerial imagery and LiDAR data set 

resulted in the highest accuracy for land-cover classification. When comparing the 

accuracies of Experiments 1-6 (in Table 5) aerial imagery (Experiment 1) showed to have 

plenty of data to achieve an almost equally accurate classification result as the fused data 

set classification (Experiment 4). However, the data fusion did increase the accuracy of 

the grass class from 82.1% to 94.8%. The shadow restoration increased the overall 

accuracy of the final land-cover classification from 82.3% to 86.3% as well as the kappa 

value from 0.77 to 0.82. The shadow restoration had the highest accuracy with the non-

fused aerial imagery data set, an overall accuracy of 97.3% and a kappa value of 0.95, 

compared to the non-fused LiDAR and aerial imagery data sets. This was due to the NIR 

band, it distinguished between shaded grass and road with a high accuracy. 

 Future and continuing research would include different types of urban areas 

ranging in density (New York City would be high density while Ketchikan, Alaska would 

be low density) to discover which area benefits from which classifier as well as which 
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land-cover class improves under what circumstances (including shadow restored classes). 

It would be ideal to perform more analysis on shadow restoration to classify all of the 

non-shadow classes, including elevated features such as shaded buildings and trees. 

Evaluating higher point density LiDAR data would also be ideal in quantifying the 

improvement of accuracy in both the shadow restoration as well as land-cover 

classification. 
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