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A remarkable opportunlty to better understand the somal and
economic drivers on rangeland change because it presents a
nomogenaity of culture and ecolo(high elevation grasslands
sharing the distinctive Altai biota) crcccied by o siriking
geopolitical differences
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Changes after the 1991 USSR Collapse:
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~ Examine langtover change consequences of the
collapse of topdown government approaches to
managing grazing resources of mountain regions.

Photo creditsJames Gibbs, SUNKYSF



Q1: How accurately deatellite datacapture vegetation cover
In grasslands?




Ground Validation of NDMegetation Relationship
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% Vegetation cover vs NDVI
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Both Aqua and Terra Vls fblay were
highly predictive of July vegetation cover Predict

(R = 0.80b 0.84)

Paltsyn, M.Y., Gibbs, JIBgorova L.V. and Mountrakis, G., 20Estimation and Prediction of Grassland Cover in
Western Mongolia Using MODI®rived Vegetation IndiceRangeland ecology & management0(6), pp.723729.
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We cannow:.

A Estimatecurrentvegetationon groundusingsatellitedata
A Map rangelandconditionsefficiently acrossentire region
A Predictconditions1-2 monthsahead




Q2: Do promising new RS classification methods (Deep
Learners) offer substantial advantages?



Deep Learners have demonstrated significant advances in
multiple fields. What is their added value for RS tasks?

Meta-analysis of 92 studies that offer direct
comparisons of DeeNNetsvs SVMs



Meta-analysis of 92 studiesDeepNNetsvs SVMs
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Meta-analysis of 92 studiesDeepNNetsvs SVMs
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ConvolutionalNeuralNetwork (CNN) DeepBeliefNetwork (DBN) StackedAutoEncode(SAE)



Meta-analysis of 92 studiesDeepNNetsvs SVMs
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Meta-analysis of 92 studiesDeepNNetsvs SVMs
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Effect of Spatial Resolution: Benefits slightly higher for smaller pixe



Meta-analysis of 92 studiesDeepNNetsvs SVMs

100 -
o ©= o8 tf)“
O
o5 | o @™
® AN
©
© @nm

90 - @ nm o =
3 e . ®
B X
& 85 -
=
® @
=
S 80 ® ®
=
S
1
= 75
= .
Z ® * A: < 10K (3)
= m B: 10K - 100K (23)

70 7 C: 100K - 1M (16)

% D: 1M -10M (11)
65 ¢ E: 10M - 100M (10)
F: > 100M (9)
O SVM with non-spectral features
60 T T T T T T T 1
60 65 70 75 80 85 90 95 100

SVM classification accuracy (%)

Effect of Network Complexity: No need to overcomplicate thing:



Meta-analysis of 92 studiesDeepNNetsvs SVMs

DNN classification accuracy (%)
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Effect of Spectral Resolution: Limited



Meta-analysis of 92 studiesDeepNNetsvs SVMs

DNN classification accuracy (%)
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Meta-analysis of 92 studiesDeepNNetsvs SVMs

Deep learners are promising for VHR data

In House >3M reference samples

Collaborations
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Moving from Pixels to People

Q3: Can we link Traditional Ecological Knowledge to
satellite-derived vegetation indices?



TEK In relation to NDVI




Q4: Can a socioecological model explain vegetation trends~



Interacting effects of socio -political and environmental
factors on rangeland dynamics in the Altai Mountains in
Central Asia
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Herders Survey
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Analysis Ongoing Early Results



Perceived pasture quality
summer
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Perceived impact of management on livelihood
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Moving from Pixels to People

Q5: Can we generate a timely, poh®fevant rangeland
dynamics monitoring tool?
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Created by Bradley Cosentino and James Gibbs
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Productivity

Altai Vital Signs: Productivity (NDVI, EVI)

Biweekly NDVI & EVI relative to historical observations.

Choose a productivity metric
@ NDVI
OEVI

Choose a monitoring unit

4. Katon-Karagayskiy / Katon-Kaparaickui -

NDVI & EVI are measured on a scale from 0 to 1. Values closer
to 1 indicate dense vegetation.

Data source: MODIS/Terra Vegetation Indices, MOD13A1 v6

NDVI

2019 NDVI time series: u4
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Land Surface Temperature

Altai Vital Signs: Land surface temperature (LST)

2019 LST time series: ut

Biweekly land surface temperature relative to historical
observations. 2019 LST —

Historical mean LST ==
95% of historical observations ~ ------
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Data source: MODIS/Terra Land Surface Temperature, MOD11A1
v6
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