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Chapter 2
Targeting Landscapes to Identify Mitigation
Options in Smallholder Agriculture

Mariana C. Rufino, Clement Atzberger, German Baldi,
Klaus Butterbach-Bahl, Todd S. Rosenstock, and David Stern

Abstract This chapter presents a method for targeting landscapes with the objective
of assessing mitigation options for smallholder agriculture. It presents alternatives in
terms of the degree of detail and complexity of the analysis, to match the requirement
of research and development initiatives. We address heterogeneity in land-use deci-
sions that is linked to the agroecological characteristics of the landscape and to the
social and economic profiles of the land users. We believe that as projects implement
this approach, and more data become available, the method will be refined to reduce
costs and increase the efficiency and effectiveness of mitigation in smallholder agri-
culture. The approach is based on the assumption that landscape classifications
reflect differences in land productivity and greenhouse gas (GHG) emissions, and
can be used to scale up point or field-level measurements. At local level, the diversity
of soils and land management can be meaningfully summarized using a suitable
typology. Field types reflecting small-scale fertility gradients are correlated to land
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quality, land productivity and quite likely to GHG emissions. A typology can be a
useful tool to connect farmers’ fields to landscape units because it represents the
inherent quality of the land and human-induced changes, and connects the landscape
to the existing socioeconomic profiles of smallholders. The method is explained
using a smallholder system from western Kenya as an example.

2.1 Introduction

Little is known about the environmental impact of smallholder agriculture, especially
its climate implications. The lack of data limits the capacity to plan for low-carbon
development, the opportunities for smallholders to capitalize on carbon markets,
and the ability of low-income countries to contribute to global climate negotiations.
Most importantly for smallholders, available information has not been linked to the
effects on their livelihoods. Many research initiatives aim to close this information
gap and will eventually lead to the adoption of mitigation practices in smallholder
agriculture. Technically feasible mitigation practices do not necessarily represent
plausible options, which are desirable for farmers. A key goal of mitigation in
smallholder agriculture is the long-term benefit to the farmers themselves, achieved
either through improved practices or subsidized as part of a global emissions reduc-
tion market. This chapter focuses on targeting the measurement of greenhouse
gas (GHG) emissions in smallholder systems, as it is expected that this will also
correspond to the potential for social impact of mitigation. Here targeting means the
process of selecting units of a landscape where scientists or project developers will
estimate a number of parameters to assess mitigation potential of land-use practices.
Systematic selection of measurement locations ensures that measurements can be
scaled up to give meaningful information for implementing mitigation measures.

Analysis of smallholder agriculture is a challenge because farming takes place in
fragmented and diverse landscapes. Various actors may wish to target mitigation
actions in this environment, including national and subnational governments who
want to meet mitigation goals; project implementers at all levels; communities that
wish to access carbon financing; and the research community that wants to contrib-
ute meaningfully to climate change mitigation. Although the spatial resolution and
coverage of the assessment differ across actors, all face two basic questions related
to emissions: how much mitigation can be achieved and where.

The scientific community conducts biophysical research to estimate the potential
of soils to sequester carbon, and to estimate emissions of non-CO, gases from agri-
culture, forestry, and other land uses (AFOLU). If estimates of emission reductions
are not available, the success of mitigation actions will be unknown. This is mostly
the case in projects proposed in low-income countries where information on emis-
sions and carbon sequestration potential is nonexistent or patchy. Most commonly
where interventions are proposed, landscapes are considered uniform and equally
effective for the mitigation actions promoted.

Before implementing mitigation projects, all actors should examine the mitigation
objectives and use a structured targeting top-down, bottom-up, or mixed-method
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approach. The scientific community should use the same principles to increase the
effectiveness of mitigation research, allow for comparability, and fill knowledge
gaps at critical stages. The targeting of mitigation research projects and the
implementation of mitigation actions are typically framed in terms of mitigation
potential. Such assessments are carried out at relatively large scale and provide a
range of achievable objectives, but do not connect directly with land users’ realities.
This is often done at an academic level without on-the-ground consultations and
ignoring socioeconomic barriers.

