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ABSTRACT

CLOUD SHADOW DETECTION AND REMOVAL FROM
AERIAL PHOTO MOSAICS USING LIGHT DETECTION AND RANGING (LIDAR)

REFLECTANCE IMAGES
by Glover Eugene George
May 2011

The process of creating aerial photo mosaics can be severely affected by clouds and
the shadows they create. In the CZMIL project discussed in this work, the aerial survey
aircraft flies below the clouds, but the shadows cast from clouds above the aircraft cause the
resultant mosaic image to have sub-optimal results. Large intensity variations, caused both
from the cloud shadow within a single image and the juxtaposition of areas of cloud shadow
and no cloud shadow during the image stitching process, create an image that may not be as
useful to the concerned research scientist. Ideally, we would like to be able to detect such
distortions and correct for them, effectively removing the effects of the cloud shadow from
the mosaic.

In this work, we present a method for identifying areas of cloud shadow within the image
mosaic process, using supervised classification methods, and subsequently correcting these
areas via several image matching and color correction techniques. Although the available
data contained many extreme circumstances, we show that, in general, our decision to use
LIDAR reflectance images to correctly classify cloud and not cloud pixels has been very
successful, and is the fundamental basis for any color correction used to remove the cloud
shadows. We also implement and discuss several color transformation methods which are
used to correct the cloud shadow covered pixels, with the goal of producing a mosaic image

which is free from cloud shadow effects.
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Chapter 1

BACKGROUND

1.1 Introduction

Aerial photo-mosaics are becoming more prevalent with advances in aerial photography.
Many new types of aircraft, such as unmanned aerial vehicles, rely heavily on detailed
satellite and aerial surveillance photography to navigate, perform change detection in an
area, and deploy weapons systems against ground-based targets. Civilian and commercial
applications are also being developed which are built upon these image mosaics, such
as Google Earth and Tele-Atlas. City planning, Global Positioning System (GPS)-based
navigation systems and news organizations all make extended use of overhead, aerial
photo-mosaics. While many of these mosaics primarily utilize satellite-based images, for
many applications, including The Coastal Zone Mapping and Imaging LIDAR (CZMIL)
project from which this research was born, only low-flying aircraft equipped with very high
resolution cameras can provide the type of detailed data required for specific applications.
The CZMIL project is a joint effort by the U.S. Army Corps of Engineers and the
Joint Airborne LIDAR Bathymetry Technical Center of Expertise (JALBTCX) to develop
software and hardware systems to map the coastlines of waterfront land areas, including
both the nearby land masses and the bottom surface of the shallow coastal waters. Using
light detection and ranging equipment (LIDAR), the aircraft is able to constantly measure
the height of the ground below it, including the bottom depth of the nearby coastal waters
(typically 1km offshore). Simultaneously, the aircraft acquires high resolution photographs
of the surface below, and once the mission is finished, the photographs are downloaded and

processed off-line. The thousands of RGB images are then stitched together to form one



large photo-mosaic. Researchers can then use these mosaics to better understand the other
types of data collected on the flight, such as hyper-spectral, infrared, and bathymetry data.

In the CZMIL project, the objective is to map the ocean floor along coastal areas, as well
as the surrounding land, in order to build maps and models of the underlying bathymetry.
This is important in areas where traditional mapping techniques are insufficient, such as
shallow coastal zones where large survey ships cannot go due to draft and depth issues,
or to avoid distortions caused from their propellers disturbing the sandy bottoms. Certain
frequency ranges of LIDAR can penetrate the water, and their measured reflectance is used
to measure points of depth on the bottom surface. This elevation (depth) data can then be
used to build a 3D model, which is used both in the geo-referencing of the image data, as
well as building visualizations and maps.

The LIDAR system in use in the CZMIL project is an Optech SHOALS-1000T integrated
sensor array. This package includes a 1,000 pulse per second bathymetric laser used for
penetrating bodies of water, which operates at around 532 nm. A second laser operating
at 9,000 pulses per second (at 1064nm) is used for measuring topographic reflections over
both land and water. The difference in reflection times between the bathymetric laser and
the topographic laser (which reflects at the surface of the water) is what is used to calculate
the water depth at specific points.

