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Abstract1

The geospatial community usually makes use of GIS environments to handle databases2

and pre-process their information. Actual analyses, especially data-driven ones, are per-3

formed outside GIS platforms. This interrupts the flow of information and the processing4

chain in a number of I/O operations that inevitably slow down the overall analytical pro-5

tocols. The first version of the SZ-plugin attempted to mitigate this issue by offering a6

modeling solution from within QGIS. However, the available models in the SZ-plugin essen-7

tially boiled down to binary classifiers, whose dimensionality was constrained to address pure8

spatial problems. In this updated version, we focused on two major aspects: 1 ) a space-time9

extension and 2 ) the inclusion of a regression option in addition to the already existing clas-10

sification one. These two aspects have been introduced as part of two new models, namely,11

a Generalized Additive Modeling and a Multi-Layer Perceptron. In short, these would al-12

low users to obtain susceptibility and intensity estimates in space and time. An improved13

graphical reporting tool has also been implemented. This makes it possible to produce rel-14

evant statistical summaries as well as cartographic outputs for users to directly integrate15

into their technical reports or scientific documents. The problem of landslide prediction is16

taken as a reference in Taiwan, but the same plugin can be used to perform regressions or17

classifications for any other phenomenon associated with (e.g.) digital soil mapping, wildfire18

and gully erosion modeling, land-use or tree species detection, etc.19
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1 Introduction22

The notion of susceptibility modeling covers multiple areas in geoscience. The general def-23

inition boils down to the probabilistic assessment of locations where a given process may24

take place driven by geo-environmental factors. Even in the case of landslide science, the25

spatial nature of most applications stems from the historical evolution of the susceptibility26

concept. The first digital record of a susceptibility assessment dates back to Brabb et al.27

(1972). There, Earl Brabb’s expert opinion dictated the description of the landscape under28

consideration into slopes labeled with a different level of proneness to failure. Since then,29

the susceptibility literature has significantly evolved, with a number of milestones to be30

mentioned to understand the current state-of-the-art. One of the most critical milestones is31

likely the contribution by Varnes and the IAEG Commission on Landslides and Other Mass-32

Movements (1984), where the authors disentangled the landslide prediction theme into three33

components. The first corresponds to predicting locations where landslides occur; the second34

represents the onset of the occurrence, either expressed precisely when or how frequently,35

while the third consists of the level of threat associated with a given mass movement or pop-36

ulation. This notion was further refined by (Guzzetti et al., 1999) into a specific analytical37

protocol for each of the components above, with slight variations to the hazard definition38

itself.39

These moments mark the definition of a standard, whose implementation in international40

guidelines (Fell et al., 2008) consolidated the idea that the spatial component of the landslide41

prediction should be treated separately from the temporal one. In turn, this implied that42

the susceptibility, or spatial probability of landslide occurrence, has been interpreted as a43

temporally-invariant characteristic of any landscape (see, Steger and Kofler, 2019).44

However, this is obviously not the case in reality, nor should it be modeled in such45

a way. Some landscape characteristics could be considered static. To this class belong46

geological features, whose variations manifest on temporal scales far longer than the modeling47

requirements. Additionally, one could assume that in most cases, topographic changes cannot48

be captured through Digital Elevation Model data because it is not possible to obtain terrain49

models regularly unless repeated and consistent investments are made for surveying and/or50

processing relevant data. Thus, terrain characteristics are often assumed to be time-invariant51

as well. On the other side of the spectrum, the landslide triggers or predisposing factors act52

on much shorter timescales, from seconds to minutes in case of earthquakes and from hours53

to days in case of rainfall events. In between the extremes of this temporal spectrum, some54

landscape processes act at an intermediate level, with land use changes being responsible55

for modifying the landslide susceptibility on a monthly to yearly basis. Similarly, wildfires56

are processes known for elevating the susceptibility up to three years, through a mechanism57

where the heat generated by burning biomass alters the physical characteristics of the shallow58

soil column. Aside from the high temperatures generated by fires, even regular temperature59

variations control hydrological (Ray et al., 2010) and geotechnical (Loche and Scaringi, 2023)60

soil characteristics, over a temporal range expressed sub-daily (Melis et al., 2020) to yearly61

2



(Loche et al., 2022). Anthropic activities may also contribute to relatively rapid susceptibility62

changes, especially road constructions (Forte et al., 2021), with instabilities even observed63

within a year from the slope cut (Tanyaş et al., 2022).64

This is to highlight that there is no such thing as a static landscape and, thus, nei-65

ther is nor should be the susceptibility. This is especially valid across active landscapes66

continuously shaped by weathering agents, tectonic and climatic stresses, as well as earth’s67

surface processes in general. This is enhanced by the extreme agents under climate change68

conditions.69

As a result, the need to decouple the “static” nature of the landslide occurrence probabil-70

ity from the “temporal” component mostly arose, at the time of the inception of the concept,71

from the limited capacity to capture and express dynamic landscape processes. This need72

becomes even more evident when considering the limited modeling capabilities until the73