We propose a targeting method using varied sources to support the analysis
including geographical information systems (GIS), remote sensing (RS), socioeco-
nomic profiles, and biophysical drivers of GHG emissions. In summary, we intro-
duce a cost-effective method for selecting representative fields and landscape units
as a basis for estimating GHG emissions, soil carbon stocks, land productivity and
economic benefits from cultivated soils and natural areas. The objective of this
chapter is to guide scientists and practitioners in their decisions to estimate GHG
emissions, and to identify mitigation options for smallholders at whole-farm and
landscape levels. This is a new area of research that links mitigation science with
development, landscape ecology, remote sensing, and economic and social sciences
to understand the consequences of land-use decisions on the environment.

The proposed approach is based on the assumptions that:

1. A landscape can be practically described using GIS and RS techniques that
explain either landscape features associated with land-use and/or vegetation
structure and functioning. The resulting landscape classification therefore also
reflects differences in land productivity and GHG emissions, and can be used to
scale up point or field-level measurements.

2. Atthe local level, the diversity of soils and land management can be meaningfully
summarized using a suitable typology. Field types reflecting small-scale soil
fertility gradients are correlated with land quality, land productivity (Zingore
et al. 2007; Tittonell et al. 2010) and quite likely GHG emissions. Land produc-
tivity includes physical values (e.g., expressed in biomass per unit of land) and
economic goods (e.g., expressed in monetary value per unit of land).

3. A typology is a useful tool to connect farmers’ fields to landscape units
because it represents the inherent quality of the land and human-induced
changes. It can also connect the landscape to the existing socioeconomic profiles
of smallholders.

To test the method, we used a smallholder system from Western Kenya as an
example.

2.2 Initial Steps

The targeting approach stratifies landscapes of different complexity into different
classes, to identify units that provide estimates of emission reductions representing
larger areas. Figure 2.1 shows how a complex landscape can be split—using a
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Fig. 2.1 Conceptual model of a nested targeting approach. The model indicates (dashed boxes)
the sort of analyses conducted at each level

top-down approach—into smaller units (i landscape units) that have a common bio-
physical environment at regional scale. This disaggregation can be done using GIS
and RS, assisted by existing secondary data. Landscape units can be further disag-
gregated into j farm types and k common lands to describe differences in the ways
that individual households and communities access and use the land. The sort of
units that link the land-to-land users will vary according to tenure systems in differ-
ent territories, jurisdictions, and countries (Ostrom and Nagendra 2006). This step
uses information on incomes, land tenure, and food security. It enables mitigation
practices to be designed that are appropriate for heterogeneous rural communities,
and where the land can be privately and communally managed. To make a connec-
tion with farming activities and ultimately with the level at which mitigation prac-
tices are implemented, farms and common lands can be disaggregated into [ field
types and m land types. This distinction may fade out in countries where the land is
intensively used independently of the tenure system. The identified units can be stud-
ied in terms of land productivity, economic outputs, carbon stocks, GHG emissions,
and the social and cultural importance of farming activities for rural families.

2.3 Top-Down Approach

We illustrate the steps to split a complex landscape (of any size) into homogeneous
units using GIS and RS information and socioeconomic surveys to study mitigation
potential (Fig. 2.1). This may be of interest, for example, where a carbon credit
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project is implemented, or if a district, province, or other authority wishes to assess
the mitigation potential of a number of agricultural technologies. Once the land-
scape boundaries are defined, one can disaggregate the complex landscape into dif-
ferent units. If the landscape boundaries are not delineated, the analyst may choose
to select an area that is representative of the larger region in order to extrapolate
results. The landscape can be analyzed initially using a combination of RS and GIS.
We suggest different approaches to disaggregate a landscape and decide where to
conduct field measurements.

