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Abstract 

The U.S. Army is increasingly interested in autonomous vehicle opera-
tions, including off-road autonomous ground maneuver. Unlike on-road, 
off-road terrain can vary drastically, especially with the effects of seasonal-
ity. As such, vehicles operating in off-road environments need to be in-
formed about the changing terrain prior to departure or en route for suc-
cessful maneuver to the mission end point. The purpose of this report is to 
assess machine learning algorithms used on various remotely sensed da-
tasets to see which combinations are useful for identifying different ter-
rain. The study collected data from several types of winter conditions by 
using both active and passive, satellite and vehicle-based sensor platforms 
and both supervised and unsupervised machine learning algorithms. To 
classify specific terrain types, supervised algorithms must be used in tan-
dem with large training datasets, which are time consuming to create. 
However, unsupervised segmentation algorithms can be used to help label 
the training data. More work is required gathering training data to include 
a wider variety of terrain types. While classification is a good first step, 
more detailed information about the terrain properties will be needed for 
off-road autonomy. 

DISCLAIMER: The contents of this report are not to be used for advertising, publication, or promotional purposes. 
Citation of trade names does not constitute an official endorsement or approval of the use of such commercial products. 
All product names and trademarks cited are the property of their respective owners. The findings of this report are not to 
be construed as an official Department of the Army position unless so designated by other authorized documents. 
 
DESTROY THIS REPORT WHEN NO LONGER NEEDED. DO NOT RETURN IT TO THE ORIGINATOR. 
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1 Introduction 

1.1 Background 

Autonomous ground vehicle mobility is of great importance for successful 
military maneuvers. As such, there is growing interest in the U.S. Army for 
off-road autonomous vehicle capabilities. Autonomous vehicles allow for 
unmanned scouting missions through potentially hostile territory, signifi-
cantly decreasing the risk of harm to the solider. While there has been in-
terest in this area for on-road autonomy, significant knowledge gaps exist 
for high-latitude regions where there are substantial seasonal impacts on 
terrain. To have successful autonomous mobility in these high-latitude re-
gions, there must be accurate characterization of the terrain to provide 
look-ahead information. One way to provide this look-ahead information 
is by using machine learning algorithms in tandem with various sensors to 
group areas of the terrain into different classes.  In fact, one of the most 
common machine learning applications is that of statistical segmentation 
(Jain et al. 1999; Sutton and Barto 1997; Dutton and Conroy 1996). This 
technique is used for determining which class or cluster a target data point 
belongs to based on one or more independent variables. In this analysis, 
we attempt to segment different types of terrain to provide look-ahead in-
formation for autonomous ground vehicles. To accomplish this task, we 
used several common machine learning algorithms. These algorithms fall 
into two subcategories: supervised and unsupervised. Unsupervised learn-
ing does not require any prior training datasets but can only segment an 
image into various unlabeled regions (Gentleman and Carey 2008). While 
these algorithms are quick to use and easy to implement, they are not able 
to provide classification labels to the segmented regions (Kotsiantis et al. 
2007). Supervised algorithms are able to segment images and provide 
class labels for the segmented regions (Bhavsar and Ganatra 2012). The 
main drawback to supervised learning is that it requires vast amounts of 
labeled training data to effectively capture each class. The training data 
typically require a significant amount of user-dependent classification la-
beling (Singh et al. 2016), which is extremely time consuming if data were 
not collected in a restricted manner. As part of this analysis, we aim to see 
if using unsupervised algorithms can segment images for training datasets 
to later be used with supervised learning algorithms.  
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1.2 Objectives 

The primary objective of this analysis is to compare various sensor da-
tasets and machine learning algorithms to see which combinations would 
be effective for capturing different types of terrain. Secondarily, we wanted 
to test several common software packages to assess their effectiveness for 
analyzing these datasets.   

