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ABSTRACT:   

 
Spatial analysis has evolved and found unprecedented growth in last two decade. Higher 
dimensional spatial analysis including those in three dimensions has exhibited potentially 
limitless opportunity for knowledge discovery and generating information used in object 
reconstruction, topographic understanding and creating spatial databases. This paper studies 
and highlights the state of the art development and applications done so far in spatial analysis 
especially suitable for higher dimensional topographic datasets. A comparison of spatial 
analysis problems and a possible approach for solving them are also presented. Importance and 
relevance of geo-statistical modeling and machine learning approaches are highlighted and 
thereby suggest pointers to further research opportunities. 
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[1] INTRODUCTION 

Spatial analytics is now an established discipline which finds its applications in 

diversified fields. Spatial data analysis has been an integral part of any geographical 

information system (GIS) and finds numerous opportunities in several fields. Research studies 

[27] have highlighted challenges in handling spatial data. With more and more spatial data 

being available, these challenges have aggravated profoundly and needs more mature 

methodologies. The development of storage and acceptability has given rise to more prominent 

emerging areas including spatial localization, spatiotemporal exploration, topographical 

reconstructions and multidimensional visualization. As a discipline of data analytics, it is 



 

A REVIEW OF SPATIAL ANALYSIS OF MULTIDIMENSIONAL TOPOGRAPHIC DATA 
 

 
 Rajesh K Maurya and Sushil T Kulkarni  254 

 

concerned about studying the topological and geographic properties of features and 

phenomenon around us. 

Spatial analysis can be used to investigate patterns and structures defined in high 

dimensional space and thus suits investigating topographical data including those acquired 

from sensory systems such as Light Detection and Ranging (LiDAR) and other remote sensing 

(RS) systems. Fundamentally, the topography is about recording elevations of physical features 

such as mountains, rivers, lakes, and valleys of some region on the earth surface. As these 

topographical datasets contain aspects of geospatial attributes inherent in them, it motivates to 

design and develop methods to process and extract meaningful information from them and 

hence geospatial analysis. In this paper, the term spatial corresponds to the geospatial hereafter. 

Traditionally, cartographic applications and related geographical investigations have been 

concentrating on two-dimensional data aspects. Advancements in data acquisition and storage 

technology have enabled to obtain three-dimensional data described in multidimensional space. 

With potentially large opportunities for generating knowledge, niche areas for spatial 

investigation of topographical data have been focusing on three or more dimensional data. 

This paper aims to present a holistic study on recent development in the spatial handling 

of multidimensional topographic datasets, critically evaluate methodologies for processing 

them and suggest future pointers for research and optimization. 

 

[2] SPATIAL DATA ANALYSIS FOR HIGHER DIMENSIONAL DATA SETS 

Spatial data analysis (SDA) is a means to develop spatial perspective based on techniques 

which require information describing location and other thematic attributes related to the object 

or phenomenon. Spatial data at hand can be made available in several formats based on number 

of dimensions used to describe the object or the events. This paper largely concentrates on 

analyzing spatial data in geographical applications including those dealing with natural 

phenomenon and features on earth. Spatial data is all about describe objects, features and 

phenomenon in space in two or more dimensions consisting of geometric information that can 

be handled either in discrete or continuous manner. It can also be seen as pieces of qualitative 

and/or qualitative information defining the objects in space [1]. The available spatial data 

formats include use of points, line and polygon. Point data format allows to represent a spatial 

object or its composition as a single point (at a single location), a line which defines linear 

characteristic and a polygons corresponds to spatial extent defining the object. Spatial analysis 

enables to examine the implicit relationships in the neighborhoods around position in preview 

and its extent. Algorithms used for spatial analysis of these data sets can help in deducing 

several interesting spatial knowledge. 

As spatial data is an abstraction of data describing objects and events on the physical 

earth; spatial data analysis and GIS can be integrated together for more diversified results for 

different categories of spatial data. Therefore the focus of the discussions in this paper is more 

related to geographical aspects. 

