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Remote sensing techniques can assist 
in monitoring agricultural expansion 
over long periods, as they provide an 
objective, repetitive, and consistent per-
spective across large areas. As such, time 
series of satellite images (for instance 
the Landsat mission that started in 1984) 
may contribute detailed information on 
land use, land cover, and corresponding 
changes and help to evaluate the impacts 
of human-driven processes on the envi-
ronment (DeFries et al., 2004; Wulder 

income (Pröpper et al., 2015). In these 
subsistence-farming systems, most farm-
ers use little or no inputs of fertilizers or 
organic material, and crop yields strongly 
depend on the amounts of soil organic 
matter and soil nutrients. Farmers imple-
ment fallow periods when crop yields 
decline in order to restore soil fertility. 
Agricultural expansion is another way 
how farmers deal with declining yields 
or increasing food demand (Jayne et al., 
2014; Stephenne & Lambin, 2001).

Abstract: In southern African drylands, an important driver of deforestation is the ongoing conversion of woodland to 
smallholder agriculture. Our study in NE Namibia and SW Zambia evaluated the potential of operational earth observation 
satellites to characterize land-use change processes and quantifi ed their impact on soil organic carbon (SOC) and nutrient 
concentrations. We found that the area under agricultural use increased by 24% from 2002 to 2013, mainly at the expense 
of natural vegetation (i.e., woodland). This conversion caused a decline in SOC and total N and tended to increase plant-
available P in the soils of old agricultural fi elds. The eff ects were most pronounced in NE Namibia, where the total SOC 
stocks were 19.6% (±18.4 SD) lower in agricultural land compared to woodland. Moreover, the losses in SOC and total N 
tended to result in a decline of predicted maize yields calculated with the QUEFTS model by ~15% when comparing soils 
of old agricultural fi elds and woodland. Overall, our results indicate that long-term continuation of low-input arable farming 
can reduce soil fertility.

Resumo: Nas terras áridas da África Austral, a conversão contínua de fl oresta para agricultura de subsistência é um factor 
importante de desfl orestação. O nosso estudo no Nordeste da Namíbia e Sudoeste da Zâmbia avaliou o potencial dos saté-
lites operacionais de observação da Terra na caracterização dos processos de alteração do uso das terras e na quantifi cação 
dos seus impactos nas concentraçoes de nutrientes e de carbono orgânico no solo (SOC). Descobrimos que a área de uso 
agrícola aumentou em 24% entre 2002 e 2013, sobretudo à custa da vegetação natural (i.e. fl oresta). Esta conversão causou 
um declínio em SOC e N total, havendo uma tencência de aumento do P disponível para plantas nos solos de antigos cam-
pos agrícolas. Os efeitos foram mais pronunciados no Nordeste da Namíbia, onde as reservas de SOC totais eram 19,6% 
(±18.4 SD) mais baixas em terras agrícolas que em fl orestas. Além disso, as perdas de SOC e N total tenderam a resultar no 
declínio dos rendimentos previstos do milho calculados com o modelo QUEFTS em ~15%, quando comparados com solos 
de antigos campos agrícolas e fl orestas. No geral, os nossos resultados indicam que a continuação a longo prazo da agricul-
tura arável de subsistência pode reduzir a fertilidade do solo.

Deforestation for agricultural expansion in SW 
Zambia and NE Namibia and the impacts on 
soil fertility, soil organic carbon- and nutrient 
levels
Marleen de Blécourt1, Achim Röder2, Alexander Groengroeft1*, Stephan Baumann1, David Frantz2, Annette Eschen-
bach1

1 Institute of Soil Science, CEN Center for Earth System Research and Sustainability, Universität Hamburg, Allende-
   Platz 2, 20146 Hamburg, Germany

2 Department of Environmental Remote Sensing and Geoinformatics, Faculty of Regional and Environmental 
   Sciences, Trier University, Campus II, 54286 Trier

* Corresponding author: alexander.groengroeft@uni-hamburg.de

Introduction

Agricultural expansion is among the 
main drivers of deforestation in south-
ern Africa (Chomba et al., 2012; Kim et 
al., 2016). The demand for agricultural 
land is related to population growth in 
combination with diminishing soil nutri-
ent levels and low-input arable cropping 
(Chomba et al., 2012). The majority of 
the rural population depends on agricul-
ture for their food supplies and fi nancial 
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et al., 2012). However, remote sensing–
based analyses in the area at appropriate 
spatial resolutions are rare and partially 
outdated (e.g., Petit et al., 2001; Yang & 
Prince, 2000). The recent global analy-
sis by Hansen et al. (2013) partially fi lls 
this gap, but it remains confi ned to for-
est/non-forest classes and operates on a 
defi nition of forests (>25% cover of trees 
taller than 5m) that fails to pick up many 
southern African woodlands.