1.3 Approach 

To test this approach, we used a variety of sensors to collect the training 
and test datasets. Section 2 documents the sensors in detail. The datasets 
encompassed a wide range of terrain types, including snow, wet and dry 
soil, pavement, ice, and vegetation. We collected them as part of several 
field campaigns throughout the 2018–2019 field season. Therefore, each 
dataset was sampled under vastly different environmental conditions (i.e., 
temperature, lighting conditions, etc.). In addition to varied sensors and 
environmental conditions, we used several common supervised and unsu-
pervised machine learning algorithms from Metashape, Quick Terrain 
Modeler (QT Modeler), ENVI (Environment for Visualizing Images), and 
the Scikit-Learn Python library (https://scikit-learn.org). The “Machine Learning 
Results” section documents each data and algorithm combination, where 
each example highlights a different aspect of the overall objective. Each ex-
ample includes a pros and cons list associated with the sensor, algorithm, 
or software package used to process the data. Finally, in the Conclusions 
section we discuss the results and indicate which sensor and algorithm 
combinations are most fruitful for future analyses.   

https://scikit-learn.org/
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2 Sensors and Field Sites 

2.1 FLIR Duo Pro R 

The FLIR (forward-looking infrared) Duo Pro R camera produces two sep-
arate images—one that contains RGB (Red, Green, Blue) bands and one 
that stores the thermal information on a pixel-wise basis. We selected this 
FLIR camera as it provides in addition to the RGB imagery thermal infor-
mation about the surface it is sampling. However, because of the offset be-
tween the two cameras and differing view angles, overlapping a radio-
metric thermal image with an RGB “true-color” image requires significant 
manual manipulation using FLIR proprietary software. Due to this manual 
manipulation, the algorithms were primarily tested on either the RGB im-
age or the thermal image alone. Two tests used the manually overlapped 
images to see if including the thermal information as an extra parameter 
aided in the classification process.   

2.2 TerraSAR-X satellite 

TerraSAR-X (X-band Terra Synthetic Aperture Radar, TSX) is a high-reso-
lution commercial Earth observation imaging radar. The satellite collects 
in the X-band of the microwave region of the electromagnetic spectrum 
with a 31 mm wavelength (frequency of 9.6 GHz). The satellite has the 
ability to collect imagery in like-polarized (vertical-vertical, VV) and cross-
polarized (vertical-horizontal, VH) combinations. Furthermore, the TSX 
data can be provided as either single polarization, where VH or VV is cap-
tured, or dual polarization where VH and VV are combined, for example. 
The data can also be analyzed as a ratio of VH and VV. Depending on the 
collection mode, TSX can produce images with a 30 cm resolution. The 
StripMap images used in this analysis have a resolution of 6m.  

2.3 Velodyne lidar 

The Velodyne HDL-32E is a 32-beam, three-dimensional, high-definition 
lidar sensor that has a range of up to 100 m with an accuracy of approxi-
mately 2 cm. The lidar sensor has +10° and −30° vertical field of view rela-
tive to the horizontal plane of the sensor.  The sensor is also coupled with a 
360° horizontal field of view resulting from the rotation of the scanner. Li-
dar sensors are often paired with integrated inertial measurement units 
and Global Navigation Satellite System devices to convert the collected re-
turns to the sensor’s local coordinate system, followed by a conversion of 
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the returns to a geospatial coordinate system. This configuration is less 
feasible under GPS-denied conditions. Because of this shortcoming, the 
HDL-32E employs a Kaarta Stencil 2-32 mobile mapping computer in 
place of an inertial measurement unit and Global Navigation Satellite Sys-
tem. The Kaarta Stencil 2-32 is a mobile mapping system that uses an RGB 
camera with a simultaneous localization and mapping framework to map 
the sensor position based on the identification of common landmark fea-
tures across the scanned region. The resulting point clouds are georefer-
enced using ground control points with known geographic coordinates 
during postprocessing. 

2.4 Field sites 

For this analysis, the CRREL mobility team collected data from several 
field sites over the 2018–2019 season. These sites include the Chilean An-
des near Lonquimay, Chile; the Camp Ethan Allen Training Site (CEATS) 
in Jericho, Vermont; Tullando Farm in Orford, New Hampshire; 
Keweenaw Research Training Center in Calumet, Michigan; and at the 
Cold Regions Research and Engineering Lab (CRREL) in Hanover, New 
Hampshire. The team selected each of these sites because they exhibited 
varied terrain types that could be leveraged to test the various sensors and 
machine learning algorithms.  
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3 Machine Learning Results 

This section reviews the supervised and unsupervised algorithms used as 
part of this analysis. As mentioned in section 1.3, each example highlights 
a unique combination of a machine learning algorithm applied to a specific 
sensor dataset. In each example, we have provided the collection location 
and date, the machine learning algorithm being tested, and what sensors 
and parameters were used. For some of the examples, we utilized smooth-
ing filters to remove noise in the datasets.  