 

[2.1] ISSUES AND CHALLENGES OF SDA 

Due to the very nature of the spatial data itself, spatial Data analysis has to overcome 

several issues and challenges that vary across domains of application and usage. Across all 

categories of spatial data, heterogeneity is clearly evident. Applications require a different level 
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of abstraction in terms of a number of dimensions, formats of representation, the source of data 

acquisition and continuity features. Handling and processing geographical data is more 

complex compared to traditional data due to their structure and representation. Extracting 

spatial patterns from geospatial datasets involves identifying: the appropriate spatial structures, 

and their thematic properties, and relationships between relevant spatial structures. This makes 

the spatial data mining and analysis different from traditional data mining, wherein objects 

described in the dataset are typically treated as independent observations and do not look at the 

geometrical characteristics. Traditional data mining neither considers natural spatial 

relationships among neighbors nor accounts for different types of observations. Consequently, 

traditional data analysis and mining algorithms seem to be inadequate in addressing these 

issues. Spatial data analysis emerges as an answer to it. However, some of the other important 

issues [24] in dealing with spatial data analysis are listed below. 

 Geometry descriptions: Inferencing spatial geometry of the object from the data set is 

challenging. One has to know how geometries are represented. Raster or the vector 

representation may be used to describe the data. While rater representation uses a grid of 

values suitable for continuous representation, they can often become difficult to use the 

volume of data samples as the coverage increases. On the other hand, vector 

representation offers a much precise way to describe the objects in a discrete manner but 

often offer less flexibility and suffers from computational performances.  

• Localization and positioning: Locating and finding spatial relationships are crucial for 

spatial data analysis. With large samples of data, estimating spatial neighbor can become 

difficult especially for multidimensional and unorganized spatial data sets. 

• Pattern Variability: Spatial pattern discovery during data analysis and knowledge 

mining process may additionally require contextual inputs to overcome difficulties in 

describing a different set of features describing the data set.  

• Data Size: Usually the size of the data associated with the geospatial application is very 

large which makes the selection and processing of the relevant data samples an intensive 

task.  

• Data Source and format: Data acquired from different sources have different defining 

characteristics including, spatial resolution, temporal aspects, and formats. This can 

affect the performance and interoperability aspects of analysis. 

• Abundance of unorganized and non-relational data: Although the datasets contain 

implicit spatial information and sometimes thematic attributes, they convey very little 

relational information at the raw level. Also, the volume of the data corresponding to 

features and objects under study are very large and may run into thousands and millions 

of data samples. 

The problem of spatial analysis becomes more complex when working with topographical 

data. These contain very large samples of data and require close affinity to geographical 

understanding. Insight into topographical data highlighted in further discussions. 

 

[2.2] MULTIDIMENSIONAL TOPOGRAPHIC DATA 

Topographic data has become important means for scientific and technical analysis of 

the environment and found useful in visualizing earth surface. Topographic data inherently 

contains information about the elevation of the earth surface. By this virtue, topographical data 

format uses high dimensional (usually three or more) representations to describe objects and 

structures on earth surface. Studies related to topographical data are found useful in several 
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areas including terrain and surface modeling, hydrological applications, object reconstruction, 

geometrical analysis and many more. Besides natural formation, topographic data may also 

include man-made (artificial) structures such as roads, residential blocks, bridges, dams etc. 

 

[2.2.1] ACQUIRING AND REPRESENTING DIGITAL TOPOGRAPHIC DATA 

Topographic datasets of small, medium and large spans are in use depending on their 

coverage, extents, and resolution that correspond to natural and man-made features under 

investigation. While small and medium-scale topographic data can be stored as the 2D dataset 

with spot height elevation features, large-size topographic data are stored as 3D data sets which 

provide the detailed view of the investigating features and offers more flexibility. Even smaller 

spans of 3D topographic data would encompass several thousands of points in it and thus makes 

spatial analysis a complex task. Topographic data are available at different scales which 

directly determine the level of accuracy. A smaller scale implies fewer features and with less 

accuracy will be represented by the data. For example, the scale 1:250 000 is smaller than scale 

1:100 000.   

