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Introduction Results & Discussion

The effects of emerging environmental problems associated with climate change and human-induced land cover change often directly impede| |1) Integrative approach for mapping human-induced vegetation productivity decline in eastern Africa

livelihoods of the rural populace in Africa. Erratic rainfalls, flooding, forest cover loss, and land degradation are causing unstable agricultural yields| |Figure 6a below shows the final vegetation productivity map for eastern Africa between 2001 and 2012. Figure 6b shows the Mau Forest area in
and incomes. Earth Observation (EO) has the potential to monitor landscape dynamics in relation to climate or human-induced environmental ef-| [Kenya specifically, where mostly deforestation was found to the enabling factor for vegetation productivity decline. As negative rainfall trends
fects. Moreover, EO can provide seamless and integrative, that is multi-data and multi-scale, geo- spatial monitoring solutions that are of particu-| |were masked out the productivity declines can be largely attributed to human activity. This was further confirmed by the very high resolution

lar use within data scarce environments (Figure 1). imagery (VHR) in Google Earth (GE).
Figure 6¢ shows how the vegetation productivity map can be used to map deforestation, selective logging as well as afforestation for the

Figure 1: Integrative Earth Observation Kakamega forest area in Kenya. County Governments can use the map to control deforestation and instigate interventions.
h Figure 1 (left) : We define Earth Observation (EO) as an integrative, dynamic and bi-directional concept .
RemOte . . . . . . Ll Ll Ll L] .o o L)
sensing Herein several data sets or information levels can be used in an integrative way to create products. Users Figure 6: Final vegetation productivity decline map over eastern Africa (2001-2012)
can access EO-based products through a web-portal (or interface) or various data sets can be directly ac-
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Figure 7 (right) shows how areas of human-induced change were extracted

from the VHR reference data in GE. Only clearly discernible land transformation

1) A multi-sensor approach to map human-induced vegetation productivity decline over eastern Africa

In the first example a vegetation productivity decline map is produced for a study region in eastern Africa using time-series of 250-meter MODIS| |Processes (change) in the bi-temporal GE VHR imagery were considered for the

NDVI (Normalized Differential Vegetation Index) imagery (from 2001 to 2012). The vegetation productivity map is related to very high resolution| |cross-referencing. The respective MODIS pixel was overlaid on the VHR

(VHR) imagery in Google Earth to confirm if the vegetation productivity is indeed caused by human-induced land transformation processes such as| |imagery (white box in Figure 7). We attained an overall accuracy of 87% for

deforestation or conversions of near-to-natural savanna to croplands. Linear (per pixel) trends were computed from the annual NDVI and Rainfall| |[Wetland conversion, and 80 % for ‘savanna to bare soil’ land changes.

(RF) means. The RF trends were derived from passive radar TRMM (Tropical Rainfall Measuring Mission) time-series satellite data sets (from 1998| |Deforestation was mapped with an overall accuracy of 78% when using the GE

to current). Rain Use Efficiencies (RUE) were furthermore computed for each pixel to map areas of particular ‘severe’ productivity decline. RUE is| |iMmagery as reference data to cross-verify the MODIS productivity decline map.
defined as the ratio between vegetation productivity (NDVI) and rainfall (from TRMM).
The MODIS-based productivity data could be effectively linked to land transformation processes (i.e. “Deforestation”) using the bi-temporal VHR

imagery. Negative trends from the TRMM rainfall observations, are used to mask areas where a decrease in rainfall can be considered the key
2) Integrative flower mapping results for a test site in Kenya

driver for negative vegetation productivity trends.
Figure 8 below shows the spectral unmixing result (abundance map) for the spectral endmembers (EM) flowering tree (in red), ‘green’ tree

Figure 2: Productivity mapping workflow (green) and bare soil (blue shades). The sub-pixel EM abundance mapping means that essentially the spectral information is downscaled to

produce a soft classification result.

(" Monthly TRMM metric | {16-day 250-meter modis NDVI | Figure 2 (left) shows the multi-data and multi-scale vegetation productivity
i-...,.._.*_(3..,§,ﬂ._3lg..!ll;§..%.99_,1:..%.9.1.%.__.,_,5 i-,....g_a,té,(M....Q.P,.,1,?).:,299,1:_2,9..1,,2,..,,,‘ mapping approach used over eastern Africa. The arrows are data linkages. The
@_pmcess® @_pmcess® checked box illustrates input data, square boxes are output products and ellip- Figure 8: Abundance map (downscaling result) for the endmembers ‘green’, flowering tree, and bare SO.I| |
J ses are processing steps. Areas of negative RF trends were excluded, masked, 388 30°E Figure 8, left, illustrates that the flower-
TRMM trends NDVI trends from the final map since we are only interested in mapping human-induced| | © 449" | ing intensity of trees and shrubs is

higher within riverside vegetation.