Hyper-spectral data is also collected via a CASI-1500 imager, operating in a forward,
push-broom fashion. Researchers can select up to 288 separate bands of data, configurable
from 375 nm to 1050nm. Depending on the number of bands in use and the type of data
being collected, ground pixel resolutions are capable between 20cm and Sm per pixel. The
final piece of equipment in the SHOALS package is the RGB camera, which produces
images with a ground resolution of up to 20 cm per pixel. The methods described here,
however, are limited to the two lasers and the RGB camera, as hyper-spectral data was not

available.



1.2 Problems with the Photo Mosaic Process

In the CZMIL project, the survey aircraft flies at a relatively low altitude and always flies
beneath the clouds. This prevents the clouds themselves from interfering with the data
readings from the LIDAR lasers, the hyper-spectral imager, and the RGB photographs.
However, this does not prevent shadows cast from clouds located above and around the
aircraft from obscuring large portions of the earth being examined. The sun is, obviously,
the primary illuminant when capturing overhead images of the earth, and it is this light
reflection from the surface of the earth to the camera lens which forms our image. Clouds
absorb different wavelengths of light in different ways, but in general the overall effect is
that it reduces the intensity of light which is then reflected back to the camera lens. This
results in darker images, as you can see in Figure 1.1 below, which may lack enough detail
and information to be useful to the researcher.

Yet another problem that cloud shadows cause in image mosaics arises when we consider
how the images are acquired. The aircraft uses a flight grid in which it flies one direction
(maybe due east) and acquires images in a straight line. The aircraft maintains a constant
speed which is selected to correspond to the data acquisition frequency requirements of the
survey mission (such as distance between samples, resolution, etc). This helps to ensure
that there will be adequate overlap between each successive image in an effort to cover the
entire area below. Once the initial path is complete, the aircraft circles around and begins
acquiring data in the reverse direction (west for this example) parallel to the original path,
and attempts to overlap data acquisition in both its own flight path direction and the previous
easterly flight path. This also help prevent gaps between successive flight lines.

One obvious problem with this scenario is the position of the sun relative to the direction
of the flight path, which changes constantly during the day in the east-west directions, and
north-south throughout the different seasons. While the flights are generally completed

during a single day, even in the best case scenario they still cover many hours on either side



Figure 1.1: An image which is partially occluded by cloud shadow.

of Noon. When the images are being acquired during the morning hours, easterly flight lines
will tend to produce images with higher reflectivity of the sun’s light, as the majority of the

sun’s light is reflected from the surface of the earth, directly into the camera (Figure 1.2).



Figure 1.2: Mosaic created using only westerly flight lines. Notice the glinting on the water
which is not present in Figure 1.3.

Figure 1.3: Mosaic created using only easterly flight lines.



However, the westerly flight lines (Figure 1.3) will not receive the same amount of light
reflection into the aperture of the camera, and thus these images will be less intense (less
bright) and will not be as adversely affected by the differences in surface material reflectance
properties, such as that of water and concrete. In Figure 1.4, one can clearly see the effects
of the low angle of the sun on a parking lot and the tops of several buildings. Although the
surfaces are not truly white (with RGB intensities of 255, 255, and 255, respectively), the

high reflectivity of the material causes the resultant image to represent them this way.

Figure 1.4: Mosaic created using only westerly flight lines.

Clouds also generally do not remain stationary during the course of a survey flight
mission, further playing havoc with the mosaic creation process. Because the cloud may
have been present during an easterly flight line does not necessarily mean it will still be

in the same location, casting its shadow on the same area of the ground when the aircraft



comes back on its westerly flight line. In some cases, the cloud may even move a significant
amount during the same flight line, between groups of successive images. This along with the
previously mentioned problems results in a mosaic which has many visible seams between
flight lines, lines between sequential images, and wide intensity variations throughout the
image. The dataset provided for this research is, admittedly, an extreme case, as can be seen

in Figure 1.5. Note the random cloud shadow locations, the flight paths, and the overall

intensity variations.

Figure 1.5: Mosaic created using only westerly flight lines.

The objective of this research is to find a way to detect and remove these cloud shadows
and intensity variations, and instead produce an image mosaic which appears more uniform
in intensity and more closely represents the way the surface being surveyed would have
looked had there been a clear, un-obscured, cloud shadow-free view of the surface. While

there have been many attempts at cloud and cloud shadow removal in satellite images and



mosaics, there are unique problems and solution possibilities which make ours a relatively

novel approach.