3.1 Unsupervised algorithms 

3.1.1  K-means  

K-means clustering is a type of unsupervised learning used when data is 
unlabeled (i.e., data without defined categories or groups) (Forgy 1965). It 
is also one of the most commonly used clustering algorithms as it is quick 
and generally provides good segmentation results. The goal of this algo-
rithm is to find groups that cluster similar types of data values. The num-
ber of groups or clusters are represented by the variable K. The algorithm 
works iteratively to assign each data point to a K group based on the fea-
tures that are provided (Hartigan and Wong 1979). Data points are clus-
tered based on feature similarity (i.e., which cluster centroid they lie closer 
to). One drawback to this algorithm is that the number of clusters must be 
specified prior to running the algorithm; therefore, it requires the user to 
know a priori how many classes may be represented in an image.  

Our analysis tested this algorithm on both the FLIR and TSX datasets. For 
the FLIR data, we used the K-means clustering algorithm from the Scikit-
Learn Python library. We used ENVI software to perform the K-means 
clustering segmentation on the TSX datasets. Shown below are examples 
of the K-means algorithm results from a variety of test areas. 

Example 1: Chile 2019 Collection—Snow vs. Soil vs. Water 

• Sensor: Vehicle-mounted FLIR camera  
• Parameters: Temperature and RGB intensity values 
• Algorithm: K-means clustering (Scikit-Learn) 
• Other comments: No smoothing or neighborhood information used 
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Pros: For this example, K-means performs a good segmentation of the 
image when using either two (Figure 1C) or three (Figure 1D) clusters. In 
this example, water is segmented from the surrounding soil even though 
they have similar RGB values (this is a scenario when using the thermal 
parameter is useful). 

Cons: The number of clusters must be chosen prior to running the algo-
rithm, indicating a need for a priori knowledge of the terrain. K-means 
does not provide class labels for the different segmented regions. The tem-
perature parameter aids in distinguishing regions of similarity in an im-
age; however, it requires manual manipulation beforehand to properly 
align the two images prior to segmentation.   

Figure 1.  (A) The RGB image used in tandem with (B) the associated thermal image to 
perform the image segmentation, (C) the clustering results if two classes are specified (red: 
soil; blue: snow), and (D) the clustering results if three classes are specified (red: soil; blue: 

water, green: snow).  

 

Example 2: Tullando Farm 2019—Wet vs. Dry Soil 

• Sensor: RGB camera on an unmanned aerial drone 
• Parameters: RGB intensity values 
• Algorithm: K-means clustering (Scikit-Learn) 
• Other comments: 7 × 7 Gaussian smoothing kernel used to homogenize 

noisy regions  
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Pros: The K-means algorithm performs a better segmentation when using 
kernel smoothing to homogenize noisy regions (Figure 2C). The segmenta-
tion results are robust even when using only RGB values (Figure 2B), and 
no preprocessing had to be performed on the images to align datasets 
since infrared was not used. 

Cons: The number of clusters must be known prior to running the algo-
rithm, once again requiring a priori knowledge of the terrain. This algo-
rithm does not provide class labels for the different segmented regions. 
Determining a proper kernel size will vary from image to image depending 
on the sampled media and the sample resolution.   

Figure 2.  (A) The high-resolution RGB image used to perform the segmentation, (B) the 
clustering results if two classes are specified with no smoothing filter used (red: wet 

tilled soil; blue: dry untilled soil), and (C) the clustering results with a 7 × 7 smoothing 
kernel applied prior to running the algorithm.  
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Example 3: Keweenaw Research Center 2020—Vegetation vs. 
Snow vs. Roads 

• Sensor: TSX satellite 
• Parameters: Multiband synthetic aperture radar (high frequency, low 

frequency, horizontal-horizontal polarization (HH) 
• Algorithm: K-means clustering (ENVI) 

Pros: The ENVI software is easy to use and has the ability to be auto-
mated with an application programming interface (API).  

