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Abstract: Properties of spatially explicit data are often ignored or inadequately handled in machine1

learning for spatial domains of application. At the same time, resources that would identify these2

properties and investigate their influence and methods to handle them in machine learning3

applications are lagging behind. In this survey of the literature, we seek to identify and discuss4

spatial properties of data that influence the performance of machine learning. We review some of5

the best practices in handling such properties in spatial domains and discuss their advantages and6

disadvantages. We recognize two broad strands in this literature. In the first, the properties of7

spatial data are developed in the spatial observation matrix without amending the substance of the8

learning algorithm; in the other, spatial data properties are handled in the learning algorithm itself.9

While the latter have been far less explored, we argue they offer the most promising prospects for10

the future of spatial machine learning.11

Keywords: spatial machine learning; spatial dependence; spatial heterogeneity; scale; spatial12

observation matrix; learning algorithm; deep learning13

1. Introduction14

Machine Learning (ML) has become a widely used approach in almost every disci-15

pline to solve a broad range of tasks and problems with structured and unstructured16

data, including but not limited to regression, grouping, classification, and prediction.17

It has proved itself to be a powerful and effective tool in various disciplinary fields18

and domains of application where spatial aspects are essential, including the following:19

land use and land cover classification [1,2], cross-sectional characterization [3,4] and20

longitudinal change [5], urban growth [6] and gentrification [7], disaster management21

[8], agriculture and crop yield prediction [9], infectious disease emergence and spread22

[10], transportation and crash analysis [11], map visualization and cartography [12,13],23

delineation of geographic regions [14] and habitat mapping [15], geographic information24

retrieval and text matching [16], POI and region recommendation [17], trajectory and25

movement pattern prediction [18], point cloud classification [19], spatial interaction [20],26

spatial interpolation [21], and spatiotemporal prediction [22–24].27

Spatial data exhibit certain distinctive properties that set them apart from other data28

types, such as spatial dependence, spatial heterogeneity, and scale. As in other modeling29

approaches, we need to be aware of the specificities that these properties entail when we30

conduct ML on spatial data. Indeed, the explicit handling of these spatial properties can31

improve the performance of the ML model or add meaningful insights into the process32

of learning a task. At the same time, failure to appropriately include these properties33

into the ML model can negatively impact learning. At this juncture, there is extensive34

literature that applies ML to spatial data but research that explicitly features the spatial35
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properties of data in ML remains rather limited. Therefore, a survey of this body of36

research and of their findings is crucially needed to fully understand how much progress37

in handling spatial data in ML has been accomplished, what the best practices in this38

respect are, what gaps may remain in this literature, and where opportunities exist for39

future research with, and on, spatially explicit ML.40

Surveys of the extant literature have previously been conducted on several themes41

intersecting with spatial ML, namely knowledge discovery and data mining [25–27],42

spatial prediction methods [28], artificial neural networks in geospatial analysis [29],43

ML for spatial environmental data [30], and active deep learning for geo-text and image44

classification [31]. While their contribution to furthering scholarship in spatial ML is45

unquestionable, these surveys are rather limited in scope. For instance, while there are46

overlaps between data mining and ML, they have distinct definitions, follow different47

processes, and have different goals. The emphasis of other literature surveys is on48

a specific discipline or learning method. In addition, the focus has usually been on49

applications, and a detailed discussion of spatial properties and their role in the ML50

process are still missing. Thus, this paper aims to review some of the best recent practices51

of ML of spatial data while considering the learning process and the properties of spatial52

data. Interested readers can explore more deeply the topics broached in this paper by53

following some of the references provided herein. Furthermore, our intention is not54

to provide a general comparison between ML methods. For such purpose, interested55

readers are referred to [5].56

The rest of this paper is organized as follows. We begin with a brief overview of57

ML and of spatial properties of data in the following two sections. Then we will lay58

out the process of ML of spatial data in two steps entailing the construction of a spatial59

observation matrix and a learning algorithm. The following section is concerned with60

the ML of spatiotemporal data. Finally, we summarize the review work conducted for61

this paper, discuss the gaps in the current state of knowledge and practice in ML for62

spatial data and identify possible areas of fruitful research for the future.63

2. Machine Learning64

ML can broadly be defined as the capability of a computer program to improve65

automatically with experience via the performance of certain tasks. A performance66

measure quantifies this experience, and if it improves, we say the machine is learning [32].67

As shown in Figure 1, ML can be classified into three types: unsupervised, supervised,68

and reinforcement learning.69

Figure 1. Machine learning.

In learning tasks, we usually aim to estimate one or more output variables Y =70

(Y1, ..., Ym) for a given set of input variables X = (X1, ..., Xn). When the desired output71

variables Y are in hand, the learning task is dubbed supervised learning or metaphori-72

cally learning from a teacher [33]. In other words, we know the correct answer, and we73

try to learn the dependency between input variables X and Y. At the same time, one can74

take (X, Y) as random variables since many factors may influence data and measure-75

ments, making the whole setting stochastic [30]. Then, we can represent these random76

variables by a joint probability density P(X, Y). In this case, a supervised learning is77

concerned with determining the properties of the conditional density function P(Y|X).78
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Output variables Y could be class labels (classification) or real numbers (regression),79

possibly resulting from the coding of unstructured data [34].80

When the desired target variables Y are not obtained, the learning task is called81

unsupervised learning or learning without a teacher [33]. In this case, the training only82

involves the n observations of random variables X with joint density P(X) and the goal83

is to directly infer the properties of this probability density function. These properties84

can be finding the joint values of the variables X = (X1, ..., Xn) that frequently appear in85

the data (association rules), grouping or segmenting a collection of similar or dissimilar86

samples into subsets (clustering), or projection of data into lower dimensions usually87

ranked by variance (dimensionality reduction). Unsupervised learning is typically88

concerned with finding patterns in the data and thus close to data mining and knowledge89

discovery in databases [34].90

Existing somewhere between supervised and unsupervised learning, semi-supervised91

learning is based on extending either unsupervised or supervised learning to include ad-92

ditional information typical of the other paradigm. Two main settings of semi-supervised93

learning are semi-supervised classification and constrained clustering. The former is a94

classification task with partially labeled data (usually useful when the training sample95

size is small). The latter is unsupervised learning with some sort of supervised informa-96

tion about the clusters [35]. Recently popular, active learning methods are a subset of97

semi-supervised machine learning. The idea behind active learning is that a machine98

can learn with less training data if it is allowed to choose from the training data set by99

asking questions [36]. A comprehensive review of these methods for application in (geo)100

text and image classification is available in [31].101

Finally, in reinforcement learning, the machine produces some actions and interacts102

with its environment. These actions affect the state of the environment and, in turn,103

receives some scalar rewards (positive reinforcement learning) or punishments (negative104

reinforcement learning). The goal of the machine is to learn to act in a way that maximizes105

(minimizes) the future rewards (punishments)[34].106

3. Spatial Data Properties107

In machine learning, observations are represented by a matrix X where the rows are108

instances (samples) of a phenomenon under study, and columns are different attributes109

associated with each of these instances. The same applies to spatial data, but the samples110

on each row are also referenced to a specific location in the geographic space. To define111

the relationship between the real world and this matrix, we can choose between two112

well-known views of the world, namely the field view or the object view [37]. Field113

entities are usually represented by regular grids and object entities by points, lines, or114

polygons. Being referenced to a specific location in space creates unique properties for115

spatial data that geographers and econometricians have studied over the years [38–40].116

There is a broad agreement in the literature that there are three fundamental properties117

for spatial data: spatial dependence, spatial heterogeneity, and scale.118

3.1. Spatial Dependence119

Named as the first law of geography by [41], "near things are more related than120

distant things" formulates the first property of spatial data, which is known as spatial121

dependence. Spatial dependence is a fundamental and useful property of spatial data122

that stems from the general continuity of space. A variety of ways exist to express and123

measure spatial dependence in data sets. For example, a spatial autocorrelation statistic124

can summarize the similarity of the values for a variable of interest at different locations125

as a function of the distance that separates them or of their adjacency to each other126