1990’ies. In other words, not only was it prohibitive to capture landscape dynamics, but it74

was equally hard to define a modeling paradigm able to estimate them.75

This situation essentially stayed the same throughout the years, even when data and76

computational power would allow one to estimate susceptibility both in space and time. For77

instance, a number of recent examples still compute the susceptibility independently from78

rainfall thresholds and then combine the respective results (Lee et al., 2016; Segoni et al.,79

2015, 2018b). This is also why several codes, plugins and software meant to automatize the80

susceptibility assessment procedure have been conceived to address purely spatial classifica-81

tion tasks. To this category and from the oldest to the newest belong MamLand (Akgun82

et al., 2012), GeoFIS (Osna et al., 2014), LAND-SE (Rossi and Reichenbach, 2016), the83

LSM module for Netcad Architect (Sezer et al., 2017), r.landslide (Bragagnolo et al., 2020),84

LSM Tool Pack (Sahin et al., 2020), LSAT PM (Torizin et al., 2022), PyLandslide (Basheer85

and Oommen, 2024).86

Following the same trend, the first version of the SZ-plugin (Titti et al., 2022) aimed at87

offering a plugin for spatial susceptibility modeling within the most used open-source GIS88

platform, i.e. QGIS (Flenniken et al., 2020). The idea is that by calling a susceptibility89

modeling workflow directly from QGIS, one would bypass all the input/output operations90

that typically affect the procedure. For instance, one typically maps landslides in GIS, and in91

the same platform, raster and vector operations are carried out to create a data matrix. The92

same matrix is then exported and imported into computing platforms such as R (Crawley,93

2012), Python (Van Rossum et al., 2007), Octave (Eaton et al., 1997) etc., where the actual94

classification is performed, only to export the results once more which is then called from95

GIS for addressing scientific illustration needs. The SZ-plugin allows the user to run all those96

processes in one, user-friendly platform without the necessity to write code lines because of97

the Graphical User Interface available (see also the application in Titti et al., 2024).98

In the literature, the “static” nature of the susceptibility has been challenged on several99

occasions (e.g., Reichenbach et al., 2014). The work of Samia et al. (2017a) and Samia et al.100

(2017b) started looking into how to move past pure spatial modeling. The authors achieved101
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this by proposing a sequential and simplified solution where the static predictors typical102

of susceptibility models were combined with the information on landslide presence/absence103

that occurred prior to the modeled landslide period. The same experiment was later explored104

and extended for the same area by Lombardo et al. (2020), marking the introduction of the105

first space-time landslide predictive model. This model architecture would simultaneously106

treat space and time. However, the information provided by traditional static predictors was107

combined with that of two explanatory variables acting at a latent level, one to control the108

interdependence between adjacent mapping units and one to control the interdependence109

between adjacent temporal units. In other words, no direct information on predictors acting110

at a relatively fast temporal scale was still included. This is the case for Wang et al. (2022)111

and Ahmed et al. (2023), where the authors combined static and dynamic covariates to112

estimate annual variations of susceptibility. This direction has opened up for analogous113

space-time experiments, where the considered 1 ) mapping units were upscaled to Slope114

Units (SUs) (Fang et al., 2024b) and grid-cells (Steger et al., 2023), and 2 ) temporal units115

were upscaled from years (Wang et al., 2024) to days (Moreno et al., 2024).116

The present contribution further adds to the current literature by developing a suite117

for data-driven space-time modeling, implemented in an updated version of the SZ-plugin.118

Details on the new version of the plugin will be provided in the remainder of the manuscript,119

focusing not specifically on the experimental design and related performance but rather on120

the modeling capabilities the new SZ-plugin has to offer.121

2 Test site122

To showcase the space-time modeling extension of the SZ-plugin, we used the annual partition123

in SUs of Taiwan already appeared in Fang et al. (2024a). These SUs have been generated124

with the latest version of the r.slopeunits software made by Alvioli et al. (2016), in which125

flat areas can be directly removed from the calculation to avoid including trivial terrain126

information in the susceptibility model (Steger and Glade, 2017).127

The resulting spatial partition totaled 645036 SUs across the whole space-time domain.128

This translates into 46074 individual SUs partitioning Taiwan, and repeated 14 times, one129

for each year under consideration between 2004 and 2018. Each of these polygons contains a130

yearly description of 1 ) landslide presence/absence labels to support a dynamic susceptibility131

assessment (as per Steger et al., 2024), 2 ) landslide planimetric areas to support a dynamic132

landslide extension assessment (as per Lombardo et al., 2021), and 3 ) also reports relevant133

predictors to support data-driven modeling routines. Notably, the landslide type mostly134

corresponds to shallow debris slides and flows.135

Figure 1 indicates the test site and maps the landslide area information over more than136

a decade. The temporal aspects of landslide occurrences and (log) planimetric area per SUs137

are shown in the respective panels on the right. Notably, the dates do not refer to a specific138

year but rather to two subsequent ones. This is due to the acquisition dates of the remote139
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scenes used to support the landslide mapping procedure. In fact, they are representative of140

the period between August 1 of a given year and July 31 of the following one. This makes141

the overall surveyed period 12 months long while spanning over two years.142

Figure 1: Overview of the study area. The temporal dimension of the landslide area had
been compressed purely in space for simplicity. White areas correspond to the mask where
the topography is not flat. As for the red colorbar, it shows the landslide area aggregated per
individual SUs as the sum over the period between 2004 and 2018. The barplot to the right
presents an overview of the landslide presence/absence distribution aggregated for each year.
The bottom panel offers the same temporal view of the landslide area information expressed
logarithmically.