Cons: Similar to the two previous examples, the number of clusters must 
be chosen prior to running the algorithm, and it does not provide class la-
bels for the different segmented regions (Figure 3). The ENVI software is 
proprietary and must be purchased to access the API. 

Figure 3.  (A) Multiband raster created using the high-frequency returns, 
low frequency returns, and HH datasets; and (B) the clustering results 

using the K-means algorithm in ENVI. 

 

3.1.2  Iterative Self-Organizing Data Analysis Technique (ISODATA) 

The ISODATA algorithm (Ball and Hall 1965) is one of the unsupervised 
classification algorithms in the ENVI framework. It calculates the means 

 

  

A: Multiband Raster 

B: K-Means Clusters 
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of each class and then iteratively clusters the remaining pixels by using 
minimum distance techniques (i.e., which class mean the pixel falls closest 
to). Each iteration recalculates the means and reclassifies pixels with re-
spect to the new mean.  

Example 4: CEATS 2019, Range 6-6 

• Sensor: TSX satellite 
• Parameters: Multiband SAR (VV, VH, VH/VV) 
• Algorithm: ISODATA (ENVI) compared to K-means  

Pros: Overall, ISODATA provided comparable results (Figure 4C) to the 
ENVI K-means segmentation (Figure 4B). ISODATA also had a quick seg-
mentation time, which is crucial for real-time terrain characterization.  

Cons: ISODATA had comparable segmentation results to K-means but 
was slower to execute. Also, prior to running, ISODATA requires a user-
defined input of the number of expected classes.   

Figure 4.  (A) Multiband raster created using the VV, VH, and VH/VV datasets; (B) the 
clustering results using the K-means algorithm in ENVI; and (C) the clustering results using 

the ENVI ISODATA clustering algorithm. 

 

 

 

 

 

 

 

 

 

Class 1 
Class 2 
Class 3 
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3.1.3  Mean shift  

Mean shift is a clustering algorithm that assigns data points to clusters it-
eratively by shifting points towards the mode (Cheng 1995). Given a set of 
data points, the algorithm assigns each data point towards the closest clus-
ter centroid. The direction to the closest cluster centroid is determined by 
where most of the points nearby are located. During every iteration, each 
data point will move closer to the largest cluster of points. When the algo-
rithm finishes, each point is assigned to a cluster. Unlike the K-means al-
gorithm, mean shift does not require specifying the number of clusters in 
advance. However, the user needs to specify other parameters, such as the 
maximum distance apart points can be within a single cluster, which fac-
tors into the number of final clusters. 

Example 5: CEATS 2019—Snow vs. Vegetation vs. Soil  

• Sensor: Vehicle-mounted RGB camera 
• Parameters: RGB intensity  
• Algorithm: Mean shift (Scikit-Learn) 

Pros: This algorithm does not require the user to specify the number of 
clusters prior to segmentation. The algorithm optimizes the number of 
clusters and works well on some images (Figure 5A). 

Cons: User needs to specify other crucial parameters to calculate an ap-
propriate probability kernel bandwidth, otherwise clustering will provide 
poor results (Figure 5B and C). The algorithm is not robust enough to 
properly segment images in a batch-processing manner. Therefore, pro-
cessing needs to happen on an image-by-image basis, with the user adjust-
ing the input values.   
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Figure 5.  (A) Ideal segmentation with soil (red) and snow (blue) separated into two different 
clusters; (B) the clustering results using the same parameters as image A and a similar 

dataset (there is significant oversegmentation—four clusters); and (C) the clustering using the 
same parameters (there is under-segmentation—one cluster). Classes are shown as partially 

transparent over the RGB image. 