1.3 Previous Research

There have been many previous attempts to remove clouds and cloud shadows from satellite
and aerial imagery. The majority of the cloud shadow removal techniques from satellite
imagery depend on having multi-temporal data for a given area. Various methods are used
to determine a good, cloud-free image to use in place of the given image. In [9], Helmer
and Reufenacht produce a strategy of cloud-free image mosaics using regression trees and
histogram matching. They begin by using regression trees to predict image data underneath
clouds and cloud shadows from other scene dates, and then use histogram matching to color
match the composited piece to the surrounding, overlapping images. Again, what we would
like to do is enhance the data under the cloud shadow from images taken within a relatively
short period of time, and therefore do not have access to many scene dates. In [25] the
authors develop a method to identify and remove clouds and cloud shadows by using an
image fusion technique which integrates complementary information into the composite
image from multi-temporal images. The area under the cloud has its brightness changes
smoothed due to the cloud shadow, and wavelet transforms are used to identify these regions.

In [4], Dare describes an algorithm for the detection and removal of ground feature
shadows from urban imagery. While the author does not concern himself with cloud shadow
removal, he does present a thresholding method for detection of building shadows. Dare
shows that a threshold can be determined by taking the mean of the bimodal peaks of
the histogram of the panchromatic image. In [24] a compositing technique is developed
which models the radiance of a pixel as five components, including path radiance and direct
radiation. The authors simulate the reflectance values of non-shadowed and shadowed pixels
using geometric simulation code requiring inputs such as the solar angle, satellite angle,

relative azimuth, etc.



Yet another research area is in how to identify and remove shadows based on the
geometric model of where the cloud is located, its height, and the location of the sun, and
projecting where the shadow should be [23]. This is then used to try to identify an area
as cloud-covered and either try to correct the projected area or match morphologically the
shape of the cloud and the shape of the cast shadow. Unfortunately, we have no clouds in
our images, and therefore cannot construct any geometric models by which to determine
the cloud cover. Even if we did, we are not taking an image of the entire cloud and cloud
shadow (due to the low altitude and multiple passes over a short period of time). Once we
reconstruct the image via the mosaic, we will not have consistent, unmodified cloud shadow
shapes. The clouds will have moved, changed shape, and we may not have the original
cast-shadow shape anymore.

An important distinction to make in regards to the majority of satellite-based imagery is
that the area imaged by the camera is not only very large, it is also taken from very long
distances. For the most part, at this distance any cloud cover will completely obscure the data
under the cloud. Due to the dispersion of the reflected light through the atmosphere, very
little information about what is actually under the cloud reaches the sensor array. Therefore,
any method to reconstruct the underlying data must be either based on images of that region
from another cloud-free time period or must be inferred from the remaining surrounding
areas.

In our case, the images are taken from low flying aircraft below the clouds, and rarely
would there be any direct occlusion of the underlying data by the clouds. The only informa-
tion loss we have is a diminished intensity due to the cloud casting a shadow over the area
and the differences in viewpoint in relation to the illuminant (sun). Since we still have the
information about the surface, we simply need to transform the pixel intensity distributions
to those of an image which is nearby and not undergoing cloud-shadow effects.

Another major area of interesting related work is in image color matching. The majority

of these methods are broken down into one of two categories; those which rely on a pixel-to-
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pixel correspondence between a reference and target image [24],[20],[15], and those which
rely only on the statistical distribution of pixel values [22],[14],[13],[25],[26],[27]. In [15]
Kagarlitsky proposes a method for piece-wise color mappings of images acquired under
various conditions. As the author is concerned with applying a precise change detection
method, he cannot simply rely on human perception of the transformation quality but rather
would like to guarantee a consistent color mapping (CCM). For a CCM to exist, two identical
colors in the source image must remain identical to each other after applying a mapping
function. They must also remain monotonically increasing; i.e. if color a; < a; in the source
image, then this relationship must remain so after the mapping.

In order to test for consistency, the author shows that the joint histogram of the two
images will show a monotonically increasing line, as opposed to the more random pattern
which exists when there is no CCM. However, due to illumination or viewpoint differences
a global CCM for the two images may not exist. In this case, Kagarlitsky uses a planar
co-segmentation of sub-regions over the overlapping parts of the images and computes
individual CCM’s. The choice of sub-regions is limited to planar regions as the variations in
the intensities of corresponding pixels depend on their surface normal, and those pixels on
the same plane will have the same normal. However, the author does not concern himself
with cloud cover, and mappings between multiple overlapping segments may vary widely
and therefore may not be suitable building blocks for a global CCM. Also, it remains to be
seen as to how well a planar co-segmentation would work for aerial or satellite imagery due
to the imaging range.