The clearing of woodland for low-
input arable cropping often leads to a 
decline in soil organic matter or soil 
organic carbon (SOC) and soil nutrient 
levels, as has been shown in pan-tropical 
reviews (Kleinman et al., 1995; Ribeiro 
Filho et al., 2015). The negative impacts 
on SOC levels were confi rmed by the 
few published studies from semi-arid 
regions in sub-Saharan Africa (Demes-
sie et al., 2013; Luther-Mosebach, 2017; 
Touré et al., 2013; Walker & Desanker, 
2004). To our knowledge, there are no 
published studies for this region on the 
impacts of this land-use conversion on 
soil nutrient levels. Soil organic matter 
is important for crop productivity, as 
it improves the soil’s cation exchange 
capacity, structure, and water-holding 
capacity. The negative impact of the 
woodland-to-agriculture conversion on 
soil organic matter and its primary com-
ponent, SOC, may be related to various 
processes including the reduced input of 
organic material, soil erosion, and the ac-
celerated decomposition of soil organic 
matter. The decline in soil nutrient levels 
is caused by loss in soil organic matter 
and by nutrient removal through crop 
harvesting (Kleinman et al., 1995). Ad-
ditionally, burning of the plant biomass 
for woodland clearing aff ects soil nutri-
ent levels. Although part of the nutrients 
in the plant biomass will be volatized, 
burning causes an input of nutrients to 
the soil from ash and fi re residues (Juo 
& Manu, 1996). The ash produced is 
strongly alkaline and increases soil pH 
(Ribeiro Filho et al., 2015), which in 
turn accelerates microbial activity and 
increases soil nutrient availability (Giar-
dina et al., 2000a). However, this eff ect 
may only be short term, as highly soluble 
nutrients such as K, Mg, and Ca may be 
lost by leaching (Juo & Manu, 1996). 

Understanding the long-term impacts 
of low-input arable farming on the levels 
of soil nutrients and soil organic matter is 
necessary as a basis to develop strategies 
that may improve the crop yield of sub-
sistence farmers. An approach that evalu-
ates the combined impacts of soil pH and 
the levels of SOC and the macronutrients 
N, P, and K on yield is provided by the 
model Quantitative Evaluation of Fertil-
ity of Tropical Soils (QUEFTS) (Janssen 
et al., 1990; Sattari et al., 2014). QUEFTS 
is developed for tropical soils and applies 
a combination of empirical and theoreti-
cal relationships to calculate grain yields 
from chemical soil data. The predicted 
yields may serve as an indicator for soil 
fertility, and here soil fertility is defi ned 
as the soil’s capacity to supply crops with 
N, P, and K (Janssen et al., 1990).

In this study, we focused on the con-
version from woodland to low-input ar-
able farming in the Zambezi region of 
NE Namibia and in the Sesheke District 
in SW Zambia. Our objectives were (1) 
to study the conversion from woodland 
to agriculture between 2002 and 2013 
through a spatially explicit analysis us-
ing Landsat imagery, (2) to quantify the 

conversion-induced changes in soil nutri-
ent concentrations and SOC concentra-
tions and stocks in agricultural fi elds with 
an age up to 26 years (including fallow 
periods), and (3) to evaluate the conver-
sion-induced changes in soil fertility by 
assessing the combined eff ects of soil pH, 
SOC, and soil nutrient concentrations on 
predicted crop yields.

Methods

Study areas
The study was conducted in the Kala-
hari Basin in the Zambezi region of NE 
Namibia and in the Sesheke District in 
SW Zambia. The land-use change detec-
tion analysis was done for a test area of 
~317,770 km2 (Fig. 1). The soil survey 
was conducted in two study areas within 
this test area; one was in NW Namibia 
located west of Katima Mulilo, and the 
other area was in Zambia located NW 
of Shesheke on the upper slope of the 
Zambezi River valley and its tributary 
(Fig. 1). The selection of the two study 
areas was based on a priori stratifi cation 
by soil type according to SOTERSAF 

Figure 1: Overview of the study area and location of the sampling clusters. Note that within 
each cluster we sampled one to three agricultural fi elds and one plot in woodland.



244                                                Cඅංආൺඍൾ ർඁൺඇൾ ൺඇൽ ൺൽൺඉඍංඏൾ අൺඇൽ ආൺඇൺൾආൾඇඍ ංඇ ඌඈඎඍඁൾඋඇ Aൿඋංർൺ

Fo
od

 s
ec

ur
ity

(Dijkshoorn, 2003) and the Soil Atlas of 
Africa (Jones et al., 2013), and on the re-
sults of a land-use change detection anal-
ysis from Landsat imagery (see the para-
graph “Land-use change detection”); we 
selected those areas where we identifi ed 
the largest areas of agricultural expansion 
within the studied time frame.