After selecting a landscape for assessment and developing a conceptual model of
land-use and land-cover (LULC), the simplest method to identify landscape units is
the exploration and visual interpretation of satellite imagery, preferably with the
best available spatial resolution and observation conditions (e.g., peak of vegetation
productivity). LULC classification (using object-based approaches and VHR imag-
ery) and landscape classification (using RS vegetation productivity parameters) are
more sophisticated methods of approaching a landscape. With visual interpretation,
numerous landscape features can be characterized using physical (e.g., geomor-
phology, vegetation, disturbance signs) and human criteria (e.g., presence of popu-
lation, land-use, and infrastructure). This yields relatively large, homogeneous
landscape units (e.g., describing the mosaic of LULCS in an area). By comparison,
automated LULC classification yields results at a much finer spatial scale. In most cases
it maps the individual fields that make up a landscape. The process of automated
LULC mapping involves:

1. Discriminating areas of general LULC types such as croplands or shrublands
2. Characterizing structural traits of all these types
3. Integrating areas and traits to identify homogeneous landscape units

The two first steps require the composition of the landscape to be characterized
(i.e., the areas under each of the field or land types according to Fig. 2.1), and their
spatial configuration (i.e., the arrangement of field or land types).

In landscapes with dominant smallholder agriculture, cultivated land can be easily
recognized through the presence of regular plots with homogeneous surface brightness,
and minor features such as ploughing or crop lines and infrastructure. In addition, the
structural heterogeneity of cultivated areas can be assessed by the geometry of the
fields (size and symmetry of the shapes), the presence of productive infrastructure and
signs of disruption, such as woody encroachment within fields. Land under (semi-)
natural vegetation can be characterized in terms of vegetation composition (share of
trees, shrubs, and grass), signs of biomass removal or the presence of barren areas, and
degradation (gullies, surface salt accumulation). Finally, in order to delimit landscape
units, all descriptions should be integrated in a holistic manner using, for example,
Gestalt-theory (Antrop and Van Eetvelde 2000) to identify and digitize potential
discontinuities. This simple method has the potential to enhance the quality of broad-
scale land-use studies, and can be performed using freely available imagery, like
Google Earth, supported by online photographic archives such as “Panoramio” or
“Confluence Project” (Ploton et al. 2012).
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2.3.1 Landscape Stratification: An Example from East Africa

The Lower Nyando region of Western Kenya, which is dominated by smallholder
producers, provides an example of the proposed approach. The CGIAR Program for
Climate Change, Agriculture, and Food Security (CCAFS) promotes climate smart
agriculture in this area. To develop and test our targeting approach, we used the three
methods described above: (1) visual classification using VHR imagery, (2) LULC
classification using object-based approaches and VHR imagery, and (3) landscape
classification using medium to coarse resolution RS vegetation productivity
parameters.

Visual Classification Using VHR Imagery

This is a quick and relatively inexpensive visual approach for exploring landscapes.
The largest costs are the acquisition of the VHR images. Based on a QuickBird®
image from the dry season (1 December 2008), six landscape classes were identified
(Table 2.1 and Fig. 2.2). This initial classification can be used to test whether the
units are indeed related to soil emissions and mitigation potential. The landscape
classification is expected to reflect differences in land productivity and GHG
emissions, because it captures inherent soil and vegetation variability.

Class delimitation criteria and mitigation opportunities are listed for each class
in Table 2.1. The limits between the classes are determined by spatial changes in
the detailed criteria. As expected, these changes can be abrupt or gradual, and the
ability or experience of the mapper could lead to variable results.

The visual delineation may or may not coincide with regional biophysical gradients,
as shown by a quick assessment of the topography of Nyando (Fig. 2.3). In our case
study, the highlands coincided with areas allocated to cash crops, while the low-
lands included a continuum from subsistence crops to wooded natural land types.
Delineating a landscape on the sole basis of topography may be inaccurate and/or
incomplete, yet the use of a digital elevation model (DEM) is an inexpensive option
to simplify landscapes.

Land-Use and Land-Cover Classification Using Object-Based Approaches
and VHR Imagery

The fine-scale analysis of actual LULC allows the interface between biophysical and
human-induced processes to be captured. The automated methods are more complex
than the visual interpretation described previously and require digital processing of
remote sensing imagery. VHR satellite imagery with pixel resolution <1 m can be
used for semiautomatic (supervised) mapping of LULC in heterogeneous and fine-
structured landscapes with sparse vegetation cover. To make optimal use of the rich
information provided by the VHR data, object-based approaches are recommended.
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Table 2.1 List of visual classes determined for the Nyando study region, Kenya

Mitigation

Class Delimitation criteria opportunities
Cultivated land | Presence of an agricultural matrix, i.e., extensive | Agroforestry,
dominated by (>70 % of the area) and connected (few fertilizer
cash crops identifiable large patches) cover. Most plots management

(>75 %) are comparatively large and of similar

size (~1 ha), regular-shaped (rectangular), and

have a heterogeneous color and brightness.