change.
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Figure 3: NDVI/RF trends illustration the distribution and abundance of flow-

Figure 3 (right) illustrates a negative linear NDVI trend for one selected pixel in the data set. The x-axis f(xX)=b x x+a
where f(x) is the mean annual NDVI/RF at year x
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Figure 9, right, shows the tree and flowering plant species that we mapped in the field
using Smartphone geo-tagging. The smartphone based field data, collected simultaneously

2) Multi-data approach to map the spatial & temporal distribution of flowering plants to the two AISA hyerspectral acquisitions, serves as a validation source but the data can

In the second example a workflow is devised to map the distribution and abundance as well as floral cycle of melliferous (flowering) plants in semi | [2IS0 be used to develop a site specific floral calendar.

-arid Africa. Airborne AISA hyperspectral data (440nm to 990nm), smartphone geo-tagging of flowering plants in the field and spectral mixture

modeling as well as scaling is used in an integrative way. A 100km? area in north-eastern Kenya (Mwingi) is chosen as an experimental study site. We found an overall accuracy of 98% for hyperspectral mapping of riverside flowering Acacia tortilis. Lower accuracies were found for mapping

other flowering species, but in general all overall accuracies were above 55% for all species. The same EM as used in the downscaling were fitted
(upscaled) to simulate a 2-meter World View-2 multi-spectral (MS) image (Figure 10) .

Figure 4: Integrative flower and the floral cycle mapping workflow
The data sets and integration techniques are presented in Figure 4 (left).

o _ R, caling AISA Eagle (HS) (0.60-m) to World View-2 (MS) (2-m)
Air- & Space- v Two aircraft mounted hyperspectral campaigns ({eRINEIEEEEE R RER Of & DA 951 Figure 10, left (right image), shows the upscaling result. Green shades show ‘green’
P % the flowering season) and in January 2014 (beginning of the flowering .

borne remote .. non-flowering vegetation and ‘yellow’ pixels are flowering plants. A
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season) were conducted respectively. Spectral IEEEIENNEEEINEREE spectral weighting function was used to upscale the EM from the AISA Hyperspectral

was performed by extraction spectral “pure” enciiE RN ELUIERERESE (HS) to fit the World-View 2 spectral and geometric configurations.

ing tree and shrub species from the AISA imagery. The spectral EM are

spectral Y The World-View 2 satellite system has a high temporal resolution, making regular
scaling & shown in the bottom right in Figure 4. A linealgeinEs e E IR S and wide area monitoring of flowering vegetation essentially possible.
\data fusion GIS/ applied to map abundances of flowering plants. The more than 100 flow-
in situ ‘ Modeling ering reference plants from the field geo-tagging exercise were used in as-
" sessing the accuracy of the final result (i.e. flower map). .
| R Conclusions
- Ea 1. Up-to-date and wide-area land productivity decline and deforestation maps can be seamlessly and accurately derived from time-
i T series satellite data and used by decision makers and resource managers to identify areas of concern and instigate land rehabilita-
tion measures
Figure 5: Up— and down-scaling options 2. Flowering maps offer an important insight into where bee keeping would be most optimal and, if a relationship can be established
. . : n honey flow and the availability of flowering plants in the lan , flower maps can be utilized to support conservations in-
Figure 5 (right) shows how spectral EMs can be up— or down-scaled for physical and repeat- Multi - betvxfee R R b ity of floweriggiRlants in the landscape, flowe P PP
N , : o , > spectral centives
able monitoring of the floral cycle using for instance satellite imagery. In the up-scaling part Uata
(top right in Figure 5), the spectral EM for ‘green’ tree, flowering tree and bare soil are “fitted” 3. Combination of data sets, models and time-observations increases the effectiveness & robustness of integrative monitoring
Green Tree  Flowering tree
to simulate a multi-spectral image. In this study we re-sampled the AISA EM to the specifica- SARRAASassae s | Usion function: 4. Smart data integration techniques are paramount in seamless monitoring of emerging environmental issues in Africa

Convolve HS filter

tions of a multi-spectral 2-meter resolution Worldview-2 image. In the down-scaling part Hyperspectral functions to MS

data . To offset data scarcity in Africa

(bottom left) the same EM are used in the AISA 0.6-meter imagery for sub-pixel abundance

mapping (downscaling) of the same features. [ . Smartphone crowd-sourcing can be utilized to increase effectiveness & accuracy of EO monitoring routines; mobile phones in

Africa will increase 20-fold in the next five years - double the rate of growth as in the rest of the world
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sub-pixel abundances . Global Change in Africa often a function of small scale human and/or climate as well as abrupt, vs. gradual (subtle) change
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