3 Material and methods143

This section offers an overview of the modeling extensions implemented in the new version144

of the SZ-plugin for QGIS. In total three modules are available: the first one is the space-145

time adaptation of the module already implemented in the previous version of the SZ-plugin146

which includes Decision Tree, Support Vector Machine and Random Forest algorithms. The147

second one corresponds to a space-time Generalized Additive Model (GAM) implementation148

to solve for binomial and Gaussian likelihoods. As for the second modeling archetype, the149

SZ-plugin now offers an option for running basic spatiotemporal Neural Networks both in150

classification and regression modes.151

The second and third options will be elaborated below on Taiwan case study, keeping152
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in mind that the space-time classification options are meant to support dynamic suscepti-153

bility modeling, whereas the space-time regression options addresses the same for intensity154

modeling. Therefore, a comparison between dynamic modeling of 1) susceptibility, which155

corresponds to the probability of occurrence of a given phenomenon, and 2) intensity, which156

indicates the level of threat associated with it, have been performed. Finally, 3) a space-time157

prediction has been reported.158

The examples will be centered around landslides, but we stress that the same can be done159

for any hazard or other phenomena distributed in space and time, such as: wildfires, gullies,160

but also other fields of geospatial application typically associated to digital soil mapping,161

land use and tree species detection, etc..162

3.1 Space-time GAM163

By calling Y the random variable indicating how likely the mapping unit is susceptible164

to landslides, let X := (X1, .., Xp) be the set of predisposing factors; GAMs assume that165

the probability of a mapping unit being susceptible conditional on the predisposing factors166

µ := E[Y |X] is related to the independent variables via a link function g167

g(µ) = α +

p∑
j=1

fj(Xj), (1)

where α is the global intercept, each fj the unknown smooth function expressing the168

linear or nonlinear relationship between the j-th predisposing factor Xj and the response169

variable Y .170

3.1.1 Binomial likelihood171

We recall that international guidelines on landslide hazard require estimating how prone172

a given landscape may be to generating slope failures (Fell et al., 2008). The numerical173

translation of this definition involves a response variable Y assumed to behave according to174

a Bernoulli distribution175

Y ∼ Bernoulli(µ). (2)

This implies that either the mapping unit is susceptible, denoted with probability µ ∈176

[0, 1] or that it is not, with a probability 1− µ.177

In this case, a commonly used link function is the logit link:178

g(µ) = log

(
µ

1− µ

)
. (3)

The GAM model with smooth functions fj to be estimated is:179

log

(
µ

1− µ

)
= α +

p∑
j=1

fj(Xj), (4)
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equipped with a Binomial error distribution. Going back to placing such models in the180

context of international guidelines, space-time binomial GAM generate outputs which fall in181

a grey area. In fact, the standard notion of landslide hazard requires three components to be182

estimated (separately). The former is the susceptibility, traditionally considered to be a static183

characteristic of any landscape under consideration. As for temporal probability aspects,184

these are usually determined as the return period of the main landslide trigger or as the185

occurrence period. Space-time binomial GAM fundamentally addresses both requirements186

in a single modeling archetype, allowing the computed probabilities to contextually vary187

across any mapping and temporal units of choice.188

3.1.2 Gaussian likelihood189

We also implemented an alternative probability distribution to model continuous response190

variables. This corresponds to the Gaussian case, defined with mean µ ∈ R and variance σ2
191

Y ∼ N (µ, σ2), (5)

Differently from the binomial likelihood, the GAM here uses the identity link function,192

µ = α +

p∑
j=1

fj(Xj) (6)

with a Normal error distribution. To provide some context on how this likelihood can193

be used in the context of landslide modeling, we recall here that landslide are commonly194

mapped as polygons. Therefore, each landslide is associated with the information of its195

planimetric extent. Due to the heavy-tailed nature of the landslide area distribution, one196

has two options to model landslide intensity. The first option, also the one we followed197

here, is to transform the landslide areas into their logarithm. Because this transformation198

symmetrically distributes the range of landslide areas over the logarithmic scale, it is then199

possible to adopt a Gaussian likelihood to regress this quantity against the selected set of200

covariates.201

A valid but more complex alternative could have been implementing various likelihoods202

inspired to extreme value theory. However, because we scripted this plugin with the idea of203

making it usable beyond the landslide context and because the Gaussian distribution is the204

most common case, we avoided the option for statistics of extremes (yet laid out plans in205

this direction for a subsequent release).206

We stress here that if one would include mapping units with no landslides in the landslide207

area model, most of the space-time dataset would have areas equal to zero. This would create208

a number of technical complications discussed at length in Lombardo et al. (2021). To avoid209

them, we only extract the positive range of landslide area values and take their logarithm.210

The complementary dataset will then be used to generate predictions over it. To follow211

up on the considerations related to international guidelines, we recall once more that the212
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landslide hazard definition also includes a third term referred to as intensity (Bryce et al.,213