Heterogeneity in this class originates from

plough or crop lines, pointing to a crop cover.

Presence of infrastructure (e.g., houses, storage

places, etc.). No degradation signs (e.g., surface

salt accumulation, lack of vegetation, gullies)
Natural Presence of a matrix of any original vegetation Halting land and
vegetation type (forests, shrublands, savannahs). Trees or tree cover

large shrubs are clearly distinguishable by their | degradation

round shape or shadows in the images
Mixed natural No single cover type reaches 70 % of the area, Agroforestry,
vegetation and and patches of crop, pasture, and natural livestock
agricultural land | vegetation are intermingled management

21

Cultivated land Same as A, but most plots are smaller, of Fertilizer and
dominated by variable area and shape (rounded, elongated, manure
subsistence irregular). In this class, heterogeneity comes in management,
crops addition from patches of herbaceous or shrubby | agroforestry
vegetation within plots (a sign of land
abandonment), and surface degradation
E | Agricultural Same as A, but most plots are comparatively Livestock
land dominated | larger, have irregular shape (no bilateral management,
by grazing land | symmetry), and lack of plough or crop lines. manure
Frequent isolated trees or shrubs inside plots. management,
Signs of infrastructure are less common than in A | agroforestry
F | Mixed Both elements of A and D are found Agroforestry,

cultivated land intermingled within small areas fertilizer, and

manure management

Compared to pixel-based approaches, object-based approaches permit the full
exploitation of the rich textural information present in VHR imagery, as well as
shape-related information. They also avoid “salt and pepper” effects when classify-
ing individual pixels. Figure 2.4 summarizes the main steps of such an approach.

In a similar way to Fig. 2.2, the landscape is first segmented into small, homogeneous
subunits or objects. This process is indicated in Fig. 2.4 as image segmentation. Input
to this image segmentation is georectified, multilayered very high-resolution (VHR)
satellite images. The resulting objects (also called “segments’) are groups of adjacent
pixels, which share similar spectral properties, and which are different from other
pixels belonging to other objects.

To segment a landscape using VHR satellite images, the so-called segmentation
algorithms are used. Contrary to the visual classification approach, objects/segments are
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Fig. 2.2 Landscape analysis based on a visual inspection of landscape structure of Nyando,
Western Kenya. (a—f) Are samples of the territory represented by the original QuickBird® image
(all have the same spatial extent of 500 m). The larger panel on the right represents the six mean-
ingful classes of landscape from the visual classification approach. Letters (A, B, C, D, E, and F)
show the location of samples in the area (see explanations in Table 2.1)

Fig. 2.3 Topographic

characteristics of Nyando M <1500m <5%
region. Altitude (masl) and <1500m 5-10%
slope (expressed as

percentage) came from the >10%

Shuttle Radar Topography >1500m <5%
Mission (SRTM) digital >1500m 5-10%
elevation model (USGS

2004). The lines
delineating the landscape
units of Nyando are the
same as in Fig. 2.2
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Fig. 2.4 Flowchart for object-based supervised classification of VHR imagery. The process yields
a detailed LULC map of the area covered by the VHR satellite imagery, as well as information on
the uncertainty of the classification outcome for each image object

identified in a fully automated manner. Both commercial and open source solutions
exist for this task. Excellent open source solutions are, for example, QGIS (www.qgis.
org/), GRASS GIS (grass.osgeo.org/) and ILWIS (www.ilwis.org/).


http://www.qgis.org/
http://www.qgis.org/
http://www.ilwis.org/
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Fig. 2.5 Visualization of important steps of the supervised classification of the Nyando study
region. (a) RGB image of WorldView-2® VHR imagery with manually delineated strata, (b) DEM
of the region with strata
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Fig. 2.6 (a) In situ information about the land-use/land-cover of training samples for one of the
ten strata; the segmented image objects are also visible in gray, (b) classification result based on
spectral and textural features of the WorldView-2® VHR image for the same stratum