Our fi eld observations and laboratory 
results showed that the soil properties of 
the two areas diff er in soil texture. The 
soils of the Namibian study area have a 
soil texture ranging from sandy loam to 
sand, are characterized by clay illuvia-
tion in the subsoil, and are classifi ed as 
Haplic Luvisols or Dystric/Eutric- and/
or Protoargic- Arenosols (IUSS Working 
Group WRB, 2014). In the Zambian area, 
the soils have a sandy soil texture that is 
uniform with depth and are classifi ed ac-
cordingly as Arenosols with one or more 
of the principal qualifi ers Brunic, Rubic, 
Eutric/Dystric. Soils in both areas have a 
wide range in pH (H2O) from 4.7 to 7.4, 
which is independent of soil type, soil 
texture, or land use (Tab. 1).

The climate is hot semi-arid with a mean 
annual temperature of 20–22°C and a me-
dian annual precipitation of 550–600 mm 
(Mendelsohn et al., 2002). The majority 
of the precipitation is received between 
October and March. The topography in 
both study areas is relatively fl at with no 
pronounced diff erences in altitude. The 
predominant tree species in the woodlands 
of the Namibian study area are Colopho-
spermum mopane and Schinziophyton rau-
tanenii and Acacia species. In the Zambian 
study area, most common tree species are 
Schinziophyton rautanenii, Baikiaea plur-
ijuga, Burkea africana, and Pterocarpus 
angolensis. The main crops grown on the 
agricultural fi elds are beans, groundnuts, 
pearl millet, maize, and sorghum. Accord-
ing to the farmers, manure or other ferti-
lizer are not applied on any of the investi-
gated sampling plots. Fields are ploughed 
with draught animals once a year before 
sowing. To establish new agricultural 
fi elds, farmers typically convert woodland 
by cutting and subsequently burning the 
trees (Pröpper et al., 2015).

Land-use change detection
To detect land-use changes we clas-
sifi ed the land use in a test area of 

~317,770 km2 (one Landsat full frame, 
path 174/172) from Landsat images ac-
quired in the 2002 period and in 2013 
representing the recent state. We made 
use of a Landsat archive that provides all 
existing images until 2015 processed to 
surface refl ectance (Frantz et al., 2016; 
Röder et al., 2018). By selecting multi-
temporal datasets for each of the studied 
years (9/4/2002, 30/7/2002, 18/10/2002, 
and 15/4/2013, 20/7/2013, 8/10/2013), 
we incorporated the phenological vari-
ability of the diff erent surfaces through a 
climatic season. All images were stacked 
to form 18-band layers for the 2002 and 
2013 periods, respectively. Information 
on the most distinct land-use classes was 
based on a supervised classifi cation us-
ing the maximum likelihood classifi er, 
which assigns class membership based 
on the highest probability of class mem-
bership by comparing the respective pix-
el to a set of training pixels (Richards, 
2013). Target classes were settlements, 
agricultural areas, bare areas, sparse veg-
etation, forests, water, and wetlands. In 
addition, areas recently aff ected by fi res 
were diff erentiated. Using high-resolu-

tion imagery (e.g., Google Earth™ and 
Bing Maps™) and a visual analysis of 
the Landsat data, we selected an average 
of 60 reference points for each class to 
train the classifi er. Since no correspond-
ing high-resolution data were available 
to derive training data for the previous 
date, we propagated the training dataset 
to the historic dataset using band- and 
date-wise diff erences between corre-
sponding recent and historic images (and 
bands). Since, independently of surface 
type, spectrally stable features can be 
assumed to have unchanged refl ectance, 
we could identify these using thresholds 
and use the respective land use informa-
tion derived for the recent date to param-
eterize the classifi er for the earlier peri-
od. For both periods, the agricultural and 
settlement classes showed overlaps with 
vegetation classes; therefore, for these 
classes an unsupervised classifi cation 
with manual attribution was additionally 
carried out. Furthermore, we calculated 
the tasselled cap coeffi  cients for all im-
ages (Kauth & Thomas, 1976), which 
decompose images into “brightness”, 
“greenness” and “wetness” components 

Table 1: Soil properties (means ± SD) of woodland (WL), old agricultural fi elds (OA), and 
young agricultural fi elds (YA) in two study areas in NE Namibia (NAM) and SW Zambia 
(ZAM).
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using a linear transformation based 
on predefi ned coeffi  cients. Thus, the 
 discrete vegetation classes could be re-
placed by continuous fi elds represented 
by the “greenness” fraction for diff erent 
periods for maps, while discrete classes 
were used together with 591 independ-
ent points identifi ed in Google Earth™ 
and Bing Maps™ for validation using a 
stratifi ed random sampling. We used the 
results from the land-use change analy-
sis to stratify the test area into areas that 
were largely aff ected by the woodland-
to-agriculture conversion (i.e., agricul-
tural expansion) and used this informa-
tion to select our two study areas for the 
soil survey.