One way to presented topographic data is using traditional local topographical maps with 

contours representing specific elevations. Another way to present is using a more generalized 

map with a range of elevation values with varying color values. Topographic data used for 

mapping earth are primarily a result of remote sensing systems acquired from airborne and/or 

terrestrial platforms. Satellite imaging, Laser scanning and other range finding systems help in 

generating multidimensional topographic data. In all forms, the central focus is on estimating 

and processing elevation values at some point on the plane or in space. Digital elevation model 

(DEM) are often are used during spatial analysis and obtained as a result of processing of other 

forms of topographic data. DEMs are essentially a two-dimensional array with elevation values 

at each of its cells. DEMs can be represented as ASCII or byte integer formats. Fundamentally, 

a DEM is a bare-earth raster grid with non-ground points removed from it. These are useful in 

applications such as hydrological modeling, terrain analysis, and soil mapping. Digital surface 

model (DSM) is another representation of varying elevation values which capture natural and 

human-built features. Some of the sources of acquiring topographic such data are discussed 

below. 

• Image-based Photogrammetry It is one of the important ways for generating three-

dimensional topographic definitions of the surface. It is all about generating three-

dimensional coordinate measurements from photographs to create three-dimensional 

definitions. Stereo-photogrammetry [39] generates measurements by overlapping two 

photographs taken from different positions. A more advanced form of photogrammetry is 

multi-image [26] also known as structure from motion (sfm) combines a much larger 

number of overlapping image data obtained from a different position. In all its forms the 

fundamental principle of aerial triangulation is used and requires understanding optical 

theories. Photogrammetry can be of two types- aerial photogrammetry and close range 

terrestrial photogrammetry. In aerial photogrammetry, several overlapping photographs are 

acquired through a camera mounted on an aircraft or an unmanned aerial vehicle (UAV) 

pointing towards earth along with its flight path. In terrestrial photogrammetry, the sensing 

camera is located on the aircraft and points to ground generate topographic maps and 3D 

point clouds. Photogrammetry based method can be very effective in modeling a focused 

area with high level of detail. 
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• Laser Scanning System: Laser scanning system like airborne and terrestrial LiDAR is yet 

another widely accepted and effective way to collect wide-area topographic data. LiDAR is 

another remote sensing mechanism to measure varying distances to the earth using pulsed 

laser arrangements. The output is usually a point cloud which may contain millions of points 

wherein each point has x, y and z values along with other attributes. The density of the point 

cloud can be less than one meter with its accuracy as good as 15 to 20 cm. Airborne and 

terrestrial LiDAR [7] scanning systems are available for use. Another broad classification 

suggests four types of LiDAR systems-profiling, small footprint, large footprint and ground-

based LiDAR systems respectively. Profiling LiDAR was used in early days for detecting 

single line features and primarily used individual pulse in one line. Small footprint LiDAR 

is widely used and scans nearly at 20 degrees. Topographic and bathymetric LiDAR are two 

small footprints LiDAR widely used today. While topographic LiDAR used near-infrared 

light to maps land parcels, bathymetric LiDAR Measures Sea and riverbed elevations using 

water penetrating green lights. Large footprint LiDAR use full waveforms add return 

average values in footprints of 20m. However, these are some time not suitable working 

with terrains. A systematic processing LiDAR datasets can help to generate DEM, DSM and 

CHM each characterizing different aspects of elevation values and hence suit different 

topographic applications. 

• Global Positioning Systems: Spatiotemporally varying topographic information can also 

be generated with precise positional estimates using global positioning systems (GPS). GPS 

is a satellite-based ranging system that uses radio communication to determine the position 

of the object, person or a feature on the earth by measuring the distance from a constellation 

of satellites situated in space. However, there is less control over elevation data compared 

to other airborne methods. A walk with the GPS does not give necessarily the accuracy 

needed. While elevation data with consumer grade GPS units are not likely to be accurate, 

use of survey grade GPS can generate some useful data. However, the accuracy of readings 

of GPS elevation and its distribution is still one key issue. To a certain extent, the issue can 

be addressed by interpolation of data readings.  

• Other Methods: Satellite interferometry is another way to generate elevation data. Other 

sources of multidimensional and topographic data include using sensory devices like 

motion-sensing Kinect devices and software simulations. In all forms, the data set contains 

a large collection of points, each represented using a set of positional coordinates, 

height/elevation values and/or other thematic attributes associated with them. 