[42,43]. The Global Moran’s I is an indicator of spatial autocorrelation and is a similarity127

index, which is usually used for areal data and is calculated based on the cross-product128

of variations from the mean [44]:129
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I =
∑i ∑j WSiSj(Z(Si)− Z̄)(Z(Sj)− Z̄)

σ2(∑i ∑j Wij)
(1)

Where Z(Si) and Z(Sj) are the attribute values at sample locations Si and Sj, re-130

spectively. Z̄ is the sample mean and σ2 is the sample variance. Weight matrix element131

WSiSj represents the spatial relationship between paired geographic units, which can132

be defined based on contiguity (topological relationship of spatial units) or distance133

(distance is determined on a physical or social network, 2D or 3D Cartesian space). The134

I index takes positive or negative values between -1 and +1. A positive value means135

similar values happen in close proximity, while a negative value shows dissimilar val-136

ues are spatially grouped close to each other. A value close to zero shows no spatial137

autocorrelation for the variable, indicative of a spatially random process; in the latter138

case, the assumption of independence essential for many statistical methods is met.139

More measures of spatial autocorrelation have also been suggested, such as Geary’s140

C [45], which considers the square of variations of the variable between two locations.141

Alternatively, semivariogram analysis (see [46]) can be conducted to estimate the spatial142

autocorrelation structure of a stochastic process based on the variance of the observations143

over a range of distances (usually for geographic phenomena represented by points).144

The empirical semi-variogram γ̂(h) is defined as half the average squared difference145

between values of a random field Z at pair points Si and Sj for a given distance h in a146

region:147

γ̂(h) =
1

2d(h) ∑
|Si−Sj |=h

(Z(Si)− Z(Sj))
2 (2)

The semi-variogram is visually analyzed in a variogram. A range parameter is148

defined as the distance beyond which spatial autocorrelation disappears in the data,149

thus expressing the spatial dependence structure. In principle, spatial autocorrelation150

decreases as the distance among geographic units increases [47]. From a statistical point151

of view, spatial dependence violates the assumption of independence and identical152

distribution (i.i.d.), central to many statistical methods. While this assumption is not153

required for ML methods, spatial dependence properties still need to be considered for154

some applications and may significantly contribute to enhance the quality of the learning155

process, which will be discussed later (see section 4.1.1).156

Two more complex components of spatial dependence are the neighborhood effect157

and spillover effect. While the spatial weight matrix is usually used to capture the spatial158

dependence of the dependent variable, spatial association rules, which are based on159

linguistic or topological (in mathematics language) rules, are used to capture these two160

more implicit spatial effects. Association rules such as: “if block group A is next to a161

high crime neighborhood, then block group A has high crime” (neighborhood effect)162

or “if a block group A is next-to a shopping mall, then block group A will experience163

high crime” (spillover effect) are examples of these implicit spatial effects [48]. However,164

most traditional machine learning algorithms do not consider the impact that spatial165

dependence property may have on learning these association rules. For example, while166

we expect the crime rate at a block to be more similar to its neighboring blocks than the167

farther blocks, traditional machine learning algorithms like Support Vector Machines168

(SVM) or Neural Networks have not been designed to incorporate this characteristic169

[30].170

3.2. Spatial Heterogeneity171

All patterns that we can observe result from the four main processes, namely172

interaction, dispersion, diffusion, and exchange over the geographic space [37]. A173

specific observed pattern can be the result of one or multiple processes. These processes174

may happen in different spatial as well as temporal scales, over varied durations, and175

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 August 2021                   



Version August 2, 2021 submitted to Journal Not Specified 5 of 28

with differentiated intensities. A mixture of those with the place-based environmental176

factors and contexts (which are the existing patterns resulted from interweaving previous177

processes at that location) in different sub-regions creates even more complex patterns178

of outcomes [49,50].179

Global measures of spatial autocorrelation may confirm the existence of positive180

or negative self-similarity with regard to distance, but this comes at the cost of a fun-181

damental assumption. The parameters (mean and variance) of the random function182

representing the process are assumed to be constant, which means that the sample’s183

distribution is even over the extent of the territory over which data are generated. This184

is called stationarity of the random function associated with that process [46], and when185

it is violated (called a nonstationary process), the process is heterogeneous. In other186

words, a spatial process is said to be stationary when the difference between values of an187

attribute is only explained by the distance between the points or units [51,52]. Another188

source of spatial heterogeneity is when the spatial dependence is different in various189

directions (anisotropy) For example, high precipitation patterns may be interrupted in190

a specific direction where the spatial topography of the terrain (mountains) blocks the191

clouds [28].192

3.3. Scale193

Scale is also important because it can inform about sampling for training experience.194

Learning is more reliable when the distribution of the samples in the training experience195

is similar to the distribution of the test experience [32]. In many geographic studies,196

training occurs on data from a specific geographic area. This makes it challenging to use197

the trained model for other geographic regions because the distribution of the test and198

train datasets is not similar due to spatial heterogeneity [53]. This means the sampling199

strategy for the training dataset is essential to cover the heterogeneity of the phenomena200

of interest over the spatial frame of study. Scale can inform the sampling of training201

dataset by defining its elements; namely, resolution (measurement scale), context (scale202

at which the process is operating), and spatial extent (extent of observation) [54]. By203

increasing the extent of the study area, more processes and contextual environmental204

factors may alter the variable and result in non-stationarity by interweaving spatial205

patterns of different scales or inconsistent effect of processes in different regions [55]. This206

is especially important because collecting spatial samples is an expensive undertaking.207

There are two distinct challenges related to scale and zoning when working with208

spatial data with areal units: the modifiable areal unit problem (MAUP) and the uncertain209

geographic context problem (UGCoP). The first notion is related to the sensitivity of the210

analytical results to the definition of the geographic units for which data are collected211

[56]. [57] demonstrated how different levels of spatial aggregation and zoning could212

result in different values of the correlation coefficient for areal units. They generated213

two variables with high positive and negative spatial autocorrelation and investigated214

the effect of varying levels of aggregation in the correlation coefficient. Results show215

that even in the absence of spatial autocorrelation, the correlation coefficient increases216

by grouping and aggregation. Attempts have been made to provide solutions for the217

MAUP problem based on the size and interconnectedness of the areas [58] and spatial218

entropy [59,60].219

The second problem, UGCoP, refers to the sensitivity of the contextual variables and220

analytical results to different delineations of contextual units [61]. Kwan highlights how221

varying delineations of contextual units, even if everything else is the same, can lead to222

uncertain and inconsistent analytical results over time. Notice this problem is different223

from the MAUP because it refers to the contextual influences on the individuals being224

studied in geographic units with unknown or uncertain spatial configuration. In this225

regard, it is closer to the ecological fallacy [62] problem, which relates to inferences about226

individuals from inferences in the aggregated level. An example is in environmental227

health studies, where residential neighborhoods (e.g., census, postal code, or buffer) are228
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typically used as contextual units. However, these geographic units may not accurately229

represent the actual areas that apply contextual influences on the health outcome. People230

are exposed to health risks in different locations (home, school, etc.) during the day,231

and it is not easy to delineate the boundaries of such exposures. UGCoP is not due232

to different zoning or spatial scale, but contextual influences naturally change across233

granularities, making it even more complicated to delineate geographic contextual units234

[61].235

The scale of analysis and appropriate geographic contextual units are among the236

first questions that one may need to answer before applying any spatial machine learning.237

However, the above-mentioned fundamental problems have rarely been investigated in238

spatial machine learning applications. For example, [63] shows how MAUP can lead to239

perturbations in the convolution-based residual neural networks used for urban traffic240

prediction. Thus, the investigation of such effects on spatial machine learning is critically241

needed.242

3.4. Other Properties243

In addition to the above main properties of spatial data, some less fundamental244

but still essential properties may result from the specific representation of the data245

