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Introduction and Background Data Evaluation and Result Analysis

Methodology

Landslides are unpredictable natural disasters caused by changes in slope Feature Data Processing Modelling Analysis & e Random Forest model was the best model for both binary and severity
stability. The main causes of landslides are rainfall, human activity, and erosion. Selection Evaluation classification with accuracies of 86.3% and 72.6%, respectively.

e Random Forest model forecasted 86.9% of landslides 5 days in advance.

e 18,000 deaths and 4.8 million people affected in past 2 decades Phase 1: Feature Selection e Landslide Detection Algorithm achieved 93.9% TPR & 12.1% FPR on the GLC
e $3.5 billion in annual damages in the U.S. @ — and discovered 1345 uncatalogued landslides in Nepal after a severe rainstorm.
“ /A\ ...................................................................
S B — _— 77/ Forecasting Landslide Day
DSB Campus N o N R R~ Lithology Climate Slope Forest Loss Road Presence . o .
xS e A first generation of models were created for predicting in how many days a landslide

is likely to occur (in a range from 6 to 9 days in the future or not at all). This is
something that LHASA does not provide. Our initial Random Forest model obtained a

Phase 2: Dataset Compilation
e NASA Global Landslide Catalog: catalog of ~11,000 landslides.

Global Landslide Catalo'

# of fatalities raw accuracy of 37.4% and an early forecasting score (EFS) of 64.4%.
. . . g
e Data was compiled fo.r each day 15 days be.fore to th.e Fiay of the landslide using: e RF Landslide Date Prediction Early Forecasting Score: Proportion of
C) WeatherStack: Climate data (precipitation, humidity, wind speed) * 6-25 lassificati h q bef
R, V7 ® 26-50 o 0066 0075 0078 013 classiilications that occurred on or beiore
. o ® 51-100 | S .
@ NASA’s SRTM Dataset: Elevation data (Shuttle Radar Topography Mission) ® 101- 5000 | . the actual day of the landslide.
[Courtesy of LHASA] © 0.2 0.14 0.17
. | | i CGlobal Forest Change: Forest loss data (year of forest IOSS). Landslide distribution visualization of the NASA Gl_obal Landslide_Catalog (above), and an elevation map and slope § Key:
A photograph of a landslide near the DSB college A photograph of a landslide destroying homes and other map for a mountainous area in northern India generated from SRTM data >~ 0.18 e No: No landslide
campus in Nainital, India. infrastructure in its path. Y I R I I I I I IR R IR IR = ) _ .
[Courtesy of ResearchGate.net] [Courtesy of ResearchGate.net] /A OpenStreetMap: Data on presence of roads and human infrastructure. = o it e 6-9: # of days until landslide
l, k . ' e Blue outline = correct prediction
Re ated Wor a GLIM Dataset: Data about the types of rocks present around the world i 80 . (contributes to EFS)
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Landslide forecasting is a surprisingly difficult task due to lack of an obvious Phase 3: Data Processin g
build-up and limited landslide-related data.