2022). This reflects the level of threat associate with a landslide and, for regional models, it214

has been mostly estimated as a function of the landslide planimetric area, hence the use of215

the Gaussian likelihood implemented here.216

3.2 Space-time Multi-Layer Perceptron217

Although space-time generalized additive models are able to model possible nonlinear rela-218

tionships between every single predictor Xj and the response variable Y by generalizing the219

regression coefficients with generic smooth functions fj , an additive scheme is still assumed220

in the right-hand side term of Eq. (1). An alternative way to approach the problem of221

landslide susceptibility mapping is to learn from data not only the distribution of training222

dataset, i.e. realizations of Y and Xj,just as in the standard procedure to find the unknown223

smooth function fj and S in the space-time GAMs, but also the relationship itself between224

the predictors and the response variable. Formally, we would like to find an implicit paramet-225

ric function νΘ defined on the space of predictors which outputs the likeliness of a mapping226

unit to be a susceptible zone:227

νΘ : Rp
X −→ RY , (7)

where Θ, the set of all parameters of this function, encodes both the information on the228

statistical model for the variables and the probability distribution of these variables. This229

is basically the idea behind the simplest of all artificial Neural Networks (NNs), known as230

Multi-Layer Perceptron (MLP).231

Artificial Neural Networks form a model of computation inspired by human brain struc-232

ture with goals to perform high-complexity level tasks. General NNs consist of many pro-233

cessing units called neurons that interact using weighted connections (Hinton, 1989). Each234

neuron has a state which is determined by input received from other neurons in the network.235

More precisely, the neuron collects the total input, and, through an activation function, it236

might change its state accordingly. This is the reason why the state of a neuron is also called237

its activity level.238

MLP is a multilayer feed-forward NN architecture (Rumelhart et al., 1986; LeCun et al.,239

2015), meaning that the flow of information is unidirectional along fixed-sized groups of240

neurons. Each group of neurons is called a layer, due to the schematic graph representations241

particularly popular of NNs. No connections are present within a layer or from higher to242

lower layers, by adopting the convention of having the input at the bottom and the output243

on the top in this representation. Furthermore, a MLP is fully connected meaning that the244

state of each neuron of every layer depends on states of all neurons in the previous layer.245

In mathematical terms, given an input vector (x1, . . . , xp) ∈ Rp, the state of each neuron246

in the input layer of a MLP, which has number of neurons equal to p, is just a copy of the247

values of this vector, simulating the intensities of signals the brain can receive from sensory248

organs. If we denote the state of a neuron in the first hidden layer as z(1), then249
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z(1) = h(1)

(
b(1) +

p∑
j=0

w
(1)
j xj

)
, (8)

where w
(1)
j denotes the weight of the connection with the j-th neuron from the input250

layer, b(1) a bias term, and h(1) a nonlinear activation function. We note that the bias251

term is related to the threshold of the neuron (Hinton, 1989). The same expression can be252

generalized for the i-th neuron in the generic k-th layer, with k ≥ 2 and i = 1, . . . , nk, where253

nk is the number of neurons of k-th layer:254

z
(k)
i = h

(k)
i

(
b
(k)
i +

nk−1∑
j=1

w
(k)
ij z

(k−1)
j

)
. (9)

The number w
(k)
ij is the weight of the connection between the i-th neuron in the k-th255

layer and the j-th neuron from the (k − 1)-th layer.256

If K is the number of hidden layers of the MLP, the likeliness of the mapping unit to be257

a susceptible zone is given by the state of the output layer, consisting of one single neuron,258

with value z
(K+1)
1 .259

A common choice of nonlinear activation functions for hidden layers is the rectified linear260

unit (ReLU):261

ReLU(a) = max (0, a). (10)

Activation functions in a MLP typically do not have any learnable parameters, therefore262

Θ the set all learnable parameters in (7) consists of all weights and biases of neurons in the263

space-time MLP νΘ illustrated. In particular, the values of these learnable parameters are264

sought to minimize a loss function L = L(Θ) defined on the training dataset:265

Θ ∈ argmin
θ

L(θ). (11)

We observe that an MLP can be visualized as the composition of couples of linear-266

nonlinear functions corresponding to weights learning and activation functions. Therefore,267

it should not be surprising that the training process is carried out by means of the back-268

propagation algorithm introduced in Rumelhart et al. (1986), which is strictly related to the269

chain rule used for computing derivatives of composition of functions.270

3.2.1 Classification task271

The choice of the loss function is crucial to the predictive capability of the space-time MLP.272

Activation functions close to the output are related to the choice of the loss function. We273

just state that for the classification task, the space-time MLP implemented has as activation274

function of the output layer, the logistic function:275
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h(a) =
1

e−a + 1
, (12)

with a denoting the pre-activation value.276

The loss function is chosen to be the binary cross-entropy, and for a single training sample277

L(y, p) = −(y log(p) + (1− y) log(1− p)), (13)

where y ∈ {1, 0} stands for the mapping unit to be a susceptible zone or not, respectively.278

While p ∈ [0, 1] is the probability predicted by the space-time MLP νΘ, in particular as the279

output of the above-mentioned logistic function.280

3.2.2 Regression Task281

As for regression problems, an identity activation function has been used. We observe that282

the choice of the identity is equivalent to remove the assumption that the output should be283

a probability as in the classification task. The associated loss function is the mean squared284

error, which for a single training sample has value:285

L(y, ŷ) = (ŷ − y)2

N
, (14)

where ŷ is the estimation given by MLP, and N is the number of training samples.286