 

3.1.4  Density Based Spatial Clustering of Applications with Noise 
(DBSCAN) 

DBSCAN clustering is another unsupervised clustering algorithm that di-
vides the data points into a number of specific batches or groups such that 
the data points in the same groups have similar properties (Ester et al. 
1996). The DBSCAN algorithm requires two parameters: epsilon and mini-
mum points. Epsilon defines the radius of the neighborhood around a data 
point (i.e., if the distance between two points is lower or equal to epsilon, 
then they are considered neighbors). If the epsilon value is too small, then 
a large part of the data will not be grouped into clusters and will be consid-
ered outliers. If a large epsilon value is chosen, then the clusters will 
merge; and the majority of the data points will be in the same clusters. The 
minimum number of points defined specifies the number of data points 
that must fall within the epsilon radius to identify a new cluster. 

Example 6: CEATS 2019—Snow vs. Soil  

• Sensor: Vehicle-mounted RGB camera 
• Parameters: RGB intensity   

 

 

 

 

 

 

 

 

 

A: Proper clustering B: Overclustering 

C: Underclustering 
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• Algorithm: DBSCAN (Scikit-Learn) 
• Other comments: Varied epsilon and minimum samples for each image 

Pros: This algorithm does not require the user to specify the number of 
clusters prior to segmentation.  

Cons: The user needs to specify crucial parameters, otherwise clustering 
will provide poor results (Figure 6A and B). The algorithm is not robust 
enough to properly segment images in a batch-processing manner. There-
fore, processing needs to happen on an image-by-image basis with the 
user adjusting the input values.   

Figure 6.  (A) Poor segmentation results using the DBSCAN algorithm with large epsilon and a 
large number of minimum samples (two colors represent segmented classes overlaid on the 
camera image). Note the segmented regions do not correspond to the actual terrain types we 

expected in this case. (B) Poor segmentation results with smaller epsilon and a smaller 
number of minimum samples resulting in four classes unrelated to terrain type but which may 

be related to rutting and terrain roughness or resulting shadowing of the image.   

 

3.2 Supervised algorithms 

This study used three supervised techniques to classify varying datasets. 
Two of these were pretrained on existing datasets from the ENVI and QT 
Modeler software, and the third used training data collected at CRREL.    

3.2.1  QT Modeler and Metashape for elevation point-cloud data 

The assignment of points within a lidar point cloud to either “Ground” or 
“Non-Ground” objects has been widely explored within the literature 
(Zhang et al. 2003, 2016; Pingel et al. 2013). These ground-point classifi-
cation methods outlined in existing literature, while distinct in their meth-
odology, all rely on determining an elevation threshold between a refer-
ence surface and a neighborhood of points that can account for the differ-
ences in spatial extant between different features (e.g., buildings, trees, 
and cars). In contrast to the well-described, open-source, ground-point 
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classification algorithms, the proprietary ground-point classification algo-
rithms within QT Modeler and Metashape are black boxes with respect to 
their filtering methodologies. 

The QT Modeler and Metashape software employ proprietary point-cloud 
classification algorithms that allow for the segmentation and labeling of 
different features (e.g., trees, ground, and buildings) recorded in lidar- or 
photogrammetry-derived point clouds. Unlike with the open-source Scikit-
Learn Python library, these algorithms are not explicitly described or 
available within an API. The current lack of a coding interface in the ENVI 
software package reduces the applicability of these software-based algo-
rithms for real-time classification tasks. 

QT Modeler requires that all input data, including photogrammetry-de-
rived point clouds, be in an LAS or LAZ (zipped LAS) file format. QT Mod-
eler segments the image based on four predefined classes taken from the 
American Society of Photogrammetry and Remote Sensing classification: 
0 = not classified, 2 = ground, 3 = low vegetation, and 6 = building. There 
is currently no functionality that allows for incorporating user-defined al-
gorithms or further classification beyond these four classes. The strength 
of QT Modeler is that it is able to distinguish nonground objects (e.g., 
buildings and trees) from ground points within the point-cloud data. The 
point-cloud density must exceed one point per square meter for the algo-
rithm to be effective. This can be challenging in environments with dense 
tree cover or other sheltering features as the number of return points will 
be much less dense than in open environments. Additionally, in the classi-
fier prompt prior to running the algorithm, the user must select the spe-
cific classes that are known to be represented in the point cloud. 