e Antecedent Rainfall Index (ARI) was calculated using precipitation over 7 days. 5000 Gl Evaluati Rand E t Predicti As Landslide Date N
The only global-scale system for landslide forecasting that uses easily e Slope calculated from elevation. Z?—o pW, ! valuating Random Forest Predictions As Landslide Date Nears
acquirable data is NASA’s LHASA (Landslide Hazard Assessment for Situational e Extensive map reprojection + smoothing required AR/ = _6 % Accuracy and True Positive Rate False Positive Rate
: Z s w == Accuracy == TPR 15.00%
Awareness). e 90th percentile for slope values was taken t=0 "'t 3000 000
14.00%
Phase 4: Modelling
4 — 90 Wind Speed N oo 88.00%
-9 (LSTM only) M d I 87.00% 12.00%
odels
—— i% AR/ >. g) Climate data p O I LI R R R RN R R R IO UE AT AT SRR CICUCRE 66.00% 11.00%
I 5-9 days before event KNN Detecting Unreported Rainfall-Induced Landslides using . .
_ Very Low G LI F Dataset é Humldlty \_ Y ° ° o ° ° 0 1 8 S 1 o | ¢ 1 2 2 4 8
"= Low. , - 7 \ HIStorlcal Satel‘llte SOI" MOISture a'nd Slope data # of Days in Future Landslide is Being Predicted # of Days in Future Landslide is Being Predicted
Moderate : : .
[ High . 20K landslide and < a Lithology SVC Key Principles: For each day from o to 5, a Random Forest model was trained to predict whether or not a
[ Very High L - ) | : o . . — : : Reflect in Red Band (655nm) indicates b h landslide would occur that many days into the future. When the number of days until the
A global landslide susceptibility map produced by NASA’s LHASA system non-landslide “ Forest Loss Random ° cliec an.ce 11 e Il nm)indicates bale eal e).(DO.Sure . . landslide decreased, the forecasting model’s False Positive Rate also decreased. From days 1 to
[Courtesy of LHASA] events. | Forest (RF) | e Changesin the SWIR bands 5 and 7 (860 and 2200 nm), indicate soil moisture change 4, accuracy and TPR decreased as the models had to predict the landslide further in advance.
T — /A Infrastructure Presence ) g e Small slope values are not likely to be landslides
LHASA uses a decision tree Rainfall Index ( LSTM e Apply smoothing kernel to convert granular predictions into continuous heatmap ConClu Sion
for generating landslide hazard & Fe L ) . .
“nowcasts”. The ARI is o | High = Before storm LANDSAT After storm LANDSAT Landslide Predictions In this project, the researchers created: . o
calculated using IMERG data | Phase 5: Ana lys is and Evaluation e The first comprehensive, open-sourced landslide dataset with incidents and
o Susceptibility . ’ . * * relevant features
and a global susceptibility map e Recall, precision, accuracy + ablation study . : : :
is generated. These are used - - e Susceptibility Score is derived from the Random Forest feature importances. It is a Get Relevant Bands Get Relevant Bands Binary Mask + BFS + e Higher pferformanc.e models. for lan(.ishde (.:late e.md risk forecasting
together to issue “nowcasts” of Step metric indicating landslide susceptibility independent of time, and thus, can be used and Mask Clouds and Mask Clouds Threshold Size e AlLandslide Detection Algorithm using soil moisture and slope data
L | | for pre-allocation of resources to susceptible areas. (See next slide for global map)
varying importance. o
ying imp No Nowoast | ng';;;z?rd _ * - | * | Our System LHASA
SAAECEM S MO (2)/// RF Importances Welghted Sum Susceptlblhty |terat|\/|e|ydBaCkf|” Iteratl\llelydBaCkfI“ Landslide Heatmap
LHASA’s decision tree framework ™~ Score clouds clouds True Positive Rates of 86.9%. True Positive Rates of 60%.
1-day 3-day 7-day FPR (%) [Courtesy of LHASA] Static @ > l / T
— L _& False Positive Rates of 14.3% False Positive Rates of 3%.
= 37 47 ! Features “ > . (‘ Compare Red Band Compare SWIR bands 5