After segmenting the image into image objects, an arbitrary number of features
are extracted for each object. In Fig. 2.4, this process is labelled as feature extrac-
tion. Besides spectral features, textural features, as well as shape information, can
be extracted. This information is used in a subsequent step to automatically assign
each object to one of the user-defined LULC classes (process labelled as Random
(RF) forest classifier). To “learn” the relationship between input features and class
labels, training samples with known LULC must be provided in sufficient numbers
and quality using a process called training data extraction.

Because the relation between input features and class label may change depend-
ing on image location (e.g., related to terrain and elevation), a stratified classifi-
cation is recommended. For this task, before starting the classification process,
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the entire scene is (visually) split into a few (larger) regions (or strata) that can
be considered homogeneous in terms of land-cover characteristics and the physical
setting of the landscape.

The stratification is usually done just after the automated image segmentation
(Fig. 2.4). Of course, results from other studies can be used as well (e.g., boundaries
shown in Fig. 2.2). Figure 2.5a shows the RGB composite of a WorldView-2 image
of the Nyando study area, and Fig. 2.5b, the corresponding DEM. In both maps,
manually drawn landscape boundaries (strata) are also shown (yellow lines).

For one of the strata, Fig. 2.6a shows the available reference information obtained
from fieldwork and complemented through visual image interpretation. These train-
ing samples are necessary for the RF classifier to “learn” the relationship between
input features and class labels. The resulting object-based classification is shown
for this landscape unit in Fig. 2.6b. The object limits (e.g., gray lines in Fig. 2.6a)
have been automatically derived using GRASS GIS.

For the classification, several algorithms are available (e.g., maximum likelihood
classifier, CART, kNN, etc.). Based on the authors’ own and published experience,
we exploited a widely used ensemble classifier called “random forest” (RF) which
often yields good and robust classification results (Gislason et al. 2006; Rodriguez-
Galiano et al. 2012; Toscani et al. 2013). RF uses bootstrap aggregation to create
different training subsets, to produce a diversity of classification trees, each provid-
ing a unique classification result. For example, if 500 decision trees are grown inside
the RF, one will obtain 500 class labels for each object. The final output class is
obtained as the majority vote of the 500 individual labels (Breiman 2001). The pro-
portion of votes of the winning class to the total number of trees used in the classifi-
cation is a good measure of confidence; the higher the score, the more confident one
can be that a class is correctly classified. Similarly, the margin calculated as the
proportion of votes for the winning class minus the proportion of votes of the second
class indicates how sure the classifier was in their decision. Such confidence indica-
tors are not readily obtained using visual image interpretation. RF also produces an
internal unbiased estimate of the generalization error, using the so-called “out-of-bag”
(OOB) samples to provide a measure of the input features’ importance through ran-
dom permutation. Classification performance of the entire LULC map can be based
on common statistical measures (overall accuracy (OA), producer’s accuracy (PA)
and user’s accuracy (UA)) (Foody 2002) derived from the classification error matrix,
using suitable validation samples. Figure 2.7 shows the resulting LULC map of
Nyando obtained with this object-based classification approach and using VHR
imagery from WorldView-2®.

Landscape Classification Using RS Vegetation Productivity Parameters

The two previous approaches are based on static descriptions of the landscape units
(or of their constituent elements) in terms of LULC. However, alternative land traits
can be explored to determine homogeneous landscape units. A promising alterna-
tive is the analysis of vegetation function in terms of the magnitude and temporal
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Fig. 2.7 LULC map of Nyando from WorldView-2® VHR imagery, using an object-based clas-
sification approach

variability of primary productivity (Paruelo et al. 2001). We tested this functional
analysis in Lower Nyando, using the period 2000-2012. Vegetation primary pro-
ductivity was assessed through the proxy variable Normalized Difference Vegetation
Index (NDVI). This index has been of great value for biogeographical studies,
allowing rough but widespread characterizations of the magnitude and temporal
variability of productivity based on homogeneous measurements across wide spa-
tial and temporal extensions and different ecosystems (Lloyd 1990; Xiao et al.
2004; Sims et al. 2006). In this example, we acquired NDVI data from the MODIS
(Moderate Resolution Imaging Spectroradiometer) Terra instrument.! In this dataset,
one image is produced every 16 days, leading to 23 images per year.