 

[3] INSIDE MULTIDIMENSIONAL TOPOGRAPHIC DATA SETS 

The nature of data concerning environmental aspects, particularly about 

geomorphological feature has the intrinsic property of nonlinearity, multi-scale variability, 

multidimensional (can be more than 10) and contains noise and outliers. A specific approach 

of analyzing these data sets may use only some dimensions according to application needs. 

Data sets obtained from different sources although provide fundamentally the positional and 

elevation data, they may differ in terms of the amount of additional thematic information and 

format of representation contained in them. Therefore, data from specific source and format 

may be preferred for some specialized application. Some vital information contained in these 

data sets may include some or many of the information given in Table 1. Work related to a 

spatial analysis involving elevational values can be cross-validated against each other and can 
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be used to validate the ground truth. Note that the information such as time-stamp can help to 

study the continual variation of the topographic structure over the time and hence also the 

geographic evolution of the area. 

 
TABLE 1: Inside Topographic Data 

Data Attributes Remarks 

x,y,z, GPS time stamp, intensity, return ID, count of 

returns, classification, angle of scan, RGB values, 

direction of scan, edge of flight line, custom user data, 

point source ID and waveform information 

Available with LAS formats. 

Waveform information available 

in version LAS 1.3 and above 

UTM Zone Number, Unit of Resolution ( ground grid 

and elevation), Easting, Northing, Minimum and 

Maximum Elevation, Resolution per grid, rootmean 

squared error (RMSE) quality control data, Longitude 

and Latitude 

Available in DEM formats in 

ASCII-encoded texts 

pseudo random code, time of transmission, satellite 

position (latitude, longitude and height) 

Available with GPS Devices 

 

 

[4] TECHNOLOGY AND METHODS 

The usefulness of spatial analytics on higher dimensional topographic data is clearly 

visible across disciplines. It has tried to minimize the effort needed to achieve the objectives. 

Many investigators and researchers are actively involved in using and devising techniques and 

algorithms from statistical mining, image processing, machine learning and geographic 

analysis to gain vital and useful information from this topographic data set. Topographic data 

available can be in any of the forms including those organized as LAS files from LiDAR 

systems; formats obtained from GPS and derivatives like DEM, DTM and DSM models. These 

can be processed spatially to extract meaningful results. Statistical and Machine Learning (ML) 

based approaches are available for spatial analysis of multidimensional topographic data. Geo-

statistics has developed as a specialized discipline to handle data specific to geography and 

environmental science. 

 

[4.1] STATISTICAL LEARNING AND GEOSTATISTICAL APPROACH 

Statistical learning tries to establish a relationship between variables to predict an 

outcome. The primary tasks involved with statistical data learning are classification, regression, 

and probability density modeling [20]. Classification is used to categorize new observation-

based training set of data whose category memberships are already known. In topographic 

sense variables like color, return values, the distance may be used to classify features like road, 

trees, building, water sources etc. Regression helps in estimating the relationships among 

variables and determines how dependent variable varies when any of the dependent variables 

is changed. Spatial knowledge using regression analysis like estimating precipitation and 

rainfall estimates can be modeled with it [16]. An important characteristic of topographic data 

is that they may often be seen as a collection of an unorganized set of data items. In such cases, 

variants like k-means and hierarchical clustering algorithm [11] can be used. 
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The geo-statistical approach of data analysis is concerned with deriving a surface by 

predicting the values using the samples of measured neighborhood values in the landscape. It 

is based on the tendency of a point to be similar (spatially correlated) to its nearby sample 

points and use this fact to create the surface. It is found useful in interpolation and probabilistic 

analysis. While working with geostatistical approach methods like Inverse distance weighted 

(IDW), Kriging, Variogram and Gaussian simulations are used. Some observations with 

reference to topographic spatial data is discussed under. 