24 35 40 1 However, LHASA suffers from problems. . (655nm) and 7 (860/2200nm) Uses satellite data to find unreported No such capability
10 14 18 02 ¢ TPR<50% /R\ j landslides with 93.9% TPR; 12.1% FPR
8 14 16 0.2 e Model latency : :
Forecasts landslides 5 days into the Provides “nowcasts”
, - isti Uses modeling methods from 1990s . :
LH?;Q ;;‘;%‘;f’;fﬁg fﬂg’; ;"e’i"(fe){gm’j;’ a ° g Data and Results future with 86.3% accuracy with 4-5 hour latency.
{Courtesy of LHASA] ® Binary Classification: Will it occur? Subset A: 5k landslide events & 5k non-landslide events from Validating Landslide Detection Algorithm (L.DA) on the GLC o | |
issue and generate their own action plans. This system is not intended for local planning or to inform ® Severity Class.iﬁcation: 0-3 . random locations afld times . LDA Confusion Matrix LDA ROC Curve Our system outperforms thiceéiigilg ilr;dliliglelilazard assessment models in
detailed infrastructure projects due to its geographic scope and spatial resolution. LHASA is also not o 0= nolandslide. 3 =largelandslide  Subset B: 5k landslide & 5k non-landslide events from known 1.0 P R———— y Y-
. . . ; i i i o P §#° . . : o1
meant to be used as a warning or forecasting system. This is due to the model latency (4-5 h from Accuracy Binary Severity landslide locations but at different times 0 - - j //, Landslides are a deadly disaster that affect the lives of millions of people and
Accuracy Binary Severity EFS = © P cause billions in damage annually. An early forecasting system that is more
E n gi nee ri n g G o) al KNN 71.9% 62.3% ] o o o § % 0.6 1 //’ accurate and clairvoyant than existing systems can provide days in advance to
o o Entire GLIF (RF) 86.3% 72.6% 64.4% [ Fa prepare and evacuate, saving lives and livelihoods.
SVvC 72.7% 62.6% No Yes i—) 0.4 - //
Engineering Goal: Subset A (RF) 90.4% 71.8% 69.0% Predicted 2 g
. . . . RF 86.3% 72.6% 0.2 - 7
’ . . TPR: 93.9% ' #”
This reseal.*ch s goal is .to create GLAS..A Global Lanc.lslu.:le Analytics System for: Subset B (RF) 87.5% 67.5% 58.3% iy 12.1%? 5 S ————
e Landslide forecasting (what’s the risk of a landslide in the next 5 days?) LSTM 64.2% 55.8% 0.0 0’ - — — = »
e Landslide severity analysis — P e Southern Nepal (27.48246 °N. 85.49445 °E) after April 2015 Nepal Storm ' “ False Positive Rate ' In the future we’d like to incorporate more data sources and combine them in
e Terrain susceptibility analysis e OniiSion Ml Variation in Size of Detected Landslide insightful ways. Some of the topics for future work include:
o o 0015 e The LDA detected 1436 e Append data points from LDA to GLIF '
Contributions: o2 ¥ oo, rainfall-induced landslidesin e Additional Features
e First ever publicly available dataset of landslide incidents + relevant features E . - Nepal due to the April 2015 o Faultlines
(location/time, weather, and terrain data) ” ' B § 0-008 1 storm o Combined feature from Lithology + ARI
o) . .
e More accurate, lower-latency landslide forecasting system > g % o 1345 landslides were not e Deploy landslide web dashboard
: : o eqs : 0.004 - .. :
e Data-driven terrain susceptibility mapping approach No Yes cataloged in any existing ° Compul‘;Tr VISIC?I; i Sateilllte Imagles
.. : : : : : ' 0.002 1 - Ensemble modeling techniques (lower FPR
e Empirically proven algorithm for finding rainfall-induced landslides IFIGHIElEd ] landslide database ° & ques ( )
| _ Recall: 86.9% 000075 100 200 300 400 500 Landslide Detection using Cocmp‘fer V[S[/(\)/Q\ grAf”g S?Ife(’)’ge "ma;gef Vo R N T T
b Precision: 85.9% LDA Landslide confidence heatmap Binary mask of heatmap Size (in 100 square meters oy oA Ra Shsenaten] S
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Part of Dataset