The remaining research uses some form of statistical distribution transformation to map
the color from one image to another. It is from these methods that we hope to find promising
solutions.

Reinhard [21] describes a method for a general form of color correction between images,
in which the goal is to apply the colors from one image to those of another. The author uses

Lo color space conversions to minimize effects of the tight correlation between bands
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in RGB color space. Once in Lo 3, the mean and standard deviation are used to scale the
data of the reference image to that of the new, synthesized image. Wang et. al. [18] extend
Reinhard’s work to image sequences and Huang [13] further extend this work to synthesize
a new image sequence by using colors from multiple reference images under user specified
weights. Also, Zheng et. al. [29] compare the RGB and HSI color spaces for color matching
and conclude that the RGB color space is more suited to rectification than HSI. It remains to
be seen how Lo 3 compares to both RGB and HSI.

Ng and Chu [19] present a color model which is invariant to lighting geometry, illumina-
tion color, specularity, and diffuse lighting. As with other image matching models [15], the
primary purpose of the author’s work is to improve image matching performance, and, as
such, attempts are made to model radiometric properties accurately. However, the author
does not discuss the applicability of the model when the viewpoint varies, and experimental
results in the paper were obtained from datasets with pixel-to-pixel correspondence, and
therefore might not be relevant to our current issue.

Roland et. al. [22] discuss histogram matching as it relates to texture synthesis. The
authors propose new matching algorithm based on sorting, and show that in small images it
outperforms histogram matching. However, the computational complexity for images larger
than 64x64 will outweigh the overhead incurred via histogram matching when implemented
with indexed look-up tables. Yet when an exact histogram matching is required, the sort-
based algorithm proposed would be the more correct choice.

Cox and Hingorani [3] propose yet another histogram matching algorithm in which
dynamic programming is used to perform a global optimization that achieves better matching
than with straightforward histogram matching alone. In simple histogram matching, values
in one bin of the reference image cannot be mapped to more than one value in the target
image, leading to reduced precision in the mapping. Dynamic histogram warping (DHW)
allows histogram bins to be matched one-to-one, one-to-many (expansion), and many-to

one (contraction). The result is an algorithm which can model the relationship between a
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pair of images much more accurately than simple additive/multiplicative models.

Jia et. al. [14] compare three histogram-based image matching methods as they relate to
vehicle number plate recognition.

Histogram matching, or histogram specification, works by finding a transform that allows
us to make one image take on the color distribution of another image. While this method
can fail if images are drastically different, such as between an image with mostly land and
an image with mostly water, it should work well for our purposes as long as the images in
question are of similar, nearby areas. Histogram matching seeks to specify the shape of
the histogram we wish the target image to have after transformation. In order to transform
an image which has been shadowed to an image without shadow, we first must find the
histogram of the reference image and use this as the probability distribution function (pdf)
that we use in the following equations.

In Chapter 2, we take a closer look at the LIDAR reflectance image and how it can
be used to detect and correct cloud shadow-covered regions of the mosaic. We discuss
classification methods and their applicability to the problem of finding cloud shadow in
Chapter 3. Color correction methods are explored in Chapter 4, and a more advanced method
of mapping the colors from the cloud shadow-covered areas to cloud shadow-free pixels in

Chapter 5.
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Chapter 2

LIDAR

2.1 LIDAR Reflectance Image

As mentioned earlier, LIDAR is used to provide elevation (and depth) readings from the
aircraft to assist in many areas of the research being conducted during the CZMIL flights.
When this LIDAR laser is bounced off the surface of the earth, the time difference of
the reflected laser light is recorded, and, using the speed of light, the distance can be
calculated. One additional feature of the LIDAR which is recorded is the intensity of the
laser return. A monochrome image can then be built using these returned intensities and
their geo-referenced coordinates, which results in Figure 2.1.