(polygon, line, point, regular grid, text) or the process of measurement [37]. For example,246

discretizing the continuous space into pixels may cause a loss of information at the247

sub-pixel level [64], while delineating the boundaries of geographic regions entails some248

generalization and may not be easy due to the Boolean nature of typical regionalization249

approaches [65]. When working with text data, disambiguation in place names and250

addresses due to multiple instances for a single entity, a single entity with multiple251

names, and different addressing systems can create uncertainties [14,16,66,67]. Also, the252

geometric interpretation of vague place names like ‘midland’ or ‘near’ is usually not253

straightforward [68,69].254

Moving from a 2D spatial space to a 3D space may impose some limitations and255

create some biases when ML applications are used. An example would be the case of256

3D point clouds. The density of the point cloud usually changes by distance from the257

sensors. The closer the sensor, the higher the density. The implication of this effect is that258

identifiable spatial features in more dense areas of the cloud may not be recognizable in259

more sparse areas [70].260

Finally, for many image-based applications (less for satellite images and more for261

close-range images), the orientation of the sensor at the time of capturing the image262

may influence the amount of energy received by the sensor. This makes orientation an263

important element. A case susceptible to such effect in remote sensing would be that of264

night light images, where satellite viewing vertical and zenith angles can significantly265

impact the amount of light in urban areas [71]. Statistical models are commonly used266

to handle these characteristics in remote sensing. In close-range photogrammetry and267

computer vision applications, however, the sensor’s geometry at the time the image is268

captured is usually reconstructed. Interested readers are referred to the famous structure269

from motion [72] and visual simultaneous localization and mapping (Visual SLAM)270

[73]. As for applications in ML, the simplest way to make the model invariant of the271

orientation is to train the model with samples from different orientations and image272

augmentation.273

4. Machine Learning of Spatial Data274

To conduct machine learning of spatial data, we need to add location, distance, or275

topological relations to the process of learning. Figure 2 organizes the learning process276

into two steps, the spatial observation matrix and the learning algorithm. We reviewed277

the literature to address how spatial data properties can be involved in each of these278

steps.279
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Figure 2. Machine learning of spatial Data.

4.1. Spatial Observation Matrix280

One typical way to include spatial properties in ML is to find a representation for281

these properties in the observation matrix X. The principle here is that, after we design282

and engineer the observation matrix X to include spatial properties, we can effectively283

use typical ML methods (e.g., families of decision trees and random forests, support284

vector machines, neural networks, ensemble models, etc.) without making any change285

to the learning algorithm. Several critical aspects are involved in creating an ultimate286

spatial observation matrix used as an input to the learning algorithm, namely spatial287

sampling, spatial features, dimensionality reduction, and handling missing data. These288

are discussed hereunder.289

4.1.1. Spatial Sampling290

While tremendous progress has been made in spatial data collection technologies,291

ML methods still face essential challenges in acquiring optimized samples for training.292

The current view in ML is to move from model-centric ML to a more data-centric ML293

[74]. From a statistical point of view, the size and distribution of a sample set should294

represent the entire population or distribution. Two important points need to be made295

here. First, this is distinct from the commonplace concern about the poor arrangement296

of samples in training and test data sets in ML, which leads to a typical generalizability297

issue (See section 4.2.11 on this matter). Instead, the entire sample set (including both298

training and test data sets) should represent the phenomenon being learned, which is a299

sampling problem [75].300

Second, the representativeness of the samples is defined in the attribute, spatial, or301

temporal space (or multiple spaces at a time) depending on the application. The structure302

of the data in each space may impose some special properties. As far as the spatial data303

matrix is concerned, data properties in a spatial space, such as spatial dependence, can304

inform an optimized sampling configuration to avoid redundancy.305

It is not always the scarcity of samples that leads to challenges for learning. Over-306

sampling will not impact the learning process because the assumption of i.i.d. is not307

required in ML [76]. However, it may overestimate the accuracy of learning in the308

assessment process. For example, let us consider a land cover classification task using309

satellite imagery. Suppose a large batch of samples are selected from close locations for a310

single class category (e.g., vegetation). It is most likely that these samples are similar to311

each other. In this case, even if samples from other sites are available in the sample data312

set, the classifier is somehow biased since it most probably labels the frequent familiar313

samples correctly. Thus, the confusion matrix class accuracy and recall, which are usually314

used to evaluate classification results, are not robust to assess the learning results with315

the varying sample sets [77,78]. This problem is known as intra-class imbalance [79].316

Intraclass imbalance is not solved by cross-validation methods typically used in the317

generalization step (Section 4.2.11). That means we either need an evaluation method318

that can account for such effects or be careful in sampling the data that enter the learning319

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 August 2021                   



Version August 2, 2021 submitted to Journal Not Specified 8 of 28

algorithm. For a useful review of the spatial sampling methods, see [47]. It is worth320

noting that inter-class imbalance, in which the number of samples in class categories are321

highly uneven, can also degrade the accuracy of classification. The performance on a322

class with many samples will be higher, compared to the classes with fewer samples.323

While it overestimates the overall accuracy, inter-class accuracy is still identifiable by324

looking at single class accuracy and recall in the confusion matrix [80].325

4.1.2. Spatial Features326

Several methods exist to include the spatial components of data into the observation327

matrix. One way is to directly add the spatial reference to the data matrix as attributes.328

This entails embedding the spatial references of data directly into the attribute space.329

Practically, this can be implemented in either of two ways. One consists in adding coor-330

dinates (e.g., latitude and longitude) alongside semantic attributes for each observation331

to the observation matrix [81,82]. However, using the coordinates as spatial variables332

may generate considerable overfitting because they are highly correlated [83]. The other333

typical way is to add observations tied to a region as fixed effects of that region to the334

observation matrix [84,85]. This approach is effective to handle inclusion relationships,335

it cannot capture complex structures, however.336

In addition to spatial reference information, spatial entities and phenomena have337

within object information (geometric, spectral, textural, and statistical) and between-338

object information (contextual and relational) that can be created as new features and339

added to the observation matrix directly [1]. Geometric information of single spatial340

entities can be used in different forms such as length, area, and ratio thereof. Spectral341

and textural information have extensively been used in the remote sensing community342

for land-cover and land-use classification. However, spectral features are insufficient for343

this purpose due to heterogeneity, especially in urban environments [2].344

Other features such as texture, which indicate coarseness or smoothness of a pattern345

in an image, have been suggested as complementary information. From a mathematical346

point of view, numerous functions exist that can represent the local variability of pixel347

values as texture features, including first-order statistics (e.g., means, variance, and348

standard deviation) and second-order statistics (gray-level co-occurrence matrix, spatial349

autocorrelation) [86]. These methods, however, focus on a single scale. Multi-resolution350

spatial and frequency analysis tools, such as Gabor transform, Wigner distribution, and351

wavelet transforms, have effectively been used to overcome this problem [87–90].352

Texture analysis is usually conducted using moving windows (regularly shaped353

grid) or fields (irregular shape). Compared to moving windows, fields partition the area354

into homogeneous regions and provide a more realistic representation of the spatial355

entities [86]. The boundaries of these fields are determined using existing polygon356

features or digital image segmentation methods (e.g., edge detection, region growing)357

[91]. In addition to textural and spectral information, geometric and contextual attributes358

of the fields can also be used. In this respect, [92] used the proportion of build-up area,359

vegetation, and water surfaces, and [93] calculated spatial metrics for land covers and360

semivariogram for Normalized Difference Vegetation Index (NDVI).361

We provide here another example of how to identify and delineate the boundaries362

of functional zones based on moving object patterns.Figure 3 shows two zones inside363

and outside the port of Rotterdam, the Netherlands. The points represent the recorded364

location of vessels that visited an unlabeled zone and are extracted from vessel trajecto-365

ries stop and move segments. On the one hand, the point clusters may inform about the366

boundaries of each zone. On the other hand, shape and simple statistics within each zone367

such as the duration of visits, the number of unique vessels, distribution of vessel course368

(direction), and vessel type may provide some information about the functionality of369

space (e.g., anchorage, containerized ship berth, bulk ship berth, etc.). These with-in370

entity information can be added as new features to the observation matrix to recognize371

the functionality of the zones.372
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Figure 3. Figure 3. Anchorage regions (left) and containerized berth regions (right) outside and
inside the port of Rotterdam. Points represent the vessel trajectory instances every one hour.
Point clusters may inform about the boundaries of each zone (bottom). In addition, shape, the
duration of visits, number of unique vessels, and vessel types within each region can inform its
functionality.