Metashape, like QT Modeler, uses a classification algorithm that segments 
a point cloud into predefined classes: ground, high vegetation, building, 
road, car, and man-made (e.g., infrastructure). The algorithm allows the 
user to define a confidence threshold between 0 and 1 that will assign 
points below the threshold as “unclassified.” The user may manually select 
objects or regions within the point cloud to be assigned to one of the pre-
determined classes. There is no functionality as of yet to create custom 
classes (i.e., wet ground, snow, etc.). 
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Example 7: CEATS 2019—Lidar Ground-Point Classification 

• Sensor: Vehicle-mounted Velodyne HDL-32E lidar  
• Parameters: Point-cloud elevation values  
• Algorithm: QT Modeler point-cloud classification algorithm 

Pros: This algorithm provides fast classification of ground, vegetation, 
and low vegetation classification (Figure 7). It is robust against topo-
graphic variation that often hinders other algorithms. 

Cons: The proprietary algorithm is a black box and is not configurable 
with user-defined classes. It has no existing API that allows for scripting 
functionality to enhance classification performance. 

Figure 7.  (A) The unclassified point cloud from Range 4-3 at CEATS, collected on 13 March 
2019, and (B) the same point cloud that has been classified using the classification algorithm 

in QT Modeler.  

 

3.2.2  ENVI supervised algorithms 

ENVI is a software application used to process and analyze geospatial im-
agery and bundles together a number of scientific algorithms for image 
processing. The software includes numerous algorithms to process im-
agery for terrain classification. This project used the generic ENVI image 
classification workflow for supervised classification. This analysis used im-
agery from 13 March 2019 for two areas at CEATS. We selected Range 4-3 
and Range 6-6 as they were relatively open spaces where three classes 
were visible on panchromatic imagery: snow, vegetation, and trails. 

This test used maximum likelihood classification in ENVI (Richards 2012). 
Maximum likelihood classification assumes that the statistics for each 
class in each dataset follow a gaussian distribution. With that assumption, 
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it calculates the probability that a given pixel belongs to a specific class. 
Each pixel is assigned to the class that has the highest probability. Super-
vised classification requires large amounts of labeled data to train the al-
gorithm. It is advantageous to use larger areas to ensure the pixels used 
are fully representative of the terrain class, since pixels on the edge of two 
classes could confuse the algorithm. The training data used to complete 
the supervised classification included four classes: road, building, snow, 
and vegetation. Approximately 15,500 pixels were used for the training 
data (road: 252 points; building: 146; snow: 7956; vegetation: 7157) and 
were taken from the entire image. Because of the inability to distinguish 
roads and buildings on the images, the number of points to represent 
those classes was significantly lower than for snow and vegetation. The re-
duced number of road and building samples relative to the other classes 
likely reduced the ability of the algorithm to differentiate those two clas-
ses. Two different runs were conducted for supervised classification: the 
first run was conducted with the four classes where the road points were 
selected from groomed snow trails, and the second was a basic two-class 
snow versus nonsnow classification. The second run proved to be most 
useful because while large features could be identified in the scene, the im-
age resolution did not allow for identification of smaller features or the 
ability to distinguish between snow and dirt or virgin and groomed snow.   

Example 8: CEATS 2019—TSX Imagery Classification 

• Sensor: TSX satellite 
• Parameters: Multiband SAR (VV, VH, VH/VV) 
• Algorithm: ENVI maximum likelihood 

Pros: Supervised classification allows the user to pick regions of their 
choice to represent a surface, allowing for the best possible classified im-
age. This algorithm provides class labels for each pixel as opposed to just 
segmenting into various clusters. ENVI software is user friendly and pro-
vides an API for script processing. 

Cons: Classes and regions need to be defined beforehand, making cogni-
tive classification much more difficult. Manually labeling training data 
points is time consuming and labor intensive. Accurate training labels are 
essential for proper classification of images (Figure 8A and B).   
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Figure 8.  (A) A classification attempt where four classes were specified and road points 
were selected from groomed snow trails and (B) the classification attempt just using 

snow and vegetation as class options. The red boxes indicate the extents of Range 6-6 
(top) and Range 4-3 (bottom). 