3.3 Performance metrics287

The two available modes, classification and regression, require different metrics to be eval-288

uated regarding their respective predictive performance. For this reason, we have equipped289

each mode, irrespective of the GAM or MLP context, with a suite of metrics automatically290

reported at the end of the fitting and cross-validation processes.291

For the classification case, the SZ-plugin returns three parameters: Area Under the Curve292

(AUC), or the area under the Receiving Operative Characteristic (ROC) curve (Hosmer and293

Lemeshow, 2000), F1-score (Sokolova et al., 2006), and Cohen’s Kappa (Ben-David, 2008).294

As for the regression mode, the SZ-plugin returns five parameters: Root Mean Square Error295

(RMSE) (Hodson, 2022), Mean Absolute Error (MAE) (Chai and Draxler, 2014), Mean296

Absolute Percentage Error (MAPE) (De Myttenaere et al., 2016), R2 (Chicco et al., 2021)297

and Pearson Correlation Coefficient (Schober et al., 2018).298

4 Results299

This section offers an overview of all the accessible graphical output produced by the new300

version of the SZ-plugin.301
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4.1 Variable contribution302

The first element of strength in statistical modeling has always been the ability to interpret303

the results, as opposed to the black-box machine learning tools. To put it simply, regression304

coefficients can always be visualized to understand the functional relations existing between305

dependent and independent variables. In the context of a GAM, the estimated relations have306

been mostly expressed nonlinearly through splines (Wood, 2004). The SZ-plugin also allows307

for estimating covariate effects as splines, but also as linear effect and categorical ones, as308

shown in Figure 2.309

There, the effects belonging to the the space-time binomial calibration model are depicted310

in blue alongside the effects of the space-time Gaussian calibration model shown in red.311

We recall here that the binomial case should be interpreted as a model where landslide312

occurrence probabilities are estimates in space and time, as opposed to the Gaussian one, to313

be interpreted as a model where landslide areas are predicted instead.314

Starting from the dataset published by Fang et al. (2024a) we selected a sub-group of315

covariates which includes: northness mean of SU (NorthM), eastness mean of SU (EastM),316

slope mean of SU (SlopeM), slope standard deviation of SU (SlopeStd), plan curvature317

mean of SU (PlanM), plan standard deviation of SU (PlanStd), profile curvature mean of318

SU (ProfileM), profile curvature standard deviation of SU (ProfileStd), maximum daily rain319

in the year averaged per SU (RainM), mean NDVI in the year averaged per SU (NDVIm),320

lithology (litho). The lithology of each SU is described by the main class present. The 15321

classes of lithology are reported in Table 1.322

id Lithology
0 Alluvium
1 Andesite, basalt, and serpentine
2 Metamorphic limestone
3 Black schist, green schist, and sandy schist
4 Laterite, gravel, sand and clay
5 Mudstone intercalated with allochthon
6 Gneiss
7 Hard shale and sandstone
8 Agglomerate and tuffaceous sandstone
9 Sandstone, mudstone, and shale
10 Phyllite, slate, and sandstone
11 Sandstone, shale, and coaly shale
12 Quartzite, slate, and coaly shale
13 Shale, siltstone, and sandstone
14 Hard shale, slate, and Phyllite

Table 1: The identifiers used in the text for the 15 classes of lithology.

As for the effects shown in Figure 2, they should be read as follows: a negative value along323

the y-axis is diagnostic of a decrease in either the landslide occurrence probability or the324
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Figure 2: Covariate effects estimated for both the dynamic susceptibility (red colors) and
intensity (blue colors) models.
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estimated landslide area; a positive value instead is diagnostic of the opposite. To put things325

into perspective, it is interesting to see how the contribution of the mean steepness of a SU326

appears to be much more positive overall in the Gaussian case. Examining the two linear327

behaviors of Eastness and Northness, we also see some differences, with the former showing328

a negligible effect on the space-time susceptibility estimates, whereas the same covariate329

slightly contributes to decrease the estimated (log) landslide area northwards.330

Ultimately, the categorical lithological effect is shown in the last panel, with certain331

lithologies also behaving slightly differently in between the two modeling options.332

Another interesting aspect to highlight is that our plugin is now including a variable333

interaction option. We recall here that spline models are native solutions to estimate covari-334

ate effects. However, these can be implemented to estimate individual effects as well as the335

combined effect of two covariates. The latter option is commonly referred to as a variable336

interaction term (Opitz et al., 2022), and it is to be interpreted with the regression coefficient337

being estimated for the contextual values of two predictors at once. This modeling option is338

now also part of the SZ-plugin and an example of it is displayed in Figure 3.339

Figure 3: Interaction terms between mean slope steepness and yearly rainfall per SU shown
in panel A for the binomial case and in panel B for the Gaussian one.