Because the laser is actually using a small portion of visible green light, it can give us
a clue as to the green reflectance properties of the surface. As this laser light is an active
source of light below the clouds, we obtain this reflectance image without any occlusions
by the clouds or cloud shadows. Therefore, it is a much more reliable predictor of the
green reflectance properties of the surface than the green band of the RGB image collected
from the photographic camera (which may contain any of the problems with clouds and
clouds shadows we have mentioned so far). Our aim is to find a way to use this information
to correct the original RGB images to compensate for the cloud shadows. We begin by

discussing the LIDAR image in a bit more detail.

2.2 Straight-Forward Replacement of Green Band With LIDAR Data

At first glance, it might be tempting to try to use the LIDAR reflectance data to simply
replace the green band in the RGB triplet of each pixel in the photo mosaic. Unfortunately,

even after scaling the LIDAR data to the same range (0 to 255 or 0.0 to 1.0) as the RGB
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Figure 2.1: Original LIDAR reflectance image.

data, the straight forward replacement produces adverse affects and therefore is not a good
option. As can be seen in Figure 2.2 this results in an image which is dominated by this
green replacement. We could scale it back further, but multiple attempts at this produced
nothing valid. It is obvious that simply replacing this value will not work effectively.

This is primarily due to the high level of correlation between the 3 axes of RGB. For
example, if a pixel has high levels of red and green, say 225 or more, then the blue level
should also be high, somewhere relatively close to 225. Others have shown that there
are difficulties with this (color transfer guy), and have even proposed new, more highly
de-correlated color spaces in which to work for this reason.

Therefore, our initial plan was to use a non-linear relationship to model the ratio between
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Figure 2.2: Mosaic created by replacing the green band of each RGB triplet with its
corresponding LIDAR value.

intensities in the green band of the RGB image and the LIDAR data. Because the LIDAR
data and RGB is acquired and provided to us at different resolutions, the data needed to
be adjusted to account for this. The LIDAR data is floating point data and has a range of
intensity of about O to 2.0 (actually, this is the range of the data provided and not the range of
the equipment, which was not provided), and the LIDAR reflectance image has a resolution
of 4 meters per pixel. The RGB pixel data has the typical integer range of 0 to 255 per color
band, and each pixel has a ground resolution of 20 centimeters.

Therefore, when building a non-linear relationship between the two, we first scale both
datasets to the same range, and then we compute the local average of the RGB data such that
we get a single intensity value that represents the same ground coverage area of a LIDAR
pixel. However, we only need to do this for the green band of the RGB image, as this

relationship with the LIDAR (green laser) is more valid due to its wavelength similarity.
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This results in a local green averaging kernel filter window size that is 20 times larger than
a single pixel in the LIDAR data, giving us the average green color for approximately the
same surface coverage.

In addition to the dynamic range scaling and resolution scaling above, there are additional
steps which must be taken with the LIDAR data. Unfortunately, the LIDAR data provided is
very noisy, with frequent pixels which have no data returns. These deficiencies are due to
the limitations in the current version of the CZMIL data acquisition instruments, and will

hopefully be upgraded and enhanced in the future.

Figure 2.3: LIDAR data with missing return data. Notice the black holes with 0.0 intensity
which represent missing data in the LIDAR reflectance image.
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2.3 Filtering the LIDAR Data

As it stands, however, we must make some correction to the data. The obvious choice is
to filter the data in two passes: a first pass which removes all data with intensity values
of 0.0 where appropriate, as this simply means there was no data returned for this pixel.
For this, we simply take the local average of the nearby surrounding pixels, and replace
the pixel in question with this value. As long as it is only one or two pixels with values
of 0.0 we can assume that this is a reasonable correction. For the current purposes of this
research, we are only considering the land areas, as the data we have for the water bodies is
incomplete. We would like to have the data from the water-penetrating LIDAR to perform
the color corrections discussed ahead over water as well. However, we expect there to be
many additional difficulties due to the different properties of water, including waves, wave
caps, and reflectance properties. Therefore, our lower bounds (high-intensity-pass filter) is
set to filter anywhere there are pixels with intensity values of 0.0 within the main image, and
the results in water bodies may be ignored. The same close-up of the image after performing
this lower bounds filter is shown in Figure 2.4.

A second filter pass of the LIDAR data is then done to de-speckle and smooth the LIDAR
image, as there is still a lot of noise present in the data in the form of high variance of
intensity between pixels, as seen in the previous example image. This distortion will bleed
through to the final image mosaic if not handled beforehand. Using a mean kernel filter, we
are able to smooth these variances, while retaining the detail of the edges on buildings and
roads. The result of this filter produces an image as seen in Figure 2.5.