 

3.2.3  Support vector machines 

The support vector machine (SVM) method is based on the concept of de-
cision planes that separate data points belonging to different class mem-
bers (Gunn 1998). These decision planes are constructed from the training 
datasets by determining the greatest distances between points of separate 
classes. In addition to the SVM method being suitable for a broad spec-
trum of machine learning classification problems, several other factors 
make it well suited for real-time classification problems. First, SVMs typi-
cally use simple decision boundaries, thus lessening the risk of overfitting 
(Wang 2005). Second, once the SVM has been trained and the decision 
plane constructed, this method is computationally inexpensive, which is 
necessary for real-time evaluation (Gunn 1998).   

For simplicity, we elected to classify two different types of terrain: ice and 
pavement. However, this method could be adapted to incorporate several 
other classes. The input data used for the training datasets include infra-
red and visual imagery collected with a FLIR camera. Images were col-
lected at different points throughout the winter 2019 season to account for 
effects of varied solar loading and ambient air temperature. Roughly 150 
infrared images and 150 visual images were collected of each class through 
the sampling season. Images of pure ice and pure pavement were collected 
to make the classification of the training datasets simpler. Several images 
contacts between ice and pavement were sampled to be used as the test 
data for the analysis (Figure 9A and B).   
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This analysis used the Scikit-Learn Python library as it provides well-
tested and readily available SVM functionality. A linear kernel was used 
along with a default penalty parameter of 1.0. All other optional parame-
ters were set to their default values. Figure 10 shows the results of the test-
image analysis (Figure 9A and B). Overall, the classification method 
worked well given the input data used for the analysis. The thermal signa-
ture of the different classes dominates the placement of the decision plane, 
indicating that the decision to classify a pixel as either ice or pavement de-
pends heavily on this parameter (Figure 11). Ice is translucent and will of-
ten have the same RGB coloring as the material beneath it (Figure 9A). 
However, ice has a different thermal signature than pavement, so it is not 
surprising that the thermal parameter is crucial for distinguishing between 
the two classes (Figure 9B).   

Example 9: Cold Regions Research and Engineering Labora-
tory—Ice vs. Pavement 

• Sensor: Tripod-mounted FLIR camera 
• Parameters: Temperature and RGB intensity values 
• Algorithm: Support vector machine (Scikit-Learn) 
• Other comments: No smoothing or neighborhood information used 

Pros: Overall, this algorithm performs a good classification of images. Us-
ing the thermal information is key since RGB intensity values are indistin-
guishable between ice and pavement. The main benefit of SVM is the near-
real-time classification after the algorithm has been thoroughly trained.  

Cons: As with any supervised algorithm, SVM requires a lot of training data 
collected under a variety of environmental conditions. While the classifica-
tion process itself is fast, it takes a long time to train the SVM algorithm.  

Figure 9.  (A) A visual image collected using the FLIR Duo camera and (B) the 
corresponding thermal image. 
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Figure 10.  Scatter plot of training datasets using 
temperature and pixel intensity as training parameters. Red 
points show data points that are known to be ice, and blue 
points show data points that are known to be pavement. 

The black line separating the two classes is the hyperplane 
derived from the SVM algorithm. When using a test image, 

any pixel whose parameters fall on the right side of the 
hyperplane will be classified as pavement, and those that 

fall on the left side will be classified as ice. 

 

Figure 11.  Proper classification of ice and pavement using the training datasets 
and hyperplane generated by the support vector machine. The blue region is 
pixels classified as ice, and the red region is pixels classified as pavement. 

Results are partially transparent superimposed over the original RGB test image.   
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4 Summary  

The primary objective of this analysis was to see what combination of sen-
sor and machine learning algorithms would be effective for capturing dif-
ferent types of terrain to inform vehicle operations. Three sensors were 
used for data collection (FLIR with visual camera, TSX, and lidar), and the 
analysis used a variety of supervised and unsupervised machine learning 
techniques. Each test example highlights the pros and cons of using that 
particular sensor and machine learning algorithm. Table 1 highlights all of 
the examples discussed in previous sections. 