IDW is an interpolation method which estimates the value of the cell obtained by linearly 

combining weighted function of inverse distance for a given set of sample points. That is, the 

weight of the current point will be updated a value inversely proportional to its distance from 

the estimated point. In other word, data points closer to known values are more influenced than 

those that lie distance apart. This fact can be very useful in topographical analysis of 

geographical phenomenon including surface reconstruction. The value of point on the surface 

is computed as  

 

 

….(1) 

where zp is the value of the surface point to be estimated, zi denote known value of the point 

and 𝑑𝑖
𝑝

 denotes distances from n point samples with power p of the estimated point. Lower 

value of the exponent means more uniform inclusion of neighboring points despite their 

distance resulting. Higher value of exponent produces more accentuated results with 

contribution from nearest neighbors. These facts can be very useful in topographic data 

analysis. Theoretically, it is a fast method, integrates different distances with capacity to 

regulate their influences on the resulting surface. However, since it is a deterministic technique, 

the spacing and density of the data samples can influence the results. 

Kriging is also a method of local interpolation that generates an interpolated surface from 

a set of scattered points in space encompassing z-values. The basis of geostatistical 

interpolations is Variogram which determines spatial-statistical parameters and constitutes the 

main basis for these interpolation methods. The interpolation in kriging essentially uses a 

Gaussian process directed by prior covariance rather than a piecewise-polynomial spline that 

tries to optimize smoothness of the fitted values. Fundamentally, in this method statistics helps 

to decide on a set of weight to predict values. Kriging based interpolation helps to analyze the 

surface in three parts–a drift showing overall trend, local spatial autocorrelation and 

measurement error. The structure of the data influences the weighting of sample points during 

interpolation. Variants of kriging methods like co-kriging are also used for spatial analysis. 

Application of kriging has been demonstrated by [23] to derive surface models from laser 

generated dispersed set of points. 

The study suggests that in IDW based analysis, the neighborhood of points that 

influences the estimation is we specified arbitrarily. But in kriging statistics helps in finalizing 

set of weights to correctly predict the unknown values. Kriging is relatively more complex and 

processor-intensive process than IDW. Variogram based analysis has been demonstrated by 

several researchers including in forest structure analysis [40] and related applications. 
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[5] THE MACHINE LEARNING APPROACH 

Machine learning algorithm is relatively newer approach compared to statistical 

modeling techniques. It comprises of algorithms and procedures which can learn from data 

samples without relying on any set of programmed instructions. It offers a more flexible 

approach to spatial interpolations and also a less assumption dependent. These are found useful 

even in high dimensional prediction problems. Some of the most discussed categories of 

algorithms used in machine learning include artificial neural networks (ANN), Self-organizing 

maps, Support vector machines and other kernel-based methods.  

ANNs are information processors which can be trained to explore the implicit 

relationship contained within a data set. ANN comprises of number of simple processing nodes 

called neuron that computes the weighted sum of the inputs and process using an activation 

function. Nodes are connected using links which are associated with weights (strength) and 

controls the current capability of learning of the network. These weights can be adjusted during 

training so as to converge to the desired output value. The training data helps in determine the 

prediction model. This capability of ANNs makes it suitable for finding spatial relationship 

including those in multidimensional and topographic data. Machine learning uses several 

specialized algorithms and methods like multilayer perceptron model, radial basis function 

(RBF) networks, general regression, and probabilistic neural networks etc. to address the 

classification and learning needs of the domain specific problems.  

RBF helps to analyze global trends and picks up the local variation from the given data 

samples. It is unidirectional ANNs with learning capability and has usually three layers–input 

layer, hidden layer and output layer. In most general cases hidden layer comprises of non-linear 

neuron (like Gaussian) and output layer uses linear neurons. RBF have preferential search 

directions of the control points used in the interpolation support preferential search directions 

of the control points, for a specific grid node. Importantly Radial basis based interpolation uses 

exact interpolators. Multiquadric function can be when working with terrain modeling and 

topographic data sets. A variant of RBF using weighted linear function of distance from grid 

to point having bias m cab be given as 

 

(2) 