There, we plotted the interaction effect of the mean slope per SU together with the340

mean of maximum daily rainfall per year in each slope unit, this being shown both for the341

binomial and Gaussian cases. To provide a guide on interpreting these interaction effects,342

we can take the example of the susceptibility panel to the left (Figure 3A). There, SUs343

with mean slope steepness lower than 10 degrees and subjected to a mean rainfall lower344

than 600mm are marked with a strong negative regression coefficient. This contributes to345

lowering the probability that landslides are expected at those locations across the 14 years346

under consideration. Similarly, we can also interpret the interaction term estimated for the347

intensity case shown in the right panel (Figure 3B). There, SUs with mean steepness between348
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25 and 35 degrees exposed to mean rainfall amounts above 800mm are associated with very349

positive regression coefficients. This can be read with the expected landslide area (expressed350

in logarithmic scale) to be probabilistically higher than in any other conditions across Taiwan351

and across the examined period.352

4.2 Dynamic Susceptibility353

The additive structure of a GAM translates into combining the covariate effects shown in the354

previous section to produce a predictive equation, whose results, once transformed through355

the logit link are converted into probabilities. As our model is defined both over space and356

time, then the probabilities of landslide occurrence are assigned to each SU and to each357

year under consideration. Analogous considerations apply to the MLP classification case,358

which, once trained, estimates weights to each predictor that allow for generating pseudo-359

probabilities for any target SU.360

This is also the mechanism behind cross-validation routines. The current version of the361

SZ-plugin allows users to automatically cross-validate in space, time, and space-time, both362

for the GAM and the MLP options. For the spatial case, we offer tow options: a random k-363

fold cross-validation method already present in the first version of the plugin and explained364

in Titti et al. (2022) and the same approach explained in Elia et al. (2023). There, a k-365

mean cluster analysis is run to group mapping units according to their location. In our366

case, we do so by clustering according to the latitude and longitude of the SU centroids. As367

a result, the SZ-plugin trains over all clusters but one, including temporal replicates, and368

then validates on the subset previously kept aside. The operation is iteratively repeated369

until all individual spatial subsets have been used to assess the prediction. In our analysis370

we generated 10 clusters, the results are shown in Figure 4. There, each ROC curve and371

its AUC are reported alongside the F1-score (F) and Cohen’s Kappa (K) across ten spatial372

cross-validation subsets.373

We have also implemented two versions of temporal cross-validation. The first one, called374

Leave One Out (LOO), iteratively excludes one year at a time from the training and uses it375

for predictive purposes. This would inevitably break the continuity of the temporal sequence.376

For instance, by excluding the year 2013, the model would be trained with all the SUs in377

the period between 2004 and 2012, plus all the SUs from 2014 to 2018. Therefore, to respect378

the consequentiality of the flow of time and the potential interdependence among landslide379

occurrences and predictor effects, we have also implemented a sequential cross-validation380

option called Time Series Split (TSS). This routine will train over one year and predict over381

the next in its first run. Then, in the second run, the training dataset would combine the382

first and second year to predict the third, and so on, until the sequence automatically reaches383

the last year (Figure 4).384

Ultimately, the fourth panel of Figure 4 shows the spatiotemporal cross-validation option385

available in the SZ-plugin. This is essentially achieved by intersecting the spatial clusters386

generated with the k-mean based method with the LOO-time method. Therefore, in our387

14



Figure 4: Cross-validation modes available for the GAM and MLP classifications in the new
SZ-plugin release.
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analysis, we intersected 3 spatial clusters together with the 14 years under study for a388

total of 42 space-time subsets. Similar to the previous examples, each of the 42 subsets is389

iteratively excluded until all of them are used for blind prediction.390

To provide some interpretation, one can notice how the GAM option performs better than391

the MLP only for the spatial cross-validation case. As for the other three cross-validation392

modes, MLP slightly outperforms the GAM. This should not come as a surprise because393

machine learning tools such as MLP are known for their high performance. Conversely,394

GAM models are commonly known for their interpretability.395

4.3 Dynamic intensity396

Here, we offer an overview of the plugin’s space-time modeling capabilities when selecting the397

regression mode. Similarly to the previous section, we have equipped the plug-in with the398

same cross-validations, with the option of using them to predict the log-landslide areas. To399

keep the same level of reporting capabilities we showed for the classification mode, we have400

implemented two performance assessment levels even in the regression case. To match the401

visualization provided before by the ROC curves, we graphically summarized the regression402

performance through QQ-plots (Figure 5).403

Figure 5: QQ-plots and associated model performance overview for the GAM and MLP
modeling options.

These are built by taking the observed and predicted log-landslide area and plot their404

respective quantile distribution. An ideal model would reflect the distribution characteristics405

of the response variable, thus aligning each quantile couple along a 45-degree line.406
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Essentially, two vectors are needed to generate a QQ-plot, one for the response and one407

for the model output. In this case, we opted to maintain the same vector of observed data,408

where each element corresponds to a SU in space and time. The output of the fit naturally409

matches this dimensionality. However, the cross-validation routines intrinsically extract410

subsets. Therefore, the QQ-plots for the cross-validations are built by predicting over each411

excluded dataset and stitching these together again to match the size of the reference dataset.412

This procedure ensures that every quantile along the y-axis of Figure 5 is extracted from a413

distribution of log-landslide areas coming exclusively from SUs used for blind prediction.414