Table 1.  Summary table of all examples outlined in this study. Classifications of “good,” 
“moderate,” and “poor” in the overall results column were generated by comparing the 

classified regions in the resultant image to visually distinguishable classes in the test images.  

Example Sensor Algorithm Software  
Software 

Availability 
Overall 
Results 

1 FLIR K-means Scikit-Learn Open source Good 
2 RGB K-means Scikit-Learn Open source Good 

3 TSX K-means ENVI Proprietary Moderate 
4 TSX ISODATA ENVI Proprietary Moderate 
5 RGB Mean shift Scikit-Learn Open source Poor 
6 RGB DBSCAN Scikit-Learn Open source Poor 
7 Lidar Proprietary Metashape Proprietary Good 
8 TSX Max likelihood ENVI Proprietary Moderate 
9 FLIR SVM Scikit-Learn Open source Good 
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5 Conclusions  

The aim of this study was to compare and contrast various sensors and 
machine learning algorithms to see which combinations were best suited 
for characterizing terrain. The following are the main takeaways from this 
analysis: 

• Unsupervised algorithms can be used to segment the training data into 
different clusters but require a user to manually label the identified 
clusters.   

• The most accurate unsupervised algorithm seems to be K-means, as it 
properly segmented the images. The mean shift and DBSCAN algo-
rithms provided poor segmentation results.   

• The main drawback with the K-means algorithm is that the number of 
clusters in each image must be known prior to running the algorithm. 
Thus, there will likely need to be close supervision of the results to en-
sure proper clustering.   

• When using clustering algorithms with high-resolution data, it may be 
necessary to smooth the data prior to running the algorithm. This will 
help eliminate outliers from each cluster and eliminate highly speckled 
classification results 

• One way to remove the need for segmenting the images is to collect 
training datasets of each desired class in a regimented way. For exam-
ple, if using a camera to collect images of ice and snow, collect images 
of each class individually. That way all pixels in one image are known 
to belong to a single class, thus eliminating the need for segmenting 
and labeling.   

• As demonstrated in Example 1 in section 3.1.1, the FLIR Duo camera 
proved to be a valuable sensor for identifying different types of terrain. 
However, to use both the thermal and visual information requires 
manually shifting the datasets so they overlap one another.   

• Thermal information seems to be most useful when there are multiple 
classes with similar pixel intensities, such as water or ice, as they dis-
play the same color as the terrain type beneath them but have differing 
thermal signatures.   

• QT Modeler and Metashape both provide decent unsupervised results; 
however, they allow for only the classes built into the software. So, incor-
porating classes such as snow, ice, and wet and dry soil is not possible.  

• Similar to QT Modeler and Metashape, ENVI has predefined classes for 
its standard classification algorithm. However, it also allows for user-
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defined classes and provides a simple framework for generating train-
ing datasets. The robustness of these algorithms strictly depends on 
how well the training data represent each assigned class.   

• In general, incorporating more parameters aids in the classification 
process, as it adds more distinctive differences between each group.   

The results of this analysis provide initial insight into which combinations 
of sensors and algorithms are useful for automated terrain classification. 
This work provides the initial step for ensuring successful off-road autono-
mous vehicle mobility in varied seasonal terrain.   
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6 Recommendations 

While this work provides a preliminary assessment of the various sensors 
and algorithms that can inform autonomous vehicle platforms about ter-
rain, there is still a significant amount of work to do. For classifying ter-
rain, the unsupervised algorithms cannot be used as they only separate the 
data into clusters instead of labeled class regions. However, these unsuper-
vised methods can segment data for training supervised machine learning 
algorithms, which would make the training step more automated and less 
time consuming. While classification of the terrain can provide some use-
ful look-ahead information for autonomous vehicles, the vehicle must 
know the underlying mechanical properties of the terrain (i.e., soil 
strength, snow density, ice roughness, etc.). Thus, the next step is to iden-
tify which sensors and machine learning algorithms are able to address 
these properties. This area of research has large knowledge gaps and will 
require many follow-on studies to develop successful off-road autonomous 
vehicle capabilities. 
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