Sampling design
In the two study areas we selected a total 
of 11 sampling clusters, four in Namibia 
and seven in Zambia. Each sampling 
cluster had a 1 km radius in which we 
selected up to three sampling plots in ag-
riculture and one plot in woodland. We 
selected the clusters by stratifi ed random 
sampling as follows: First, based on the 
results from the discrete change detec-
tion, we stratifi ed the two study areas 
into woodland (classifi ed as natural veg-
etation), young (classifi ed as agriculture 
since 2013) and old agricultural fi elds 
(classifi ed as agriculture from both 2002 
and 2013 imagery), and others. Second, 
within each study area, we randomly 
selected clusters within a 5 km distance 
from a road in from areas that contained 
both woodland and agriculture. Finally, 
in the fi eld, the sampling plots within a 
cluster were carefully selected to have 
similar topographic and soil character-
istics. To verify the age of the selected 
agricultural fi elds, we used the informa-
tion from farmers and a time series from 
1987 to 2014 of the Enhanced Vegetation 
Index (EVI) derived from Landsat satel-
lite images. By visual comparison of EVI 
time series of agricultural and woodland 
plots, we were able to determine the fi rst 
year of agricultural usage. Moreover, 
the EVI data showed that most sampling 
plots after original conversion have rest-
ed for some growing seasons. Thus, the 
ages of the agricultural fi elds used in this 
study are based on the fi rst year of agri-
cultural usage and should be interpreted 

as total agricultural duration that may 
include a sequence of cropping and fal-
low periods. The agricultural plots clas-
sifi ed as young fi elds ranged in age from 
2 to 12 years and the old fi elds from 13 
to 26 years. In the Namibian study area, 
we sampled four plots in woodlands, six 
in young agricultural fi elds, and four in 
old agricultural fi elds, and in the Zam-
bian study area seven in woodlands, six 
in young agricultural fi elds, and seven in 
old agricultural fi elds.

Soil sampling and laboratory 
analysis
Sampling plots had a size of 30 m x 
30 m. A soil pit was dug in the plot cen-
tre. We took soil samples for chemical 
and physical property analyses from 
fi ve depth intervals down to 100 cm: 
0–10 cm, 10–20 cm, 20–40 cm, 40–
70 cm and 70–100 cm. Additionally, soil 
samples of the upper three depths were 
taken with an Edelmann auger from 12 
points that were situated at a distance of 
5 m, 10 m, and 15 m from the plot centre 
in each of the four cardinal directions. 
We mixed these samples in the fi eld to 
form one pooled sample per depth and 
plot. All soil samples were collected in 
November 2015. Sieved soil samples 
(<2 mm) were analysed for pH (H2O), 
bulk density, SOC, total N, exchange-
able K, and plant-available P. Soil pH 
(H2O) was measured with a pH elec-
trode in soil suspensions with a 1:2.5 
soil-to-water ratio. Soil bulk density 
was measured using the core method 
(Blake & Hartge, 1986). The bulk den-
sity samples did not contain stones or 
coarse fragments >2 mm, so we did not 
correct for gravel content. Soil carbon 
and nitrogen concentrations were meas-
ured on ground samples by dry combus-
tion using an elemental analyzer (vari-
oMAX, elemental analyzer). As soil pH 
was below pH 7, carbonates were not 
expected and total carbon was assumed 
to equal SOC. Exchangeable potassium 
was extracted with ammonium acetate. 
The extracted cations were quantifi ed 
by atomic absorption and atomic emis-
sion spectroscopy (Helmke & Sparks, 
1996). We extracted plant-available P 
(P-Olsen) with a buff ered alkaline solu-
tion according to Kuo (1996).  