Further, between-objects information such as connectivity, contiguity, distance,373

association, and direction can be used to create new features [1]. In the vessel movement374

example, the association of zones where different types of ships dock to load and unload375

cargoes in close distance may become a discriminating feature to distinguish the port376

area from anchorage zones outside of the port (in Figure 3, compare bottom-left and377

bottom-right quadrants).378

Point cloud classification is another area where machine learning methods have379

been used extensively. The simplest way to classify point clouds is to add the third380

coordinate as an attribute of each point and use standard 2D ML methods to classify381

the point cloud. However, there are two critical shortcomings for such approaches [70].382

First, point clouds may have multiple z values for a point with (x,y) coordinates, and383

compression of the 3D point cloud to 2D image causes a loss of information. Second,384

points in point clouds are usually irregularly spaced, making the selection of a fixed385

window size difficult. In other words, the point densities may vary in relation to the386

distance to the sensor. As a result, features learned in a dense area are not generalizable387

to sparse areas.388

[94] used regularly spaced voxels and voxel feature encoding (VFE) to address the389

first problem. This method is subject to loss of information due to decreased spatial390

resolution and increased memory usage in the voxelization process. Alternatively, [95]391

projected point clouds on multiple synthetic 2D images and labeled pixels based on392

the prediction scores from these synthetic images to handle the first issue (Figure 4a).393

[70] suggested creating a point cloud pyramid with I scale levels by subsampling the394

original point cloud. The deep hierarchical features (see section 4.2.6) for each point395

are extracted using a deep neural network within each scale. Such an approach forms396

a feature pyramid (Figure 4b). The feature vectors of a point along this pyramid are397

concatenated to create a final feature vector that is fed into a classifier. This final feature398

vector contains both hierarchical and multi-scale features of the original point cloud,399

which can address both issues discussed earlier.400

4.1.3. Dimensionality Reduction401

ML tasks may end up with a large number of input variables in the observation402

data matrix. A disproportionately large number of interrelated variables may negatively403

impact learning in a variety of ways. Apart from the need for more training data and an404

increase in processing time, an unnecessarily large number of variables may impose new405

uncertainties into the learning process becuase of the correlation between variables [96].406
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(a) (b)
Figure 4. (a) Method proposed by [95] (Reprinted by permission from Springer Nature: Springer,
Deep projective 3D semantic segmentation by Lawin, F.J.; Danelljan, M.; Tosteberg, P.; Bhat, G.;
Khan, F.S.; Felsberg, M. COPYRIGHT (2017)). The input point cloud is projected into multiple
virtual camera views, generating 2D images. The images for each view are processed for semantic
segmentation. The output prediction scores from all views are fused into a single prediction
for each point, resulting in a 3D semantic segmentation of the point cloud. (b) The multi-scale
representation of point clouds in [70] (Using multi-scale and hierarchical deep convolutional
features for 3D semantic classification of TLS point clouds. Guo, Z.; Feng, C.C. International
Journal of Geographical Information Science 2020,34, 661–680., Taylor Francis. reprinted by
permission of the publisher), with the finest scale1 at the bottom and the coarser scalel on the top.

One way to handle such a problem is to select a subset of features that provide the best407

results. A variety of methods exist for feature selection, such as a genetic algorithm [97].408

Dimensionality reduction methods are another way to handle many useful variables,409

especially when the influence of each variable is not of interest.410

To reduce unnecessary variables, we need to understand the structure of the411

variance-covariance matrix. The problem is calculating the variance-covariance ma-412

trix Cn×n for a given observation matrix Xm×n is computationally expensive for a large413

number of variables. Several dimensionality reduction methods exist, including but not414

limited to Principal components analysis (PCA), factor analysis, independent compo-415

nents analysis, and self-organizing maps (SOM) [98–100]. PCA is a statistical method416

well known for its application in dimensionality reduction. PCA transforms the observa-417

tion matrix Xm×n with many interrelated variables to a smaller set of new uncorrelated418

variables (components). These new variables are ordered so that the first few retain most419

of the variation present in the original variables [99].420

It is proved that by applying useful linear algebra operations, C can be decomposed421

into LVLT = C, where L is a matrix of eigenvectors (representing the weight of each422

variable on corresponding principal components), and V is an orthogonal matrix of423

eigenvalues (representing the variances of the corresponding principal components).424

The observations are then transferred to a space where the column vectors in L represent425

the axes. In practice, a few principal components that represent most of the variation426

in the data set are selected (Figure 5). These transformed observations are then entered427

into the learning algorithm.428

For an observation matrix with spatial references, a simple PCA assumes the struc-429

ture of the variance-covariance matrix remains stationary across the study area. [101]430

showed that PCA could be weighted locally either in attribute space (LWPCA) or in431

geographic space (GWPCA) to account for certain heterogeneities. For the former, we432

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 August 2021                   

https://link.springer.com/chapter/10.1007/978-3-319-64689-3_8
https://www.tandfonline.com/doi/full/10.1080/13658816.2018.1552790
https://www.tandfonline.com/doi/full/10.1080/13658816.2018.1552790


Version August 2, 2021 submitted to Journal Not Specified 11 of 28

(a) (b)
Figure 5. [101] (Geographically weighted principal components analysis. Harris, P.; Brunsdon,
C.; Charlton, M. International Journal of Geographical Information Science 2011, 25, 1717–1736,
Taylor Francis. reprinted by permission of the publisher ). (a) Summary of global PCA for eight
variables representing social structure in Greater Dublin (the first three components express more
than 70% of variations). (b) Spatial distribution of first component scores from global PCA.

assume the covariance structure is homogeneous for observations that are close to one433

another in attribute space, which leads to LiViLT
i = Ci with respect to the sub-region i.434

The GWPCA for location (Si, Sj), however, is written as LVLT |(Si, Sj) = C(Si, Sj), with435

C(Si, Sj) as the variance-covariance matrix of location (Si, Sj).436

While PCA is a common approach in summarizing (sub)sets of variables in ML, LW-437

PCA and GWPCA have not been investigated. Such methods can additionally provide438

insights into the spatial distribution of each composite variable by mapping components439

scores. This may lead to a complete understanding of a process [102]. Moreover, eigen-440

values and eigenvectors can be obtained for locations with no observations. Challenges441

include bandwidth selection and more computational cost. A locally weighted PCA can442

also optimize sampling re-design by identifying local and spatial outliers rather than443

global and aspatial outliers[101].444

4.1.4. Missing Data445

Nowadays, data are more available, both spatially and temporally. However, gievn446

they are more often organic, being a byproduct of the processes that created them447

in the first place, there are always gaps in temporal and spatial dimensions because448

of effects and ciscumstances that are out of our control. Therefore, missing data is449

an important challenge, and many analyses are simply not implementable without450

having a way to deal with this problem. Missing observations can be independent451

of each other, dependent on their neighboring points, or with specific patterns [103].452