….(2) 

where zp denotes the new value at grid point p; 𝜑(𝑟𝑖) corresponds to basis function used, 𝑟𝑖 is 

the radial distance between point p and 𝑖𝑡ℎdata point. The weight wi and the bias value m are 

approximated from the data points. The study suggests that RBF networks offer more 

robustness to predictions compared to other commonly-used neural networks. Work 

demonstrating application RBF with spatial data has been demonstrated by Pouderoux et al 

in[33] and by Ping Duan and Li in [31]. 
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As a special type of ANN, self-organizing maps (SOM) uses unsupervised learning for 

dimensionality reduction (usually to two dimensional) and has been found very useful to study 

the complex nature of higher dimensional data. SOM can be used to cluster and project high 

dimensional data sets as of topographic features. Topographic use of self-organizing maps has 

been seen its use in detecting buildings [35] and constructing surface from unorganized point 

clouds [45]. The SOM-based clustering of landforms Mokarram and Sathyamoorthy in [28] 

exhibited successful detection of the ridge and flat areas and also established by experimental 

results obtained by Ferentinou et al. in [8]. Ehsani and Quiel in [6] studied its usefulness in 

applied geomorphology. Support vector machines (SVM) are also an important algorithm for 

machine learning based analysis of spatial and topographic data. Study shows that SVM can 

be a vital means to study remote sensing data [29] and possible scope for its improvements in 

areas of algorithm improvements. Classification of Segmented Airborne LiDAR data for urban 

areas [46] based on SVM technique shows its suitability to point cloud datasets of a region. 

SVM Based Modeling [38] for land suitability analysis in the agricultural application again 

proves SVM as a useful technique for spatial analysis. 

 

[6] APPLICATIONS AND PROGRESS 

Spatial analysis in a most general sense is attributed to applying techniques to the analysis 

of geographic data for examining location, attributes, and relationships of features contained in 

them. However, it is a complex process, especially when working with samples of 

topographical data. A number of attempts have been made to use and apply spatial knowledge 

contained in topographic datasets. As a focused area of research, multidimensional spatial 

analysis has gained momentum in recent time to study both spatial coherence and spatial 

heterogeneity aspects. With the availability of systems such as LiDAR, GPS and other elevation 

derivatives like DEMs; the three-dimensional positional description as point data is easily 

available and has been the primary data set used for the analytical purpose. A multidimensional 

spatial aspect of topography has been addressed in the literature using photogrammetry, LiDAR 

data processing systems, DEM, DSM and GPS analysis. Each has its own set of advantage over 

the other for some specific aspects. A brief discussion on the domain-specific use of these data 

sets for topographic analysis is discussed next. 

• Surface Modeling and Reconstruction: Surface modeling and reconstruction is 

one of the primary areas of applying spatial analysis on topographic data. 

Photogrammetry spatially processes the visual data arranged as two-dimensional 

intensity maps in photographs to extract the structural information and enable to 

generate analogous 3D structures. Recent advancements in photogrammetry have 

enabled a more generic way to generate 3D structures from motion [10]. 

Applications based on photogrammetry for 3D reconstruction has been used in 

modeling and visualization applications such as modeling historical structures as in 

[14], [44] and [32], reconstructing rock structures and slope modeling as in [15], 

[9] and [36] and as an VR enabler [41] among others.  

Spatial analysis on LiDAR data has been showcased in modeling for nature 

studies like rock fall hazard analysis [22], landslide analysis [3], [19 and 3D surface 

and object reconstruction [21]. Applied research initiatives like the fusion of 

LiDAR data and aerial imagery [18] suggested a new dimension of spatial analysis 
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on topographic multidimensional data. Applications like building density 

information [45] can be easily performed using topographic information contained 

in LiDAR and DSM data sets.  

 

• Hydrological Applications: Multidimensional topographic data has proved to be 

of vital importance in analysis and visualization of hydrological features like rivers 

and lakes [30]. Usefulness of spatial analysis in specialized hydrological 

applications in flood modeling as in [4], [13] and [37] and study of stream 

roughness distribution [42] has also been demonstrated. 

 

• Vegetation, Forestry and Land Cover analysis: Study and analysis related to 

vegetation and forest covers [43], canopy modeling [34], tree and forest 

classification [12], [25], [46] exhibit possibilities of processing and applying spatial 

knowledge for extracting meaningful information from green covers. Land use 

planning is one of the emerging and vital applications of spatial analysis involving 

higher dimensional topographic data. Classification and categorization of land 

covers as in [5] and [46] become more relevant and easy using aerially collected 

topographic spatial information. Tree species classification [2] is another 

interesting application demonstrating the analysis of higher dimensional 

topographic data.  