Calculations and statistical 
analysis
SOC stocks in each depth interval were 
calculated by: 

SOC (Mg C ha–1) =   % C   × 
BD (Mg m–3) × ∆D (m) × 10,000 m2ha–1

where BD is the soil bulk density and ∆D 
is the thickness of the sampling depth. 
Total SOC stocks to a 100 cm depth were 
calculated as the sum over all depths. 
The comparisons of SOC stocks among 
the studied land-use types were based on 
equivalent soil masses (Ellert & Bettany, 
1995) to account for possible alterations in 
soil bulk density with land-use change. In 
our calculations of SOC stocks, it was not 
necessary to correct for the proportion of 
rocks in the soil profi le, since the profi les 
were free of rocks and the BD samples did 
not contain coarse fragments >2 mm.

To assess the soil fertility of the plots, 
we used the QUEFTS model (Janssen 
et al., 1990; Sattari et al., 2014). Using 
QUEFTS we predicted maize yields from 
our data on soil pH and concentrations of 
SOC, exchangeable K, total N, and plant-
available P to 20 cm depth. We chose to 
predict maize yields since, of the crops 
grown in the region, it is the only crop in-
cluded in the model. QUEFTS estimates 
crop yields under the assumption that N, 
P, and K are the only growth-limiting fac-
tors. Maize yields are calculated in four 
steps: (1) Calculation of the potential sup-
ply of N, P, and K based on empirically 
derived equations between soil chemical 
data and maximum nutrient uptake when 
no other nutrients or growth factors are 
yield limiting. We assumed no additional 
fertilizer input. (2) Quantifi cation of the 
actual nutrient uptake from theoretical 
trends between potential nutrient sup-
ply and actual uptake. (3) Calculation of 
three yield ranges from the actual uptake 
of N, P, and K, respectively, with empiri-
cally derived equations for nutrient limit-
ing and nonlimiting conditions. (4) Esti-
mation of a fi nal yield by combining the 
yield ranges calculated in step 3. 

Statistical analyses were done in 
the statistical software R version 3.3.3 
(R Core Team, 2017). To test whether 
agriculture and woodland in each clus-
ter diff ered in SOC and nutrient contents 

100
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and stocks, soil pH, and predicted maize 
yields, we used linear mixed eff ects 
models (LME) using the nlme package 
(Pinheiro et al., 2012). Response vari-
ables were the selected soil properties or 
predicted maize yields, and cluster was 
included as a random factor. We included 
land-use type, study area, and the inter-
action between land-use type and study 
area as fi xed eff ects. If the interaction 
term was not signifi cant, we continued 
with a model without interaction. Post-
hoc tests (Tukey’s test from the lsmeans 
package [Lenth, 2016]) were performed 
for multiple comparisons between land-
use types and study areas.

Results

Land-use change detection
Following the methodology suggested by 
Olofsson et al. (2014), classifi cation ac-
curacies for the recent date (2013) were 
validated using a stratifi ed random sam-
ple approach with a total of 591 validation 
points and corresponding high-resolution 
imagery (Google Earth™), with a kappa 
index of 0.71 and an overall accuracy of 
79.5 %. Diffi  culties were encountered 
mainly in highly heterogeneous areas 
with intricate mixtures of small agricul-
tural plots, rural settlements constructed 
mainly of natural materials, and bare ar-
eas, which are spectrally highly similar 

and where the absence of peak wet-sea-
son imagery means many fi elds are not 
recorded under fully cropped conditions. 

Similarly, threshold-based diff erentiation 
of denser vegetation (class “forest”) from 
less dense vegetation (class “open vege-
tation”) caused some confusion (compare 
Tab. 2), which may be avoided by insert-
ing density classes (tasselled cap green-
ness). However, distinguishing naturally 
vegetated areas from human-appropriat-
ed land as the basis for subsequent analy-
ses was successful. For visualization 
purposes, we aggregated classes to fi ve 
overarching categories: vegetation, bare, 
anthropogenic, water, and fi re aff ected, 
where the latter includes pixels that were 
mapped as recently burned on one of the 
dates. Figure 2 illustrates the change pro-
cesses during the investigation period.

By comparing the discrete classifi ca-
tions of 2002 and 2013, we were able 
to identify a net increase of agricultur-
ally used areas by approximately 430 km2 
(+24%) between 2002 and 2013, added to 
by an increase in settlement area of 197 
km2 (+55%, Fig. 2). Mostly as a result 

Table 2: Confusion matrix and accuracy assessment showing the agreement between the 
results of the land-use classifi cation from Landsat data and class assignments derived from 
high-resolution imagery for 591 validation points (based on stratifi ed random sampling), 
overall accuracy 0.795 (confi dence interval 0.051).