We selected from the 13-years x 23-dates database, only those values indicating
good to excellent quality conditions (i.e., pixels not covered by clouds, and with a
low to intermediate aerosol contamination). Then, we used the code TIMESAT
v.3.1 to reconstruct temporal series (Jonsson and Eklundh 2002, 2004; Eklundh and
Jonsson 2011). This tool fits smoothed model functions that capture one or two
cycles of growth and decline per year. We selected an adaptive Savitzky-Golay

"Product coded as the MOD13Q1; spatial and temporal resolutions of 250 m and 16 days, respec-
tively from the ORNL “MODIS Global Subsets: Data Subsetting and Visualization” online tool
(http://daac.ornl.gov).
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Fig. 2.8 Vegetation functioning depicting an average annual magnitude and seasonality, and
interannual variability of primary productivity. (a) Maximum NDVI, (b) Intra-annual NDVI CV,
(c) Interannual mean NDVI CV, (d) slope of the maximum NDVI versus time relationship. Lines
represent homogeneous landscape units from the visual interpretation of Fig. 2.2

model (Jonsson and Eklundh 2002), assuming two vegetation growth cycles per
year due to the natural bimodal behavior of rains in the study region. From the
reconstructed temporal series (and by means of TIMESAT and the R v.2.15 statisti-
cal software), we calculated different functional metrics depicting average annual
magnitude (e.g., mean, maximum NDVI) and seasonality (e.g., coefficient of varia-
tion (CV) of available values, number of growing seasons), and interannual vari-
ability (e.g., CV of mean annual values, annual trends) (Baldi et al. 2014).

For the sake of simplicity in the Lower Nyando example, Figure 2.8 presents:
(a) NDVI maximum values as a proxy for carbon stocks of cultivated and unculti-
vated ecosystems; (b) intra-annual CV, describing whether the productivity is con-
centrated in a short period or distributed evenly through the year; (c) interannual CV
of mean annual values, describing long-term productivity fluctuations; and (d) the
slope of the maximum annual NDVI versus time relationship (Paruelo and Lauenroth
1998; Jobbdgy et al. 2002).

Figure 2.9 shows the entire temporal range for the case of maximum annual values.
Combined, structural and functional assessments provide essential information
about the quality of the detected field or land types to study GHG mitigation poten-
tials. Likewise, this approach may reveal functional divergences between a single
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Maximum NDVI

Fig. 2.9 Annual maximum NDVI value for the 2000-2012 period. Lines represent homogeneous
landscape units from the visual interpretation of Fig. 2.2
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Fig. 2.10 (a) Nyando’s five classes, based on unsupervised classification from four variables
(b—e) exemplifying functional traits different from those presented in Figs. 2.7 and 2.8. Bars show
averages and standard deviation for each class (depicted by the number and color). Lines in (a)
represent homogeneous landscape units from the visual interpretation of Fig. 2.2

field or land type or convergences between different classes as shown in Figs. 2.8
and 2.9, with strong impacts on cascading ecosystem processes.

To identify landscape units using only functional information, we integrated func-
tional attributes by applying an unsupervised classification procedure. In contrast
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with a LULC classification, we do not expect a priori conceptual scheme, both in
terms of the number of classes and their identity. Functional classes often have to be
split or merged to create a meaningful map, i.e., to show patterns of patches and cor-
ridors rather than isolated pixels (“salt and pepper” appearance). Using the unsuper-
vised clustering algorithm ISODATA (Jensen 1996), we generated a map delimitating
five different classes which reached our pattern-based expectations (Fig. 2.10). This
approach revealed functional divergences between single farm types or common
lands (e.g., western versus eastern cultivated areas dominated by cash crops), and
convergences between different classes (e.g., western mixed shrubs and cultivated
land versus eastern cultivated areas dominated by cash crops), with potential impacts
on cascading ecosystem processes.

