
.OOOO~l'i 
.'.,·;_ 

Assessment of land degradation:a casestudy in Kenya using NASA GIMMS 
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Abstract 

Biomass is an integrated measure of productivity; its deviance from the norm may indicate land 
degradation or improvement. Biomass can be assessed by the normalized difference vegetation index 
(NDVI) derived from satellite data. Non11S may be established according to climate, soils and tenain and 
land use; deviance may be calculated regionally and combined globally to allow universal comparisons. 

As pati of a Global Assessment of Land Degradation and Improvement, spatial patterns and temporal 
trends of green biomass across Kenya were analysed using 23 years of fortnightly NOAA-AVHRR NDVl 
data and decadal precipitation. ArcGIS algorithms were used to calculate various biomass indicators; 
temporal trends were determined by regression at annual intervals and mapped to depict spatial changes. 
In Kenya over the period of 1981-2003, biomass increased over about 78% of the land area and decreased 
over 21 % - but the decrease has been across the most productive areas, the high-rainfall zones. A declining 
trend of biomass is strongly correlated with the cropped area and, in particular, the extension of cropping 
into marginal lands. To assess whether this trend represents land degradation or declining rainfall, we 
calculated rain-use efficiency, the ratio between green biomass (NDVI) and rainfall, which may be amore 
robust indicator of land degradation. The trends are similar but rain-use efficiency shows sharpest decline 
in two areas: the drylands around Lake Turkana and the whole of Kitui District in Eastern Province. 

1. lntroduction 

Land degradation is believed to be a severe and widespread problem (UNCED 1992, UNEP 2006) 
but there is no authoritative, global measure. The only harmonized assessment, the Global 
Assessment of Human-induced Soil Degradation (Oldeman et al. 1991) is a map ofperceptions -
the kinds and degree of degradation - not a measure of degradation and now out-of-date; land 
degradation and perceptions have moved on. There is pressing need for an up-to-date, 
quantitative, reproducible assessment to support policy development for food and water security, 
environmental integrity, and economie development. This is now under way within the 
FAO/UNEP program Land Degradation in Drylands to identify: 1) the status and trends of land 
degradation, 2) hotspots suffering extreme constraints or at severe risk and their counterpoint -
areas where degradation has been arrested or reversed. 

Biomass is an integrated measure of biologica! productivity. lts deviance from the local norm 
may be taken as a measure of land degradation or improvement. Global satellite data, in 
particular the nomrnlized difference vegetation index (NDVI - the difference between reflected 
near-infrared and visible wavebands divided by the sum of these two wavebands), enable 
measurement of changes in biomass. NDVI has a strong linear relationship with the fraction of 
photosynthetically active radiation absorbed by the plant (Asrar et al. 1984, Sellers et al. 1997); 
many studies have shown strong correlation between NDVI and vegetation cover (e.g. Purevdoj 
et al. 1998) and above-ground net primary productivity (Paruelo et al. 1997). It has been applied in 
studies of to land degradation from the field scale (1: 10 000) to the degree of generalization 
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required for national action or international policy development (1: 1 million to 1 :5 million) e.g. 
Tucker et al. 1991, Bastin et al. 1995, Stoms and Hargrove 2000, Wessels et al. 2004, Singh et al. 
2006). Local norms may be established by stratifying the land area according to climate, soils and 
terrain, and land use/vegetation; deviance may then be calculated. 

Here we present several NDVI indicators and analyse trends over a 23-year period (1981-2003) 
using the GIMMS dataset with information on climate and land use from Kenya (Fig. 1). More 
than 80 percent of Kenya is dryland. The pressure of burgeoning population without investment 
in soil and water conservation threatens irreversible land degradation; loss of rural livelihoods; 
and water supplies to urban areas, hydro-power and irrigation schemes. 

Kenya, dominant land use 
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Fig. 1: Kenya, dominant land use types (FAO 2005) 

2. Data and analysis 

The Global Inventory Modelling and Mapping Studies (GIMMS) data set comprises very high 
resolution radiometer (AVHRR) data collected by National Oceanic and Atmospheric 
Administration (NOAA) satellites. The fortnightly images of 8km spatial resolution are corrected 
for calibration, view geometry, volcanic aerosols, and other effects not related to actual 
vegetation change (Tucker et al. 2004). The accuracy of GIMMS is proven to be suitable for a 
global assessment and it is compatible with MODIS and SPOT data (Brown et al. 2006). 

We used GIMMS data from July 1981 to December 2003, along with decadal rainfall from the 
CRU TS 2.1 dataset (Mitchell 2004) and information on land cover from air photo interpretation 
(Fig. l, FAO 2005). ArcGIS Spatial Analyst and ERDAS IMAGINE modules were used to 
calculate biomass indicators: NDVI minimum, maximum, maximum-minimum, mean, sum, and 
coefficient of variation (CoV). The fortnightly NDVI data were averaged to monthly; annual 
NDVI indicators were derived for each pixel; their temporal trends were detennined by linear 
regression (significance level = 0.05) and mapped to depict spatial changes. A negative slope of 
linear regression indicates a decline of green biomass and positive, an increase ~ except for Co V 
which indicates trends in variability. 
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3. Results 

3.1 NDV!indicators 

The values of the NDVI indicators are summarised in Table 1. Temporal trends for each pixel, 
detennined by the slope of the linear regression equation, are classed as no change (slope 
<0.0001 and >-0.0001), increase (positive slope 2:0.0001), and decrease (negative slope 
:s;-0.0001). 