There are different ways to address missing values, such as aggregating data into453

coarser granularity, removing the observations with missing values from the data set,454

and imputing values. Although imputing data adds preprocessing step to analysis,455

it leverages the existing data and avoids losing information due to aggregation and456

discarding some observations.457

Spatial prediction methods can always be used to impute values for data sets with458

missing values. The most famous approaches for spatial prediction are spatial statistical459

models (e.g., geographically weighted regression) and geostatistical models such as460

kriging [104]. Several studies have demonstrated that kriging in the universal form461

is preferred to geographically weighted regression for prediction due to its optimal462

statistical properties [105].463

Apart from the statistical and geostatistical models, other approaches in machine464

learning and other paradigms have also been adapted to spatial properties for missing465
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data imputation. Probabilistic Principal Component Analysis (PPCA), for example, is a466

probabilistic extension of PCA and has been used to impute missing values for different467

applications [103,106]. This method has proven useful when a significant portion of the468

observation matrix is unknown [107]. A comparison of different types of PPCA can be469

found in [108], and an extension of PPCA to consider temporal and spatial dependence470

can be found in [109]. All systematic errors must be removed before using PPCA for471

imputation [103].472

4.2. Learning Algorithm473

Instead of generating new spatial features and process them with traditional non-474

spatial machine learning methods, we can directly incorporate spatial properties in the475

learning algorithm. Among all ML methods, decision trees and random forests, support476

vector machines (SVM), neural networks, and deep neural networks (DNN) have found477

considerable attention in spatial science.478

4.2.1. Decision Trees479

Decision trees (DT) are popular ML methods adapted for spatial problems to over-480

come violation of the i.i.d assumption. As a class, spatial entropy-based decision tree481

classifiers use information gain coupled with spatial autocorrelation to select candidate482

tree node tests in a raster spatial framework. For example, [110] added a spatial auto-483

correlation measure to the target function evaluated at each node of the tree. PCT is a484

multi-task approach where hierarchies of clusters of similar data are identified, and a485

predictive model is associated with each group. When splitting a group is considered at486

a node, a test is run that maximizes within-cluster variance reduction. To account for487

spatial non-stationarity in the target variable, a term based on global measures of spatial488

autocorrelation was added to this test.489

A common trait of such approaches is to add a constraint to account for spatial490

properties, while still relying on local entropy testing at tree nodes. One of the frequently491

occurring issues in image classification using decision trees is salt and pepper noise. Salt492

and pepper noise happens when the predicted label of a specific pixel differs from its493

neighborhood pixels and can result from high spatial autocorrelation in class labels of494

the sample data used for training. [111] proposed a focal-test-based spatial decision495

tree (FTSDT), in which the tree traversal direction of a learning sample is based on496

local and focal (neighborhood) properties of features. They use local indicators of497

spatial association-Lisa [112] as spatial autocorrelation statistics to measure the spatial498

dependence between neighborhood pixels.499

4.2.2. Support Vector Machines500

Support vectors machines (SVMs) have been used for classification and regres-501

sion problems [113]. The idea of SVM is to map the original input space to a higher-502

dimensionality feature space where the observations are separable by hyperplanes503

(Figure 7a). Among all possible hyperplanes, the one that maximizes the margin width504

(ε) is optimized (l1). In reality, observations may not be separable easily due to the pres-505

ence of outliers (Figure 7b). Instead of increasing the complexity of the model structure506

(in this example, a nonlinear curve), we allow misclassification of some observations507

and penalize them based on their distance from the margins (ξ). In essence, the objective508

function has two terms: a term containing ε and another term containing ξ and the goal509

is to maximize the former and minimize the latter. ξ is called a regularization term.510

Regularization terms are usually added to objective functions to control the complexity511

of the model and avoid overfitting (see section 4.2.11). SVM performs well in high512

dimensional spaces. It is less sensitive to class imbalance and powerful in generalization513

[11].514

[114] suggested an extension of SVM called support vector random field that explic-515

itly models spatial dependencies in the classification using conditional random fields516

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 August 2021                   



Version August 2, 2021 submitted to Journal Not Specified 13 of 28

(a) (b)
Figure 6. Observations are transformed to a higher-dimensionality space (for simplicity, a 2D
space). (a) Among all possible hyperplanes (line or curves in the current 2D example), the hyper-
plane that maximizes the margin ε is optimum (l1). (b) In practice, outliers exist in observations.
While there is still a hyperplane that can separate the two classes, it may result in overfitting.

(CRF). The model contains two components: the observation-matching potential func-517

tion and the local-consistency potential function. The former models the relationship518

between the observations and the class labels using an SVM classifier, and the latter519

models the relationship to neighborhood labels. The local-consistency potential function520

penalizes discontinuity in between the pairwise sites.521

4.2.3. Self-Organizing Maps522

Self-Organizing Maps (SOM) are among nonlinear clustering methods that have523

been used with spatial and non-spatial data [100]. SOM is a simple neural network with524

no hidden layers. It maps an n dimensional feature vector to a regular grid of square525

(four neighbors) or hexagons (six neighbors) neurons in the output layer, initialized526

with n weights. First, a similarity measure is used to find more similar neurons to the527

input feature vector. Then, the weights of the activated neurons and their neighboring528

neurons are adjusted to make them even more similar to the input vector. This process is529

repeated for a set of input feature vectors. Finally, it creates a spatial organization of the530

neurons in a one-, two-, or three-dimensional space in which dissimilar units stay farther531

away. SOM is similar to K-means clustering but different in two ways. First, K-means is532

based on the nearest distance, while SOM utilizes distances between all paired neurons533

(weighted by a neighborhood kernel) [20]. Second, SOM also visualizes the relation534

between clusters by representing how far they are from each other in a topological space535

[100]. Such property makes SOM attractive for visual data mining. For example, it536

is possible to compare the SOM visualizations with other forms of visualization (e.g.,537

geographic visualization), especially in an interactive platform [115]. [12] used SOM to538

visualize demographic trajectories, and [20] demonstrated how SOM could be employed539

to visually mine spatial interaction systems using a large domestic air travel dataset. This540

property can even be used to map data without spatial properties in a 2D or 3D space.541

For example, [116] mapped massive textual databases with several hundred dimensions542

in feature space into a 2D space using SOM (Figure 8).543

Apart from visualization, one concern about using SOM for geo-referenced data is544

that the geographic reference of the data is ignored in mapping. [117] suggested a varia-545

tion of SOM called Geo-SOM to address this issue by considering spatial dependency.546

Geo-SOM forces the algorithm to search among the neurons geographically close to the547

data pattern when seeking the winning unit for a specific data pattern. [118] suggests548

using a one-dimensional SOM to create a sequence of numbers (cluster indices) that549

are ordered according to the similarity of attributes within the high-dimensional space.550
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(a)

(b)

(c)
Figure 7. (a) Reprinted from [116], Copyright (2013), with permission from Elsevier. The document
map of nearly 7 million patent abstracts (background). Twenty best-matched nodes are marked
for the query "laser surgery on the cornea" (blues circles within the enlarged map). (b) Reprinted
from [118], Copyright (2017), with permission from Elsevier. One-dimensional SOM with 100
nodes, trained with a three-dimensional data set: the final weight vectors of the trained SOM
are color-coded based on their index numbers from 1 to 100. (c) Reprinted from [118], Copyright
(2017), with permission from Elsevier. Contextual map of London based on the average working
hours, the average distance traveled to work, and the average age within each ward.

Each spatial point can then be labeled with its associated index number and represented551

in a choropleth map. The spatial pattern of these number sequences, called contextual552

numbers, summarizes the variations of geographic locations in high-dimensional space553

in a single contextual map (Figure 8b). Like other dimensionality reduction methods554

in section 4.1.3, such a feature (with the advantage of being a nonlinear dimensionality555

reduction method) can be used as input to machine learning. For a complete review of556

SOM applications in GIS, see [115].557

4.2.4. Radial Basis Function Networks558

Radial basis function (RBF) networks have an input layer, a hidden layer, and an559

output layer. Instead of a linear relationship between the input vector and the neurons560

in the hidden layer followed by a nonlinear activation function, the weighted norm561

(distance) of the input vector and the neurons are calculated in RBF networks with562

a radially symmetric activation function, which is usually Gaussian. [119] compared563

the RBF network with MLP networks for modeling urban change, and showed that564

RBF demonstrates higher prediction accuracy. [120] used the RBF networks for spatial565

interpolation by incorporating a semivariogram model where the neurons in the hidden566

layer are the center of the observation points. [121] demonstrates how a hybrid MLP-567

RBFN network can improve the spatial interpolation results, where MLP and RBF568

collaborate to fit surfaces of different types.569

4.2.5. Adaptive Resonance Theory Networks570

Adaptive resonance theory (ART) based networks are a family of neural networks571

that have been used in spatial interaction flows, crop classification, and land-use change572

applications [122–124]. ART-based networks are supervised, self-organizing, and self-573

stabilizing neural networks that can learn fast in nonstationary environments [125].574