Figure 2: Change map summarizing major change processes between 2002 and 2013. The 
zoom subset corresponds to the white frame in the main map and illustrates placement of 
ground sampling points (WL = woodland, YA = young agricultural fi eld, and OA = old agri-
cultural fi eld) for one sampling cluster.
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of several preceding years of high pre-
cipitation, a signifi cant increase in both 
surface water (226 km2, 224%) and sea-
sonal fl ooding (1,143 km2, 107%) was ob-
served. The increase of the anthropogenic 
class (cropland, settlement) was mainly at 
the expense of natural vegetation, while a 
number of previously existing fi elds were 
lost because of the expansion of water 
and fl ooded areas. Additional analyses of 
the location of the agricultural fi elds with 
auxiliary data showed their concentration 
next to newly created roads and settle-
ments. The results of the classifi cation ap-
peared useful for selection of the sampling 
clusters for the following soil survey.

Diff erences in soil organic 
carbon and soil nutrient concen-
trations between woodland and 
agriculture
Compared to woodland, old agricultural 
fi elds had lower concentrations of total N 
(p < 0.001) and SOC (p < 0.001) in the 
topsoil (0–10 cm depth, Fig. 3a and Fig. 
3d) in both study areas. Woodland had the 
largest element concentrations, followed 
by young agricultural fi elds and old ag-
ricultural fi elds (Tab. 1). However, the 
diff erences in total N and SOC between 
young agricultural fi elds and woodland 
were nonsignifi cant. Despite the diff er-
ence in SOC concentrations between 
young and old agricultural fi elds (p = 
0.03), we observed no signifi cant diff er-
ence in N concentrations between these 
land-use types. Comparing total SOC 
stocks down to 100 cm depth showed that 
woodlands had higher SOC stocks com-
pared to young (p = 0.02) and old agri-
cultural fi elds (p = 0.01) in the Namibian 
study area (Tab. 1 and Fig. 3e). The mean 
diff erence (agriculture minus woodland) 
in SOC stocks revealed a loss of 9.6 (± 8.9 
SD) Mg C ha-1 (relative loss of 19.6 ± 18.4 
SD %), with diff erences ranging from 
losses of 18.5 Mg C ha-1 (relative loss of 
38.6%) to 0.9 Mg C ha-1 (relative loss of 
1.9%). The diff erence in SOC stocks be-
tween young and old agricultural fi elds in 
this study area was not signifi cant. For the 
study area in Zambia, we did not observe 
signifi cant diff erences in total SOC stocks 
between woodland and agriculture. How-
ever, SOC stocks in old agricultural fi elds 
were lower compared to those in young 

fi elds (p = 0.02). Plant-available P and 
exchangeable K concentrations did not 
signifi cantly diff er between agriculture 
and woodland in either study area (Tab. 
1, Fig. 3b and Fig. 3c). However, the ma-
jority of the sampled agricultural fi elds in 
both study areas had higher plant-availa-
ble P concentrations compared to wood-
land, and the majority of sampled soils of 
young agricultural fi elds in the Namibian 
study area had higher exchangeable K 
concentrations than did woodland soil.

Predicted maize yields
The maize yields estimated with QUEFTS 
ranged from 470 kg ha-1 to 1,300 kg ha-1 

(Tab. 3) and did not statistically diff er 
between soils of woodland and young 
or old agricultural fi elds in either study 
area, nor did the predicted yields diff er 
between the study areas. However, the 
maize yields predicted for old agricultur-
al fi elds tended to be 15.2% (SD 28.2%) 
lower than those for woodland in both 
study areas (p = 0.07). Moreover, in the 

Figure 3: Diff erence of young agricultural fi elds (yellow box) and old agricultural fi elds 
(brown box) to woodland (agriculture minus woodland) in concentrations (%) of N (a), P 
(b), K (c), and SOC (d) in the topsoil (0–10 cm) and in total SOC stocks (Mg C ha-1) to 100 
cm depth (e) in NE Namibia (NAM) and SW Zambia (ZAM). In the boxplots, the box shows 
the 25th and 75th percentiles, the median (black line), the mean (black dot), and outliers 
(circles), and the whiskers extend to the data extremes that do not exceed 1.5 times the in-
terquartile range. Asterisks show signifi cant diff erences between agriculture and woodland 
(p < 0.05, LME models and Tukey’s test).
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Namibian study area, we predicted lower 
yields for fi ve of the six young agricul-
tural plots than for woodland. QUEFTS 
indicated that in the Namibian study area, 
P was the element that was most limit-
ing plant growth in eight sampling plots; 
in the other six plots, N was the yield-
limiting element (Tab. 3). In the Zambian 
area, for all except three sampling plots N 
was the element that limited maize yield. 