Once this process is complete, we now have relatively clean LIDAR data to work with
to build a relationship between it and the RGB data. Initially we attempted to use a naive
approach based on the simple non-linear relationship shown below. However, there are a

number of problems with this approach as you can see in the next figure.
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Figure 2.4: LIDAR data after doing a lower bounds filter to smooth any missing values.

2.4 LIDAR to Green Ration - Scale Factor

As you can see in the following equation, we compute a scale factor by first normalizing
the two data points and then divide the green average by the local LIDAR average. Here,
LIDAR average simply refers to the fact that the LIDAR was smoothed using an averaging

filter (of which the kernel size is configurable).

Sf = LIDAR g/ greengyg 2.1

Once we compute the scale factor, we need to use it to modify the original image which
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Figure 5.18: Close-up of the lower left quadrant of the image mosaic created using all (east
and west) flight lines.

Figure 5.19: Close-up of the lower left quadrant of the image mosaic created using only
easterly flight lines.



64

Chapter 6

CONCLUSION

In this research, we set out to show that the LIDAR data could be utilized in a way that would
allow us to detect and remove cloud shadows from the image mosaic. We have been largely
successful in accomplishing this, as can be seen in a visual comparison of the cloud/not-
cloud maps and the original, problematic mosaics. We have also shown that, in order to
perform many useful color corrections to this cloud shadow-covered data, it is important to
know the predicted class of an output pixel. This allows us to build transformations from
the two different classes of data in order to restore the image to what it would have looked
liked had all of the pixels been under pure, unobscured sunlight.

The remaining artifacts in the image mosaic are due to a number of fundamental problems
with correcting the color in the cloud shadow-covered areas. One thing we noticed is that
the clouds seem to affect different wavelengths (colors) of light in different ways. For
instance, in areas with dense trees we see that the color distribution is not the same as in
the nearby parts of the same forest which are under sunlit pixels. These corrected areas
appear to consist only of shades of green, with the dark yellows and oranges apparently
gone. These colors are clearly seen in the same group of trees in nearby sunlit pixels. Also
noticeable is the apparent overall intensity of this area. While the intensity is what we are
aiming to correct with the LIDAR data, we do not have enough data to reconstruct the color
distribution. Knowing how the clouds, atmosphere, and surface material affect the reflection
and appearance of the different wavelengths of sunlight may be necessary to generate a
more accurate model.

Also, in the beginning of this paper, we mentioned that we did not have the location

of the clouds, and therefore could not build a model which was based on the geometric
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relationship of the cloud, sun, and cloud shadow. Nevertheless, a model which did take into
account the exact position of the sun with respect to the line of flight of the aircraft would
allow us to possibly correct for the different flight paths. The easterly flight line mosaics
from section x are an example of this, albeit a manual example. If we could determine this
and correct for this in any direction of flight, automatically, this would be very helpful.

Yet another future research effort could reveal whether doing ground cover classification
could also assist in the color transfer function. In fact, the hyper-spectral data collected
on the flight is routinely used for such purposes. This would then give us the ability to,
for instance, map areas of dense trees differently that we possibly would for an area of
beach. This might also be very useful for the color matching algorithms, as a ground cover
classification may give us a metric to determine whether an area of cloud shadow and
sunlight are of the same general content. Using color transfer, we can get produce an image
which more closely matches the color distribution in the trees, for instance, by using those
yellows and oranges in the nearby sunlit pixels to re-color the cloud shadowed pixels.

We have also discussed a few color transformation methods, including our preferred
method of fitting a function to the sunlight pixel data. However, the color transformation
method presented can still be improved upon. In fact, the entire process can be improved
upon if we simply had better LIDAR data. As mentioned previously, the LIDAR data is
extremely noisy, as its primary design purpose was simply for building digital elevation
maps.

The CZMIL project also has plans in the not-to-distant future to upgrade the entire
data collection system, including the LIDAR, RGB, and hyper-spectral cameras on board.
Careful consideration is being observed in the design of this new LIDAR system, with the
goal of producing a LIDAR reflectance map which is higher resolution, less noisy, and better
differentiates the LIDAR return signal from that of the sun. As the LIDAR is the second
most important piece of data (besides the actual RGB pixel itself), the mosaic process is

certain to benefit from this increased accuracy.
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