Fuzzy ARTMAP, which couples ART-based networks with fuzzy logic, is the most575

famous ART-based network [126]. It includes two input modules: Arta and Artb, each576
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with two layers connected by a map field module. Arta matches the input vector to577

the most similar neurons in its second layer. If the vector is not similar to the current578

neurons in memory, a new neuron is created. This property enables the Arta neural579

network to adaptively change the topology of the network and adds new experiences580

to the memory. Artb, which maintains the class labels, is connected to Arta through a581

map module. However, the Fuzzy ARTMAP depends on the quality of training data582

and sensitivity to noise and outliers that may be treated as novel patterns. [122] use the583

adaptive nature of the Fuzzy ARTMAP in forming its topology to account for spatial584

heterogeneity in land-use change. Their proposed ART-P-MAP considers the land-use585

change as a regression problem instead of a classification problem and uses the density586

of training observations as a confidence measure for prediction through a Bayesian587

decision approach. This approach increases the generalizability of the model and avoids588

the problem of adding new neurons due to noise and outliers.589

4.2.6. Deep Convolutional Neural Networks590

In the past few years, deep neural networks (DNNs) have been proven more591

promising to process data in their raw form than conventional ML methods. DNNs592

are usually composed of several nonlinear but simple modules that represent data at593

different levels. Starting with raw data, each module transforms the representation at594

one level into a representation at a higher (more abstract) level. In the process and using595

the backpropagation algorithm, the machine can learn very complex functions [127].596

DNNs can be classified into three categories, namely convolutional neural networks597

(CNNs), generative neural networks (GNNs), and recurrent neural networks (RNNs).598

Here we discuss several main DNNs that can consider spatial properties of data in their599

architecture or have been used to solve problems in spatial domains starting with CNNs.600

RNNs are used primarily to learn from sequence data and will be discussed in section 5.601

CNNs are the most popular and well-established form of DNNs to process and602

analyze images. They include convolutional layers and pooling layers as the two main603

typesFigure 9a. Convolutional layers work based on convolution of a sliding window604

(filter) with pixel values across the imageFigure 9b. The filter weights are determined605

automatically through the learning process by the network. This is the main advantage of606

deep CNNs in comparison to conventional ML methods where user defined fitler weights607

are needed. Such feature of CNNs has been used on a limited basis to automatically608

define W matrix weights in other spatial applications [24]. Pooling layers aggregate609

neighboring pixels into a single pixel, reducing the image’s overall dimensions [128].610

As the number of convolutional and pooling layers increases, the network becomes611

deeper and can extract more abstract features. A classification network finally follows612

the processing of these layers. In the past few years, several prominent CNN-based613

DNNs have also been introduced for semantic segmentation (labeling pixels as opposed614

to image patches) using deep residual networks with less complexity and depthwise615

separable convolutions, which reduces computation time and the number of network616

parameters significantly [129–133].617

Two main differences exist between deep convolutional networks and conventional618

ML methods [128]. First, CNN makes the manual spatial feature extraction described619

in section 4.1.2 an automatic part of the learning algorithm. That is, weights of the620

convolution filters are not known apriori but are instead determined through the training621

process, which in some ways resembles the connection weights in ordinary neural622

networks. These convolution filters partially account for spatial dependence properties623

by considering the neighborhood pixels, but their size and number within each layer624

must still be determined in a hyperparameter optimization process. These regularly625

shaped filters cannot account for variation of spatial dependence in different directions.626

Second, pooling operations in CNNs allow them to consider hierarchical features in627

training. The number and architecture of convolutional and pooling layers is arbitrary to628
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(a)

(b)
Figure 8. Reprinted by permission from [128], Springer Nature Customer Service Centre GmbH:
Apress by Kim, P, Copyright (2017). (a) Basic structure of a CNN. (b) convolutional layer.

some degree and can cause unncecessary complexity of model. Thus, one should always629

optimize these hyperparameters.630

The input images have regular shape in CNNs, while actual objects and regions631

might be irregularly shaped in the real world. An example of that is in urban land use632

classification. A regular shape input image may ignore the real boundaries of objects633

[1]. attempts to address this problem by proposing an object-based convolutional neural634

network (OCNN). This approach involves a two-step process, where image segmentation635

is initially applied to partition the image into two object categories of linear shaped636

(e.g., roads) and general shaped (e.g. buildings) objects with homogeneous spectral and637

spatial properties using the mean-shift method [134]. Two separate CNNs are trained638

on these categories of objects with different input image sizes. For linear objects, a639

small input image size and, for general objects, a large input image size perform better.640

While this approach outperforms regular deep image segmentation networks, it has641

some limitations. First, it depends to the accuracy and robustness of segmentation642

process. The extracted partitions do not necessarily represent the actual boundaries of643

objects. Second, the segmentation itself is a time consuming operation and parameters644

of segmentation are still needed to be defined manually by the user.645

4.2.7. Deep Graph Neural Networks646

CNNs have been applied quite extensively for image classification and segmen-647

tation. However, many problems (e.g., social and biological networks) can usually648

not be represented in grid format, making it challenging to apply convolutions. Thus,649

attempts have been made to extend neural networks to phenomena that are best por-650

tayed with graph structure. Graph neural networks (CNN) were first introduced by651

[135]. Recently growing attempts have been made to generalize convolution to graphs,652

which can be categorized into spectral and non-spectral approaches [136]. Spectral653

methods create a spectral representation for the graph and apply convolution through654

the graph Fourier Transform [137,138]. The challenge with these types of graphs is, if655
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the structure of the graph changes, the trained model of the previous structure cannot656

directly be applied to a graph with new structure. Non-spectral methods directly use657

convolutions on close neighbors in the graph [139]. These approaches are relatively new658

and have shown impressive performance in many applications, such as disease spread659

forecasting [140], traffic analysis [141], medical diagnosis and analysis [142], and natural660

language processing [143]. A survey of deep learning methods for graphs can be find at661

[144]. The application of GNNs has yet to be explored in spatial domains especially for662

non-grid-based spatial data such as social networks.663

4.2.8. Deep Generative Networks664

Models in ML can also be categorized as discriminative or generative [145]. On665

the one hand, we have discriminative models that are usually used for classification666

and are called classifiers. They return, P(Y|X), the probability of a sample to belong to667

class Y given the feature attributes X. Generative models, on the other hand, attempt to668

generate realistic features of a class of objects, given the distribution of the class P(X|Y).669

Thus, a new set of features is generated using the distribution of a specific class. In the670

past few years, generative neural network models have attracted considerable attention.671

Among several types of generative models, variational autoencoders (VAE) (Figure ??)672

and generative adversarial neural networks (GAN) (Figure ??) have found applications673

for spatial prediction [146,147].674

GANs were first suggested by [146]. They form a type of generative neural networks675

composed of two sub-networks: a discriminator and a generator. These two networks676

compete with one another to learn through the training. On the one hand, the generator677

attempts to create realistic sets of features X from data class distribution Y by adding678

random noise Z (Figure ??). Random noise Z is added to make sure each time a new679

instance X̂ of class Y is generated. The generator attempts to confuse the discriminator680

by introducing this new feature set X̂ as a new instance of the class. The discriminator,681

on the other hand, is a binary classifier that compares X̂ with actual instances of the class682

and recognizes whether it is real or fake. As training continues, both networks compete683

until the discriminator fails to recognize the unreal instance from the actual sample. VAE684

works based on an encoder-decoder architecture, which has the same number of units685

in the input and output layers [147]. For image classification, for example, VAE creates686

a new representation of a labeled input image into a space of lower dimensionality; it687

creates a distribution of the object class in the latent space, and reconstructs a sample688

image from the distribution. By comparing the actual and reconstructed images, the689

network can learn through the training.690

Many spatial phenomena are heterogeneous and nonlinear, rendering conventional691

data analytics methods less effective. Generative networks have been applied success-692

fully for DEM spatial interpolation [148], spatiotemporal imputation of aerosol when a693

substantial amount of data is missing [149], and predicting regional desirability with694