Discussion

Land-use change detection
We applied a hybrid classifi cation meth-
odology comprising a maximum likeli-
hood–based classifi cation and the calcu-
lation of a tasselled cap transformation to 
evaluate change processes in one Land-
sat full frame. Diffi  culties in class as-
signment resulted primarily from known 
eff ects in rural, savannah-type systems 
with distinct wet and dry season cycles. A 
lack of wet-season imagery and the utili-
zation of natural building materials often 
result in spectral ambiguities and make 
it hard to distinguish settlements, bare 
ground, and agricultural plots; similarly, 
diff erentiation of vegetation in discrete 
cover classes is complicated as a result of 
strong inter-annual variations.

However, the ability to distinguish 
between natural and human-dominated 
classes overall was found to be reliable 
and allowed for a stratifi cation of the sub-
sequent ground-based soil analyses. Our 
results confi rm the conversion of wood-
land to agricultural or settlement areas 
as the dominant conversion process, and 

spatial analyses indicating the proximity 
to roads or other settlements as a major 
determinant agree with similar studies 
(e.g., Röder et al., 2015). Of particular 
interest is the impact of precipitation pat-
terns preceding the 2013 period, which 
caused the signifi cant extension of sea-
sonal fl ooding areas and of Lake Liam-
bezi, with an associated disappearance of 
all agricultural fi elds that had still been 
there in the earlier period. Again, this 
is a temporal phenomenon with process 
length corresponding to mid-term precip-
itation variation, and which might be bet-
ter resolved using continuous time series 
(see for instance Schneibel et al., 2018).

Impact of land-use change on 
soil organic carbon concentra-
tions and stocks
Our fi ndings of reduced SOC concen-
trations and stocks (Fig. 3d and Fig. 
3e) in low-input agriculture following 
the conversion from woodland is typi-
cal (Ribeiro Filho et al., 2015; Walker 
& Desanker, 2004). The observed to-
tal SOC stock losses (100 cm depth) in 
the Namibian study area, which ranged 
from 38.6% to 1.9% with an average 
loss of 19.6% (±18.4 SD), correspond 
well with the losses reported by the few 
other studies on the conversion to low-
input agriculture in the semi-arid ecosys-
tems of sub-Saharan Africa (Demessie 
et al., 2013; Luther-Mosebach, 2017; 
Touré et al., 2013; Walker & Desanker, 
2004). A chronosequence study on an 
Andic Paleustalfs in southern Ethiopia 
showed that the conversion from forest 
to agriculture and agroforestry reduced 

SOC stocks by 12% to 43% after 12 to 
50 years of cultivation (Demessie et al., 
2013). In central Senegal on Luvisols and 
Arenosols, total SOC stocks were 27% to 
37% lower in groundnut fi elds with an 
age up to 25 years compared to savan-
nahs (Touré et al., 2013). On Ferralsols 
in central Malawi (Walker & Desank-
er, 2004), SOC stocks were 40% lower 
in agricultural fi elds with a maximum 
age of 30 years than in miombo wood-
lands. In NE Namibia, Luther-Mosebach 
(2017) also reported lower SOC stocks in 
old agricultural fi elds compared to wood-
land, with diff erences in SOC stocks be-
tween agriculture and woodland being 
a maximum of 39%. Nevertheless, they 
observed little to no diff erences between 
woodland and slash-and-burn agricul-
ture. All the above-listed losses in SOC 
stock have been reported for a soil depth 
of 100 cm. Possible reasons for the SOC 
losses are the reduced inputs of organic 
material in agricultural soils and en-
hanced mineralization rates as a result 
of soil disturbances from tillage. Burn-
ing of woodland may also have aff ected 
SOC levels by charcoal inputs, thermally 
induced SOC losses, and soil-heating ef-
fects on the chemical composition of soil 
organic matter. There is no consensus 
across studies, however, on the direction 
of fi re eff ects on SOC levels (Eckmeier et 
al., 2007; Fynn et al., 2003). 

Impact of land-use change on 
soil nutrient concentrations
The observed decline in total soil N con-
centrations in old agricultural fi elds fol-
lowing the conversion from woodland 

Table 3: Predicted maize yields (means ± SD) calculated with the QUEFTS model (Janssen et al., 1990) for soils of woodland (WL), young 
agricultural fi elds (YA), and old agricultural fi elds (OA); diff erences in potential maize yields between the soils of each land-use type per 
study area (NAM in NE Namibia and ZAM in SW Zambia); and the soil nutrients indicated to be yield limiting.
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(Fig. 3a) is consistent with the literature 
(Demessie et al., 2013; Giardina et al., 
2000a; Ribeiro Filho ss, 2015). The de-
creases in total N are parallel to the SOC 
losses, which is typical, as the dynamics 
of both organic N and SOC are linked to 
the decomposition of soil organic mat-
ter. Crop harvesting without nutrient re-
turns through fertilization may also have 
contributed to the N losses (Giller et al., 
1997). Moreover, fi re-related N losses due 
to volatilization and leaching, and limited 
N inputs from ash may have played a role. 
The N inputs from ash are generally low, 
as large proportions of N volatilize during 
biomass burning (Giardina et al., 2000a). 
Moreover, soil heating may volatize part 
of the soil N and may transform non-
plant-available N into mineral N readily 
available to plants (Giardina et al., 2000b), 
which is easily lost by plant uptake and 
leaching during rain events. 