Table 1: Statistics ofNDVI indicators 

NOV! indicators NOVI values No change Increase Oecrease 

mimmum maximum mean No.(%) No.(%) No.(%) 

Minimum 0 0.782 0.213 530 (6) 5402 (60) 3164(35) 

Maximum 0.002 0.997 0.497 231 (3) 7126 (78) 1739(19) 

Max-min 0.0001 0.667 0.298 206 (2) 6977 (77) 1913 (21) 

Mean 0.001 0.846 0.329 410 (5) 6462 (71) 2224 (25) 

Sum 0.013 10.154 3.946 33 (0.4) 7123 (78) 1940 (21) 

NOV! CoV 0 0.366 0.301 13 (0.1) 19 (0.2) 9064 (99.7) 

Minimum NDVI: The lowest value that occurs in any one year (annual) - which is almost 
invariably at the end of the hot dry season. Variation in minimum NDVI may serve as a baseline 
for other parameters. 

Maximum, NDVI: Represents the maximum green biomass. The large spatial variations reflect the 
diverse landscape and climate. 

Maximum-nzinimum ND VI: The difference between annual maximum and mm1mum NDVI 
reflects biomass production for areas withjust one growing season but may not be appropriate for 
areas with bimodal rainfall. 

Sum or integrated ND VI: The sum of fortnightly NDVI values for the year most nearly integrates 
biomass production. The trend over 23 years increased over 78% of the country but decreased 
over 21 %, largely in the better watered areas (Fig. 2 a, b ). For the country as a whole, the 23-
year trend was upwards (Fig. 3 ). 

Coefficient of variation (CoV): CoV can be used to compare the amount of variation in different 
sets of sample data. Co V images were generated by computing for each pixel the standard 
deviation (STD) of the set of individual NDVI values and dividing this by the mean (M) of these 
values. This represents the dispersion of NDVI values relative to the mean value over. A positive 
change in the value of a pixel-level Co V over time relates to increased dispersion of values, not 
increases NDVI; similarly, a negative CoV dispersion ~ which is the case over nearly the whole 
country - means decreasing dispersion of NDVI around mean values, not decreasing NDVI. 
The trends in Co V may reflect land cover change. 
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3.2 Spatial patterns, biomass and rainfall 

Kenya, average annual sum NDVI 1981-2003 
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Kenya, trend of annual sum NDVI 1981-2003 
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Fig. 2: Spatial pattern (a) and tempora! trend (b) ofbiomass 1981-2003 
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Fig. 3: Spatial integrated annual NDV[ 1981-2003 

In Kenya, there is a strong coincidence between declining biomass and cropland (Fig. 1 ), 
especially, with the expansion of erop land into dryer, marginal areas. 

But production depends on rain as we11 as soil. Mean biomass (Fig. 2a) essentia1ly reflects the 
mean annual rainfall (Fig.4a) which has fluctuated significantly, both spatially (Fig.4b) and 
cyclically over the period (Fig. 5). Rainfall increased over about 80% of the country and 
decreased over 20% (Fig. 4b ); over Kenya as a whole, rainfall increased over the period (Fig. 5). 

The overall trend of rainfall is up, so is the overa11 trend of biomass, although the correlation for 
Kenya as a whole is weak (Fig. 6). 
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Kenya, average annual rainfall 1980-2002 Kenya, trend of annual rainfall 1980-2002 
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Fig. 4: Spatial pattern (a) and tempora! trend (b) of annual rainfall 1980-2002 
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Fig. 5: Spatially integrated annual rainfall 1980-2002 
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Fig. 6: Relationship between annual sum NDVI (all pixels) and annual rainfall (all pixels). Each dot represents one year. 
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3.3 Spatial patterns rain-use efficiency 

A reduction in biomass does not necessarily mean land degradation. Biomass fluctuates 
according to variation in rainfall, phenology, and changes in land use - which may or may not be 
related to the land degradation. Rain-use efficiency (RUE), the ratio of net primary productivity 
to rainfall, overcomes this problem by expressing production per drop of rain. Although RUE is 
systematically lower in ecosystems subject to drought stress, it is also lower in degraded drylands 
than in equivalent non-degraded areas (Le Houerou 1984) - so deviation from the normal value of 
RUE may indicate land degradation or improvement. 

In an earlier study in NW China (Bai et al. 2005), we found that values for rain-use efficiency 
calculated from NDVI, which values are easy to obtain, were comparable to those calculated 
from net primary productivity, which are not easy to obtain. For this study, we calculated rain-use 
efficiency as the ratio between annual integrated NDVI and annual rainfall - Fig. 7a and b. 

Kenya, average rain-use efficiency 1981-2002 Kenya, trend of rain-use efficiency 1981-2002 
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Fig. 7: Spatial pattern (a) and tempora! trend (b) ofrain-use efficiency derived from integrated NDVI 

Rain-use efficiency picks out two land degradation hotspots: the drylands around Lake Turkana 
and the sub-humid cropland of Eastern Province from Meru south to Machakos, including the the 
whole of Kitui District. In the drylands, production has declined from a low base; the hotspot in 
the eastern croplands represents dec line in an area of much higher potential. 

In sum: remote sensing of biomass indicators can identify hotspots of land degradation. 
Interpretation is not straightforward and the various NDVI patterns should be followed up to 
establish the actual conditions on the ground. 
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