VGI data [17]. However, CNN-based methods are not appropriate when a large amount695

of data is missing since they require complete images or images with limited random696

missing values for training [149]. The other application of generative models is for data697

augmentation, especially when the size of the training data set is small or the class698

balance is uneven. Data augmentation works by slightly manipulating the training data699

to generate new training samples [150].700

4.2.9. Learning With DNNs701

Apart from discussing the specific capability of the various types of networks, it702

is also necessary to look at the ways existing DNNs can be used. One can use pre-703

trained networks, adapt a pre-trained network, or train a network with new data from704

scratch [151]. In the first method, pre-trained models are used as feature extractors for705

classification problems on a new data set. This is similar to the methods in section 4.1.2,706

where new features are created and added to the observation matrix. These methods707

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 August 2021                   



Version August 2, 2021 submitted to Journal Not Specified 18 of 28

(a)

(b)
Figure 9. The basic structure of two generative neural network models. (a) Variational autoen-
coders (VAE). (b) generative adversarial neural networks (GAN).

have been shown to be effective at classifying remote sensing and photogrammetric708

imagery [152–154].709

Alternatively, one can fine-tune a pre-trained network on a small set of new obser-710

vations that are sometimes in very different domains or topics. For example, a DNN711

trained on a specific type of infectious disease (e.g., coronaviruses) to predict the weekly712

number of cases may be fine tuned to predict another type of infectious disease (e.g.,713

influenza) with only a small set of data for influenza cases. Another popular example714

is the trained network on close-range images in urban areas that can be fine-tuned to715

classify remote sensing images.716

The success of pre-trained networks comes from the capability of models to gen-717

eralize and specifically from the fact that, even though data sets may be from different718

settings or domains, they still exhibit fundamental standard features that machines can719

learn from in one setting and apply to another. For example, the geometric boundary of720

objects in both sets of images mentioned above is composed of corners and horizontal,721

vertical, and diagonal lines. The way this is usually conducted is that coefficients for722

several layers in the trained network (usually the layers with low-level features) are723

frozen, and only the coefficients of the rest of the network are fine-tuned with the new724

observations. Compared to the first approach, fine-tuning must provide better results725

since features are oriented to the new data set [155]. Finally, the last method is to train the726

network on the new data set from scratch. However, this method is subject to overfitting727

if the training data set is small [151].728

4.2.10. Spatial Accuracy729

Measures of the accuracy of spatial data are essential to be considered in the objec-730

tive function in machine learning for a number of geospatial applications. For example,731

[156] showed how the lack of a spatial accuracy measure could influence the evalua-732

tion of location prediction performance for birds nests based on several habitat and733

environmental factors. When the variables are rasterized, one typical way to evaluate734

prediction accuracy is to measure the similarity between the predicted and actual maps.735

In the example being discussed, a cell is labelled as either a nest or no-nest (a binary736

classification task). Then, the following objective function of learning performance can be737

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 August 2021                   



Version August 2, 2021 submitted to Journal Not Specified 19 of 28

used for this purpose, where a measure is devised to calculate the classification accuracy738

from the confusion matrix:739

F = Similarity(classi f ication accuracy) (3)

Figure 11a and Figure 11b show the location of sample nests and their rasterized740

format. Figure 11c and Figure ?? represent the predicted locations in two different741

iterations during learning. Objective function (3) returns the same similarity value for c742

and d, while d is more accurate spatially. Thus, the authors suggest adding a term to the743

objective function to measure spatial accuracy, which could be the average distance to744

the nearest prediction. Therefore, we can rewrite the objective function as follows:745

F = Similarity((1− α)× classi f ication accuracy + α× spatial accuracy) (4)

Where α is a regularizer parameter that is fine-tuned during the training.746

Figure 10. Reprinted with permission from [156] (Copyright ©2001 Society for Industrial and
Applied Mathematics. All rights reserved.) Spatial accuracy. (a) Actual location of nests, (b)

Rasterized location of nests, (c) Predicted locations 1, (d) Predicted locations 2.

4.2.11. Generalization747

Generalization is the capability to generalize a trained model based on a set of data748

to future datasets. A dataset is usually divided into three mutually exclusive sets, namely749

a training set, a validation set, and a test set. We fit a model to our training dataset at each750

iteration and compute an objective function to measure learning performance. Then,751

we use the validation dataset to evaluate the model’s capability to fit another dataset752

for generalization. This process is repeated until we have a model that fits best on both753

datasets. The critical point is that the validation dataset is still being used in learning,754

and we need to ensure that our model is being tested on a completely different dataset.755

The test dataset is used for the latter purpose, after we select the best model from the756

previous step. More complex validation methods such as k-fold cross-validation can be757

used to guarantee the best setting of train, test, and validation dataset [157].758

If we fail to reduce the validation loss while the training loss decreases, we will have759

the so-called overfitting problem (Figure ??). On the other hand, if the model is very760

simple, both training and validation loss are close but decrease significantly (Figure ??).761

This means we need to control the complexity of the model to reach the trade-off between762

the loss value in training and the validation data set. Regularization is the method that763

is usually used for this purpose, which works by penalizing the weights in the loss764

function. We can add a regularization term to the objective function as follows:765

Objective f unction : Minimize(Loss + λ× reg) or, Maximize(Similarity + λ× reg) (5)

Two famous regularization terms are L1 (sum of the absolute value of the weights)766

and L2 (some of the square values of the weights) norms. The former tosses out some767

of the parameters by imposing zero value to their weights, while the latter assures the768

weights stay close to zero. Lambda is the parameter that we need to tune to determine769

the best complexity level for our model and is usually domain-dependent. A small770
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(a) (b) (c)
Figure 11. Model complexity and regularization. (a) Overfitting: small Lambda value. (b) Well-
fitted: lambda value is tuned. (c) Underfitting: large Lambda value.

lambda value means more weight to our training dataset (Figure ??), and a large value771

means we are selecting a very simple model (Figure ??). We always need to fine-tune the772

λ value for the dataset to have a suitable generalization model (Figure ??). Regularization773

is essential when working with small datasets that are more prone to overfitting and774

when we have many features that impose computational complexity and noise, which775

are very common when working with spatial data.776

As mentioned above and in section 4.2.8, the α and λ values are domain-specific,777

which means they need to be optimized at training time. These parameters are called778

hyperparameters, which are different from standard parameters so that the latter is779

determined based on the data set. At the same time, the former is dependent on the780

properties of the model [158]. Therefore, failure to choose the optimized values for these781

hyperparameters can cause overfitting. However, hyperparameters are not limited to782

regularization parameters, and their number is different depending on the machine783

learning method and problem formulation. For example, random forests have three784

primary hyperparameters: ensemble size, the maximum size of the individual trees, and785

the number of randomly selected variables at each node. However, in neural networks,786

the architecture, learning algorithm, number of training iterations, learning rate, and787

momentum must be set [159]. In addition, new hyperparameters may be added for788

spatial applications, such as the spatial accuracy, the initial size and scale of input images,789

size of the filters, and appropriate sample size. A detailed discussion of hyperparameter790

optimization in spatial science has been discussed [158].791

5. Spatiotemporal Learning792

A significant amount of attention has been devoted to spatiotemporal learning in793

the past few years with the availability of technology to collect data at a much higher794

frequency frequently, if not continuously. Among machine learning methods, neural795

networks and SVMs have been used often for space-time learning. Similar to the spatial796

properties discussed in this paper, spatiotemporal dependence and non-stationarity may797

also exist in data with spatiotemporal dimensions [160]. The number of parameters in798

spatiotemporal ML may become very large, which can make learning impossible if the799

model cannot capture the underlying spatiotemporal structure well [161].800

Geographically and temporally weighted regression models have already been801

developed for geospatial applications. Still, the challenges related to expressing complex802

and nonlinear space-time proximity and optimal weights for kernels remain unanswered803
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in these methods. [24] proposed a spatiotemporal proximity neural network (STPNN)804

that constructs the nonstationary weight matrix instead of using fixed and conventional805

methods to address the complex nonlinear interactions between time and space. [22]806

used a multi-stage approach to address spatial heterogeneity and dependence for space-807

time prediction. Authors used GeoSoM to divide space and time into homogeneous808

regions. In the second step of the latter model, a space-time lag within each cluster809

was estimated to capture the space-time dependence structure among the space-time810

series. Finally, a feedback recurrent neural network predicts values on each cluster811

locally. Although such techniques have high performance, they are usually multistep,812