 

 

• Autonomous Driving and Control Systems: Multidimensional data analysis of 

high dimensional data has now been used for automating driving experiences 

through spatial recognition of space and objects around. LiDAR technology has 

proved one of the very useful among them. Self-driving cars [17], 3D printing 

applications and intelligent avionics and landing system [4] are some of its 

interesting and useful applications. 

 

 [7] HIGHLIGHTS OF THE STUDY AND FUTURE POINTERS 

The review highlights that for modeling and analysis of surface data, spatial interpolation 

based methods are useful. A considerable inclination has been towards using geostatistical 

approach. Since IDW does not consider direction dependent (anisotropic) weighting and thus 

cannot determine spatially oriented relationships such as at the ridge region. For such regions 

other methods like kriging and its variants can be used. While statistical modeling and geo-

statistics have been good at spatial analysis for large data sizes ML-based techniques need to 

be introduced. ML has capability offers a mechanism to handle higher dimensionality and 

nonlinear nature of data. For better result especially for topographical assessments, a hybrid 

approach involving machine learning and geo-statistics can be used. Based on the study a 

summary of methods suitable for spatial analysis has been outlined in Table 2. 
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Topographic data 

analysis problems 

Approach of Spatial Analysis 

Remark Machine Learning Statistical Modeling and 

Geo-statistics 

Spatial Predictions 

Yes Yes 

deterministic 

interpolators can be 

used 

Interpolations in high 

dimensional space 
Yes No - 

Prediction and modeling 
Yes Yes 

considers 

measurement errors 

Multivariate predictions Yes (Co-Kriging) Yes (Multi-task Learning) - 

Local probability density 

function Modeling 

Yes (indicator 

kriging, simulations) 

Yes (Mixture Density) For risk mapping 

applications 

Spatial variability and 

uncertainty Modeling 

Yes (conditional 

stochastic 

simulations, Gaussian 

and indicator 

simulations) 

- 

conditional 

simulations like 

spatial Monte Carlo 

simulations can be 

useful 

Monitoring networks Yes (kriging, 

simulations) 

Yes (SVM) space filling models 

may be useful in 

some applications 

 

The study also suggests that to address the needs of emerging applications involving 

topographic data, the following key aspects related to spatial analysis to be addressed.  

• Developing methods for data conversion for operational reasons with specific 

methods.  

• Developing and used of methods directly applicable to multidimensional data with 

z-values.  

• Segmenting and identifying features and objects in real three-dimensional space.  

• Comparing efficiency and effect of the various algorithms for multidimensional 

topographic analysis.  

• Optimizing and suggesting suitable methods and algorithms spatial analysis for 

applications.  

• Analyzing topographic data involves handling uncertainties in original data and 

results produced as well.  

Software tools and libraries in programming languages like C++, Python, and R has 

necessary support to design, develop and model solution to topographic problems. 

Programming languages and libraries in R and python are open source alternatives to support 

developing custom routines for spatiality processing of multidimensional data. C++ with 

libraries like point cloud library can also be used. Commercial software packages like ArcGIS 

and its open source alternatives like QGIS provide a stable platform for spatial analysis of 

higher dimensional topographic data. 

 

[8] CONCLUSION  

The review of various research initiatives suggests there is large opportunity to further 

investigate, develop models and apply them to real-world problems in terrain investigations, 
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surface modeling, hydrological studies and extracting application specific topographic features. 

The statistical modeling and machine learning algorithms are available for spatial analysis but 

their application to higher dimensional topographic analysis has wider scope. These include 

forestry analysis, detecting object correspondences and segmentation problems apart from 

surface modeling and analysis. Developing and using hybrid models involving machine 

learning and geo-statistics can give better results for real-world mapping problems involving 

multidimensional and topographic data. Data formats like LiDAR, DEMs, and CHMs that 

describe higher dimensional nature of topographic features can directly be handled with 

innovative applications of existing and new optimized algorithms. 
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