Though it was not statistically signifi -
cant, in both study areas plant-available 
P increased in old and young agricultural 
fi elds (Fig. 3e), and exchangeable K con-
centrations increased in young agricul-
tural fi elds in the Namibian study area; 
this tendency may be related to P and K 
fertilization from ash input caused by bio-
mass burning (Giardina et al., 2000a,b). 
Increases in plant-available P after bio-
mass burning could, besides ash fertili-
zation, be related to mineralization from 
organic P. Plant uptake and the fact that 
K is highly soluble (Juo & Manu, 1996) 
may explain why we did not observe an 
increase in K concentrations in old agri-
cultural fi elds. Similar to our results, Wal-
lenfang et al. (2015) observed an increase 
in soil K in young fi elds, but a decline 
with extended duration of agricultural use 
after slash-and-burn in SE Angola.

Impact of land-use change on 
predicted maize yield
The trend (not statistically signifi cant) of 
lower predicted maize yields for old agri-
cultural fi elds than for woodland (Tab. 3) 
indicates that soil fertility may decline 
with the long-term continuation of low-
input arable farming. The decrease in 
predicted maize yields on the major-
ity of the sampled old agricultural fi elds 
corresponds with the observed losses in 
SOC and total N concentrations for this 

land-use type (Fig. 3a and Fig. 3d). Our 
maize yields that ranged from 470 kg ha-1 
to 1,300 kg ha-1 were in line with predic-
tions by Pröpper et al. (2015), who pre-
dicted potential maize yields between 
800 and 1,200 kg ha-1 for soils in the 
Kavango region that were selected by 
farmers as preferential for agricultural 
use. Yield data from fi eld measurements 
on sandy soils in the region are hard to 
fi nd; the only published study that we 
found reported average maize yields of 
500 kg ha-1 for nonfertilized fi eld trials on 
aeolian sands in western Zambia (Cor-
nelissen et al., 2013). The predictions by 
QUEFTS most likely overestimate actual 
yields, as QUEFTS does not consider 
the impacts of soil water availability and 
management practices (Tittonell et al., 
2008). As is typical for sandy soils of the 
semi-arid tropics (Buresh et al., 1997; 
Giller et al., 1997), we found that soil N 
and soil P were the main yield-limiting 
nutrients (Tab. 3). Our result that soil P 
was yield limiting in half of the sampling 
plots in Namibia whereas in Zambia soil 
P was only yield limiting in one sampling 
plot, corresponds with the much lower 
concentrations of soil P in the Namib-
ian study area compared to the Zambian 
study area (Tab. 1).

Conclusion

We found that between 2002 and 2013 
the area under agricultural use increased 
by 24%, mainly at the expense of natural 
vegetation (i.e., woodland). This land-
use conversion resulted in losses in SOC 
and total N and tended to increase of 
plant-available P. The SOC losses were 
most pronounced in the Namibian study 
area, where SOC stocks were reduced 
by 9.6 Mg C ha-1 (~20%) over a depth of 
100 cm. Furthermore, our fi ndings show 
that long-term agricultural use tends 
to reduce soil fertility; predicted maize 
yields declined by ~15% (average for 
both study areas) when comparing soils 
of old agricultural fi elds and woodland, 
this reduction is attributable to the ob-
served losses in SOC and total N.

Results from our remote sensing anal-
yses showed that even in areas with het-
erogeneous patterns of land use, in par-

ticular in areas dominated by small-scale 
agriculture, broad change patterns may 
reliably be identifi ed and used to stratify 
subsequent analyses. We showed that 
classic change analysis is a suitable tool 
to achieve this, whereas more enhanced 
methods, such as the recently developed 
CAT transformation (Frantz et al., 2017; 
Hird et al., 2016) would be well suited to 
illustrate more subtle processes by mak-
ing use of full time series rather than a 
limited number of dates. Furthermore, 
combining remote sensing techniques to 
detect land-use changes followed by the 
selection of sampling clusters with strati-
fi ed random sampling and fi eld sampling 
has the advantage that it enables the ex-
trapolation of change eff ects over entire 
landscape units. 
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