and the computational cost is high. Furthermore, complexities related to anisotropy are813

not modeled.814

Convolutional recurrent neural networks and especially convolutional long short815

term memory (LSTM) networks can be applied extensively in spatiotemporal learning816

of grid data [162]. LSTM is a type of recurrent neural network with the capability to817

memorizing temporal dependencies in data. A combination of this feature with the818

power of CNNs to learn the hierarchical spatial features can provide an automatic single-819

step ML model to account for space-time dependence. A recent survey of machine820

learning methods of spatiotemporal sequences is available elsewhere for interested821

readers [161].822

6. Discussion and Concluding Remarks823

We conducted a state-of-the-art survey of literature where ML cross-pollinates824

spatial domains in which data exhibit distinctive properties such as spatial dependence,825

spatial heterogeneity, and scale. We identified two broad approaches in this body of826

literature, which are respectively motivated by the two components of a spatial ML827

learning system, namely the spatial observation matrix and the learning algorithm. The828

former explicitly handles the spatial properties of data before the process of learning829

begins. In other words, no change in the learning algorithm is implemented following830

this step. It is now well recognized that considering spatial properties in sampling831

strategies and in addressing missing data is necessary in any spatial ML application.832

In addition to these matters, creating new spatial features was discussed as one of the833

main approaches to augment the observation matrix with new spatial properties of834

data. To date, a large body of literature in ML of spatially explicit data has resorted to835

spatial features mainly because the idea comes naturally, because extensive research836

in geographic information science has focused on these matters over the past two837

decades, and because this approach permits using existing ML algorithms without838

further modifications. Many of these methods have successfully been used for a variety839

of applications, ranging from point cloud classification to trajectory analysis and pattern840

recognition in satellite imagery.841

We also discussed how spatial properties can be handled explicitly in the other842

component of ML, namely the learning algorithm, an approach that has only recently843

started to be explored. Here, spatial properties are addressed in the learning algorithm844

representation or objective function rather than at the level of the observation matrix.845

When dealing with learning algorithms in spatial domains, we argued for focused846

attention to spatial hyperparameter optimization and spatial accuracy. Different learning847

algorithms require various numbers of hyperparameters to be optimized, with deep848

learning methods usually having the largest number. When it comes to accuracy, spatial849

accuracy is often ignored, while evidence shows that it can significantly influence the850

results and the generalizability of the model, and from there, degrade the predictive851

power of the ML model. New measures for spatial accuracy may be needed to alleviate852

these issues. Space-time learning has recently also become a focus of considerable853

attention, both in identifying technical challenges and in advancing modeling solutions,854

as processes intermingle in space and time. With the proliferation of panel and other855
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space-time data and the focused interest for process-based knowledge triggered by the856

COVID-19 outbreak and pandemic, this area has emerged as a priority research area.857

Our literature review shows that progress in the learning algorithm component858

of ML is still in early stages compared to advances made with enhancing the spatial859

observation matrix, and there is a lot more room to develop and apply some of these860

methods in different spatial domains. Here, the main takeaways are as follows.861

• CNNs can be used to automatically estimate the spatial weight matrix, which862

is usually unknown and needs to be defined by the user to reflect spatial data863

properties in many spatial problems. Advances may be anticipated in several areas;864

• Deep neural networks with convolutional layers have been shown to automatically865

extract patterns from multiple scales and hierarchies. However, they have so far866

mainly been used to recognize patterns in raster data sets, and use cases in a broader867

range of domains of applications are called for;868

• Graph-based deep learning methods provide a new opportunity to apply CNN-869

based deep learning to problems with graph structure (e.g., social networks) or870

when the geographic units are irregularly shaped (e.g., census data);871

• Further studies for learning in spatio-temporal domains will need to be undertaken872

as well. Deep neural networks based on a combination of LSTM and CNNs in-873

troduce simultaneous learning across space, time, scales, and hierarchies. When874

augmented with reinforcement learning to add feedback within systems, which is875

the case in many spatial, social and environmental applications, they can realize876

the dream of a single universal ML method [127].877

However, deep neural networks have their own limitations and pitfalls. First, they878

need a large amount of training data. Second, they have a large number of parameters879

and hyperparameters, which make them computationally expensive. Third, there is880

no limit to increasing the complexity of the DNNs, because of the arbitrary nature of881

architecture design. Thus, there are always potential pitfalls for researchers to develop882

less reproducible and unnecessarily complex models.883

In addition to the above suggestions for future research, which both extend past884

research practices and leverage some of the proposed methods discussed in this paper885

to apply ML for spatial data analytics, a long-term line of research in this area may886

allign with a more fundamental recasting of concepts related to the definition of space.887

Properties of spatial data that we discussed in this paper are the byproducts of the current888

conceptual definition of space as a fixed “container”. This container is independent of889

the objects and events that exist and occur inside it. With the current approach, space is890

defined in a reference coordinate system tied to an origin with a scale measure, where the891

location of entities is determined with respect to this origin. This is how all of the current892

GIS and Remote Sensing software and tools conceptualize space, and by extension, so893

does spatial ML.894

While this absolute view of space has been found practical thus far, it has its own895

limitations. For example, the spatial weight matrix, designed to involve the neighbor-896

hood relationships between geographic entities, may be an inadequate representation897

of space. It is independent of time, usually assumes isotropy in neighborhood defini-898

tion, and can only partially account for spatial dependence. Also, it cannot capture the899

complete complexity of spatial problems when multiple variables are present. Another900

example of that is spatial lags, which are limited since they change for different variables.901

If one wants to include them in learning, the final model may end up with a very large902

number of variables. At the same time, the user still needs to discover how many spatial903

lags and for which variables to use them. Such methods cannot address more complex904

problems such as UGCoP and MAUP, making it difficult to predetermine scales and905

appropriate units of observation. The contextual influences naturally change across906

granularities, which makes the problem even more complex.907

Contrary to the absolute view, a relative view of space assumes that space is a908

construct of the events that take place within it and is not completely separate from them909
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[40]. From this point of view, Euclidian coordinates are not favored over other semantic910

attributes, and they collectively construct the spatial space and structure. Current tools911

and software require a reconceptualization of the space to represent this relative view as912

no easy and robust tuning of existing paradigms can be envisioned. From this point of913

view, we see attractive and thus far almost untouched areas that primarily land in the914

second component of Figure 2, the learning algorithm. For example, graph-based deep915

learning has remarkable potential for future research within this broader view. Graphs916

can provide a good representation of relative space mainly because they can explicitly917

model the relations and are not required to be in a common coordinate reference frame.918

Current GIS tools and software need all layers to be in the same reference coordinate919

system and they perform quite poorly at handling networks of social interactions. No920

limit exists in the definition of neighbors in graphs, and they can dynamically change.921

Nested and hierarchical networks with different geometric references and topology922

are easy to link (e.g., in bipartite networks) and manage. MAUP disappears because923

objects and phenomena need not to be aggregated in partitioned areal units anymore.924

Nested and hierarchical graphs may also be a solution to the UGCoP. One can actually925

delineate the boundaries of environmental risk exposures for individuals who visit926

different locations (home, school, etc.) during the day within graphs [61].927

Graph-based deep learning can become a gateway for machines to learn in social928

networks, where relations are the building blocks of everything. It is worth noting that929

the phrase “social networks” is not equivalent to online social media platforms, but as a930

broader term, any network with human, biological, and natural social interactions. One931

attractive example is the weighted stochastic block model [163,164], which is a powerful932

approach to detecting communities in social networks. The spatial organization of933

communities in a weighted stochastic block model can reveal new relationships in data.934

Another example is SOMs that organize clusters in space and have widely been studied935

in the geography community.936

The geometric attributes such as coordinates can be treated like other attributes937

within a relative space, so we do not expect ML methods to change. At the same time,938

the concept of relative space presents fundamental challenges and questions that need to939

be answered in future research, such as: Are graphs an adequate data model to represent940

such a space, or do we need new data models? How can one acquire the ground truth941

required for most ML methods in a space that is elastic and changing dynamically? What942

can machines learn about a space that is a construct of its components?943
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