id date lat lon fatalities

country injuries : precip0 tempO air0 humidity0  windO landslide forest ARI1 ARIO slope osm
1069 9/4/16 46.726906 13.787332 Austria 0 o ! 3.8 67 1019 96 6 1 1 0.24081206 2.62486829 22.012 433
< - . 1855 3/23/17 49.726406 -116.91183 Canada 0 0 : 0.1 33 1020 100 8 1 1 0.54643713 0.25723617 34.101 445
S t b 1 t S l t o 9 797  10/20/09 18.5347  -72.4097 Haiti 4 0 3.4 87 1013 96 13 1 1 4.71700196 3.62581061 25.38 672
uscep 1 1 l y Core One Oca lon — w f f 12967  12/31/09 4.42142905 -75.220709 Colombia 0 0 : 0 84 1017 96 11 1 1 0.31050131 0.17407389 29.537 681
13089 5/1/14  39.2902  -76.6651 United_State 0 0 0.4 77 1010 99 18 1 1 9.22206381 2.6665098 0 3909
9036  7/12/13 36.2629 -115.6158 United_State 0 0 | 0.2 84 1013 52 12 1 1 0.52317938 0.28614712 4.063 3930
W E RF ImportanCCS 7990 5/10/09 4.44059512 -75.243905 Colombia 0 0, 0.8 82 1015 82 11 1 1 0.72870658 0.7786029 30.007 4597
3954  10/25/10 15.5227 -85.265 Honduras 0 0 | 4.7 86 1012 100 8 1 1 3.67732159 4.09146546 12.026 4597
. 2288 3/29/14  42.3946 -122.2137 United_State 0 0, 2.1 47 1015 99 19 1 1 2.28104177 2.00814981 13.668 4611
9 e Statlc Features 13419 12/2/12 36.9933 -122.0206 United_State 0 0 | 9.5 60 1019 97 41 1 1 4.19111223 8.07512121 7.014 5236
5865 2/6/17 32.9134621 -107.77359 United_State 0 0 | 0 55 1016 52 32 1 1 0 0 0.853 5261
10892 9/15/16 20.8939 -156.6464 United_State 0 0 | 0.6 88 1016 77 25 1 1 1.69351435 1.01735069 0 5265
G 3 0 9 9 : 0 ; 11940 3/21/12  43.6609 -123.3327 United_State 0 0 | 7.7 37 1015 100 11 1 1 5.8608551 6.69390133 22.175 5290
— wlnfra lan'a _l_ wslope SlOpe _I_ wforest fOI‘CSt —|_ wllthO llthO 8746 8/1/13  44.4305 -118.1417 Un?ted_State 0 0 | 2.2 75 1014 74 16 1 1 0.33526948 1.53925477 11.203 5298
12993 4/17/14  43.4756 -110.7826 United_State 0 0 | 0 37 1022 98 10 1 1 0.437135 0.18141525 9.15 5423
8110 3/30/11  40.1625 -123.7874 United_State 0 0 | 0 65 1028 97 24 1 1 1.59220117 0.84505983 1.595 5453
3 81 2 30 2 O 4 1 85 7964 7/13/15 38.499  -80.7205 United_State 0 o | 3.6 84 1013 99 12 1 1 2.72345949 3.56428992 12.562 5463
w f — w l —_— wf t — wl th 5 ™ 7% 12732 3/4/15 37.336  -83.1295 Un!ted_State 0 o | 3.4 52 1019 99 13 1 1 0.49019915 2.48276968 21.632 5472
1nira , S Ope y, Orecs , 1 3365 3/22/17 48.736721 -122.35906 United_State 0 o | 0.7 51 1016 92 17 1 1 0.17214387 0.51866912 23.914 5495
7 A\ 5092 12/9/15 45.88 -118.9662 United_State 0 o | 2.6 57 1012 79 43 1 1 2.18294704 2.50415515 22.002 5499
4140 2/28/14 456721  -121.877 United_State 0 0 : 0 46 1006 97 19 1 1 1.04431399 0.32729628 4.727 5588
6425 2/9/16 54.8366 -2.7812 United_Kingc 0 0 0.7 41 984 92 39 1 1 0.84299744 0.81607201 0 5603
10633 8/5/13  -41.1212  146.1066 Australia 0 o ! 5.5 55 1007 93 42 1 1 2.32868108 4.67034097 0 5610
. . . e ese 4716 9/7/08 30.0075 31.2774 Egypt 31 46 : 0 103 1009 90 12 1 1 0 0 12.823 5865
Binary Classification ROC Curve Susceptibility Map Cropped to Southeast USA S e | | - R R | e
| - . e 7193 1/18/12 44.8746 -123.9314 United_State 0 0 : 12.5 50 1012 99 45 1 1 1.26321335 8.60157342 24.796 6208
' Sie 12958 1/27/12  4.4405951 -75.249405 Colombia 0 0 0.3 82 1015 84 4 1 1 0.90172491 0.5571938 29.888 6477
Receiver Operating Characteristic (ROC) Curve 9009  11/20/12  42.9171 -124.1018 United State 0 0 : 14.2 53 1008 99 24 1 1 14.6064212 13.3673329 21.375 6480
1.0 - 3533 5/11/16 6.8586 37.7542 Ethiopia 42 0, 0.1 84 1020 92 4 1 1 0.21856713 0.19425006 12.46 6610
12356 12/26/13  46.0539 9.4192 Italy 0 0 | 6.4 42 1004 99 19 1 1 11.4344382 7.28637848 29.621 6886
1056 2/21/17 35.4625036 -120.67602 United_State 0 0 | 0 59 1025 97 33 1 1 2.9149452 0.98760317 0.763 7111
0.8 - 11715 5/9/18 50.075462 -119.41801 Canada 0 0 | 7.7 57 1015 94 5 1 1 0.16812221 5.1748201 15.177 7151
1290 4/6/10  -22.9153  -43.0715 Brazil 0 0 | 2.7 77 1013 98 13 1 1 2.36511038 2.47487635 15.648 7486
@ A = g pravas || SRS wrasaer D s = . - - RPN - oo 4 a O e anoa o | e P A
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Our Landslide Analytics Dashboard
&
y 0.4 -
=
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e P UG 09T GLAS: Global Landslide Analytics System
Rl K-Nearest Neighbors (AUC: 0.768)
- Support Vector Machine with RBF (AUC: 0.810)
0.0 - —— LSTM Neural Network (AUC: 0.747) Dashboard Advanced Querying Documentation Get Raw Data 09 March 202
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Forecasts