To this graphical overview, we also added a series of numerical metrics to complete415

the evaluation. Notably, both the GAM and the MLP models are overestimating small416

landslide areas and underestimating large landslide areas. This is a typical characteristic417

of the Gaussian likelihood we used in the GAM case. Interestingly, though, it is also what418

stands out in the MLP panel. The main difference between the two panels is the variability419

associated with the two models, with the GAM showing significant variations across the420

cross-validation schemes. At the same time, the MLP outputs almost systematically overlap.421

4.4 Landslide susceptibility and intensity mapping422

Since its inception in the early 1970’ies (e.g., Brabb et al., 1972), susceptibility and hazard423

estimations required translating any assessment in map form. Despite the drastic changes424

in modeling options experienced since then, mapping is still the most important element425

to be addressed. For this reason, the new SZ-plugin release offers the option to translate426

the results of dynamic classification and regression results into maps. The way we thought427

of implementing this is for the SZ-plugin to access the model object where all regression428

coefficients (in case of a GAM choice) or all weights (in case of a MLP choice), and solve429

the predictive equation for any spatial object of interest. This offers the flexibility to map430

landslide susceptibility or log-landslide area predictions not only for the same data of the431

study site or time the given model has been trained with, but also to transfer the predictive432

function to other regions or times of interest. Moreover, this can be done for individual433

maps or by computing the summary statistics for multiple maps over time. Examples of434

such options can be found in Figure 6. There, we generated six susceptibility maps for435

the time interval between 2004 and 2018, three from the GAM and three from the MLP436

outputs. These correspond to the worst-case scenario over this period (the maximum of the437

annual probability per SU), the mean scenario, and the variability per mapping unit over438

the selected decade measured in a single standard deviation map.439

The equivalent option is also available for mapping summary statistics of the landslide440

intensity. The results are shown in Figure 7. There, it is important to stress why we have441

kept the landslide area on a logarithmic scale. Taking the exponential to bring back the442

landslide area into its linear expression would imply exacerbating the errors we noticed for the443

left and right tail of the distribution (equivalent to the underestimation and overestimation444

discussed for Fig.5). Therefore, we keep rendering the geographic prediction as is, something445
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Figure 6: Examples of summary statistics (maximum, mean and standard deviation) of
multiple susceptibility maps distributed between 2004 and 2018.
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that can be justified thanks to the characteristic of the logarithmic function. In fact, the446

logarithm transformation is monotonic, which means that any landslide area that is smaller447

than another on the linear scale will also be smaller when transformed. In light of these448

considerations, the maps we show highlight where one could expect larger failures compared449

to other locations, over the 14-year period under consideration.450

Figure 7: Examples of summary statistics (maximum, mean and standard deviation) of
multiple intensity maps distributed between 2004 and 2018.

However, one may not necessarily be interested in plotting aggregated predictions over451

long periods but rather for specific years or temporal units. Figure 8 showcases four examples452

where, irrespective of the architecture of choice (GAM or MLP) or the model of choice453

(classification or regression), it is possible to generate individual maps. Therefore, we have454

generated GAM-based and MLP-based susceptibility and intensity maps for Taiwan, but455
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simulating for the period between August 1 2016 and July 31 2017. This only required456

populating the SUs with the relevant predictor set.457

Figure 8: Simulations examples for a specific year (2016/2017) of interest involving suscep-
tibility and intensity generated via both GAM and MLP options.

Ultimately, the same plotting capability is possible for data outside the domain of interest,458

whether this involves a different study area or time. In this case, we used the knowledge459

acquired from 2004 to 2018 to predict susceptibility and intensity in 2019 by updating,460
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temporary, the dynamic covariates selected.461

Figure 9: graphical example of the SZ-plugin used for simulation purposes outside the tem-
poral domain (from the range 2004-2018 to 2019) the four models were originally built for.
The same can be done simulating in another geographic area.

5 Discussion462

More than fifty years of landslide data-driven modeling developments have led to two main463

outputs: i) one limited to static susceptibility analyses (Reichenbach et al., 2018) and ii) the464

other limited to rainfall thresholds (Segoni et al., 2018a).465
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However, current modeling capabilities offer much more than these two, mainly in the466

form of space-time models (Fang et al., 2024a). Moreover, almost the entirely of the data-467

driven literature has been confined to the estimation of occurrence probabilities, leaving468

aside how threatening landslides may be once triggered. These aspects belong to intensity469

data-driven efforts, also implementable as part of space-time models (Dahal et al., 2024b),470

and also in case of various natural phenomena (e.g., Millington, 2005; Barna et al., 2023).471

With these considerations in mind, we built the new version of the SZ-plugin, to offer anyone472

easy access to such modeling archetypes, specifically through the most common and open473

GIS platform.474

A key requirement of any plugin is its usability. In this sense, we have equipped our tool475

with a straightforward graphical interface (see Fig. 10).476

Figure 10: Screenshot of the plugin GUI, selecting the GAM mode as an example.