Your location: 35.5° N, 82.6° W

Landslide in next S days: Yes
Confidence: 82%

Likelihood

17%

23%

31%
48%

S7%

65%

Warnings Ranked By Filter

Warning ID

#2458

#3530

#4540

#9498

#5004

Estimated Severity

Latitude/Longitude

Warnings Issued (# of Cities)

Date Range:

Location

Oct - Nov 2019 5

Region:

r

L

Estimated Date

35.5324 N, 82.64352 W

39.8367 N, 105.0372 W

32.5962 N, 96.8626 W

37.3382 N, 121.8863 W

46.8202 N, 113.3351 W

Asheville, NC

Westminster, Kentucky

Desoto, Oklahoma

San Jose, South Dakota

San Jose, Montana

+ 11,463 more

02/25/21

02/19/21

02/21/21

02/24/21

02/23/21

Southeast USA

See All Warnings

Population

91,560

124,234

42,242

492,423

934,242
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Landslides result in billions of dollars of damage annually in the U.S. and affected 4.8 B T SN R

million people over 2 decades. Landslide detection is a critical task for the protection of List all comgonents of the curre.nt project that m?ke it n.ew and different from previous research. The information must be on the form;
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inefficient in predicting landslide occurrences, in terms of accuracy, latency, or Components Current Research Project Previous Research Project Year: 2020-2021
appllcablllty NASA’'s LHASA system has a 4-5 hour latency for landslide prediction with 1. Title Applying Mathematical Modeling to Geophysical & GLAS: A Global Landslide Analytics System
an 8-60% Probability of Detection (POD) and uses a 5-feature, static susceptibility map Metereological Data for Landslide Analytics & Forecasting
along with precipitation data. Other research papers collected specific data for limited
regions. We propose GLAS, a Global Landslide Analytics System featuring higher-
performance, scalable landslide forecasting models along with the first publicly
available dataset of landslide events and features. Landslide incidence reports for GLAS 2. Changeiin _ S
were collected from the Global Landslide Catalog- For each Iandslide, indicative features goal/purpose/ e Explore more landslide indicators, additional data e Create an initial dataset of global landslide indicators
of landslides were collected over a 15-day period: elevation, climate, forest loss, and objective sources, and perform landslide date forecasting e  Train an initial iteration of forecasting models for binary anc
street presence data. These features were compiled into a first-of-its-kind, public global s e i b i
dataset for landslide and non-landslide events. KNN, SVC, and Random Forest e  Parse through historical satellite data to find
algorithms and an LSTM neural network were trained on the dataset to forecast whether unreported landsides to use as additional training data
there would be a landslide 5 days in advance, yielding an accuracy of 86.3% and a ki msisasns
detection rate of 86.9% on the test set. These results exceeded LHASA’s POD of 60%, 3. Changes in Model robustness was demonstrated by analyzing the dataset in |Data on landslide indicators was collected with Python scripts for
thus providing people days to prepare and evacuate. We are currently reﬁning and methodology two sub.sets: one cont'aini.ng random non-lands'lide instances, the Ian'ds'lide and non-landslide events. Landslide forecasting was done by
. h tical del for findi rted | dslid b : historical other with non-landslide instances from landslide areas training SVC, KNN, Random Forest, and LSTM models.
testln.g a. mathema ICa. mo € or Inaing .ur.\repo €d lanasliaes by parsmg IStorica (different times). Hyperparameter optimization was improved. A
satellite imagery, providing additional training data for our forecasting models. landslide analytics dashboard was created
4. Variables studied |A Lithology feature was added to the dataset. The focus is on Elevation, infrastructure presence, forest loss, precipitation, humidity,
precipitation and slope data and improving the performance of |wind speed, air pressure, temperature data was collected and compiled
the forecasting models through additional training data found by |into the dataset.
parsing through historical satellite data to find past unreported
1. As a part of this research project, the student directly handled, manipulated, or landslides.
interacted with (check ALL that apply):
human Participants potentially hazardous biological agents
vertebrate animals C microorganisms D rDNA C tissue 5. Additional The dataset consists of more accurate climate data. NA
: . : %o . : changes
2. |/we worked or used equipment in a regulated research institution or industrial . The model for forecasting the landslide date was improved.
setting:
C @ A mathematical algorithm was developed based on historical soil
Yes No moisture and slope data to find unreported landslides to append
to our dataset.
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