Whether a given user would focus on classification or regression tasks or whether this477

would be framed in a GAM or an MLP approach, all can be controlled in a few clicks. The478

interesting part to highlight here is that no input/output operations are needed, as all data479
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management requirements are taken care of by QGIS while modeling aspects are tasked480

to the Python script running in the background. The latter consideration is particularly481

relevant for stressing certain pros and cons of our plugin. For instance, as Python has482

essentially become the language of machine learning, the number of possibilities and future483

plugin releases is almost limitless. We certainly envision including tools belonging to deep484

learning that touch upon speech recognition (Fang et al., 2023; Nava et al., 2023) for time485

series analyses and even transformer neural networks (Dahal et al., 2024a; Lv et al., 2023)486

to potentially support large language models in the context of geospatial modeling (e.g.,487

Fulman et al., 2024).488

A limitation to consider is that the main efforts for the plugin development have been489

focused on two aspects. The first has been programming all space-time modeling modes and490

the cross-validation routines. The second focused on the interface. No efforts have been made491

to develop the native model architectures, which are called from already existing packages.492

This comes with the limitations specific to the package itself. For instance, the library493

behind the binomial and Gaussian GAM is pygam (Servén and Brummitt, 2018). This is494

one of the most powerful GAM inference tools among the available open implementations,495

but it does not have all the capabilities of the mgcv library (Wood, 2011) in R, from which496

it was inspired. For instance, mgcv allows for distributed calculation over multiple cores.497

Conversely, pygam only allows for serial computing.498

As mentioned before, aside from different deep learning architectures, a possible improve-499

ment we envision is to extend the likelihoods beyond the binomial and Gaussian case to offer500

probability distributions typical of extreme value theory (Davison and Huser, 2015; Yadav501

et al., 2023). This could enable the plugin to be used for handling weather data formats typ-502

ical of GIS platforms with ease, while also offering the ability to model extreme precipitation503

(Castro-Camilo and Huser, 2020) or temperature (Zhong et al., 2022) space-time patterns.504

For reference to the reader, in a WINDOWS machine with 128 GB RAM and a processor505

Intel i9-14900K the MLP option run for calibration in 1 hour and 25 minutes, while with506

GAM option 8 minutes.507

6 Conclusions508

The power of GIS mainly resides in its data management capabilities and its wide reach509

among millions of practitioners worldwide, whether they work on landslides or any other510

spatio-temporal geospatial application typically associated to digital soil mapping, land use511

and tree species detection, etc.. Conversely, the power of data-driven models resides in their512

ability to look through past data to produce numerical expectations of what may happen.513

This is why the current version of the SZ-plugin tried to further extend the bridge connect-514

ing the two respective communities. Specifically, we have focused on enabling space-time515

modeling in the context of classification and regression. These two constitute fundamental516

aspects of most data-driven models, which can now be easily implemented alongside a full517
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suite of cross-validation routines and performance metrics. We have further allowed the two518

modeling modes to be run according to GAM or MLP options to highlight interpretable and519

performance-oriented considerations.520

Future plugin releases will most likely be created to accommodate various likelihoods521

and spatiotemporal covariate effects that are still framed as part of GAMs. As for machine522

learning options, these will focus on allowing for different loss functions and extensions523

towards deep learning solutions.524

To maximize the reach of and the support to the plugin, the SZ-plugin is now published525

in the QGIS official plugin list (plugins.qgis.org/plugins/sz module), therefore it can be526

downloaded directly from QGIS. Moreover, the plugin is always accessible at the repository:527

github.com/SZtools/SZ-plugin, whereas its description and support can be found at the528

following website: sz-docs.readthedocs.io.529

Our vision for this tool is to make complex models just a click away, even from those530

who may not have a formal data science background. Most importantly, even for those who531

may have such training, we hope to offer a drastic speed-up, removing the need for any532

I/O operation, and a standardized way of performing data analytics, model assessment and533

simulations, all from within QGIS.534
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Fulman, N., Memduhoğlu, A. and Zipf, A. (2024) Distortions in judged spatial relations in613

large language models. The Professional Geographer pp. 1–9.614

Guzzetti, F., Carrara, A., Cardinali, M. and Reichenbach, P. (1999) Landslide hazard evalu-615

ation: A review of current techniques and their application in a multi-scale study, central616

italy. Geomorphology 31(1), 181–216.617

Hinton, G. E. (1989) Connectionist learning procedures. Artificial Intelligence 40, 185–234.618

Hodson, T. O. (2022) Root mean square error (rmse) or mean absolute error (mae): When619

to use them or not. Geoscientific Model Development Discussions 2022, 1–10.620

Hosmer, D. W. and Lemeshow, S. (2000) Applied Logistic Regression. Second edition. New621

York: Wiley.622

LeCun, Y., Bengio, Y. and Hinton, G. E. (2015) Deep learning. Nature 521, 436–444.623

Lee, C., Huang, C., Tsao, T., Wei, L., Huang, W., Cheng, C. and Chi, C. (2016) Combining624

rainfall parameter and landslide susceptibility to forecast shallow landslide in taiwan.625

Geotechnical Engineering Journal of the SEAGS & AGSSEA 47(2), 72–82.626

Loche, M. and Scaringi, G. (2023) Temperature and shear-rate effects in two pure clays:627

Possible implications for clay landslides. Results in Engineering 20, 101647.628

Loche, M., Scaringi, G., Yunus, A. P., Catani, F., Tanyaş, H., Frodella, W., Fan, X. and629
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