In addition to the landscape analysis, other on-the-ground information is needed
for the development of a representative sampling design for smallholder systems
before resource-consuming measurements of soil GHG fluxes or soil carbon and
nitrogen stock inventories are implemented. The characterization of farmers’
socioeconomic condition is important here, because this also affects resource
management. On-farm variations in soil properties, which result from long-term
differences in field management, create soil fertility gradients that may justify the
use of a field typology.

2.4 Bottom-Up Approach

For some specific landscapes or agricultural systems there may be a wealth of field
data that characterize the use of the land at field and farm level. This could include
household surveys, soil surveys, productivity and economic assessments. This
information comes at the price of laborious and costly data collection, and we
encourage scientists and project developers to take advantage of existing field and
farm data to inform the targeting of mitigation options at the local level. The analy-
sis of these data informs the selection of field and farm types indicated in Fig. 2.1,
which are the ultimate entry point for deciding where to carry out GHG measure-
ments and identifying mitigation practices. This field-level characterization is espe-
cially useful in very fragmented landscapes, where topography, soils and long-term
management create strong gradients in soil fertility and water retention capacity,
which may lead to differences in emissions potential (Yao et al. 2010; Wu et al.
2010). We acknowledge that such detailed characterization may not be needed in
simple landscapes with few land uses and relatively flat relief. Expert opinion by
soil scientists can help decision-making about the location of field-level
assessments.

We present a method that can be used to link the fields and farming practices with
the landscape level, and emissions due to agricultural practices with potential for
emissions reductions at scale. The method is based on assumptions 2 and 3 pre-
sented in Sect. 2.1: i.e., that the diversity of soils and land management can be
meaningfully summarized using a field typology, which connects farmers’ fields to



30 M.C. Rufino et al.

landscape units representing inherent land quality and human-induced changes.
There is evidence that field types can be defined on the basis of simple indicators
that are correlated to land quality and land productivity. Research in Western Kenya
and Zimbabwe shows the relationship between soil quality, intensity of manage-
ment, and land productivity (Tittonell et al. 2005, 2010; Zingore et al. 2007), which
we believe are correlated to soil GHG emissions.

A field typology can be derived a priori using information collected in household
surveys. This can help connect field management with farm types, defined by liveli-
hood indicators, including food and tenure security. Including these dimensions in
the analysis provides an opportunity to link mitigation with food security and pov-
erty to estimate trade-offs and synergies. Such an analysis permits an assessment of
the feasibility of mitigation for different farmers and identification of the incentives
needed for adoption. Land users can assess and weigh up the livelihood benefits of
different practices (e.g., income, increased production of food) and the costs of
implementing such practices.

Using the Lower Nyando site, we show how to use household and field surveys
to support targeting at a local level and how to link it to the selected landscape. We
collected existing information on households and farm management. The lower
Nyando site was characterized using the IMPACTlite tool (Rufino et al. 2012a, b) that
gathered generic data to analyze food security, adaptation, and mitigation in small-
holder agriculture. A comprehensive household survey was conducted to characterize
household structure, asset ownership, farm production, costs and benefits of farming
activities, other sources of income generation, and food consumption (Rufino et al.
2012a, b). Using the farm household characterization, and to elaborate the field typol-
ogy, fields recorded in the household survey were measured, georeferenced and addi-
tional management data were collected. The household survey covered three
production systems across the sampling frame of the Kenyan CCAFS site of Nyando
(Forch et al. 2013), and included 200 households. A field typology was built on the
basis of field type scores collected through a survey (see forms in Appendix).
A subsample of fields was selected randomly to represent the field types.

2.4.1 Field Typology Definition

The field typology must reflect inherent soil fertility resulting from soil type and
long-term management. The process of defining the field typology is dependent on
the landscape within which the project works and the sociocultural norms of the
farmers. For example, crop diversity may be considered as a sign of productive land
in subsistence agriculture systems. Adjusting the weighting to take into account
local knowledge is important to link well with ground truths.

The scores obtained through this process are simply a tool for subdividing fields
based on easily obtainable data, analogous to a rapid rural appraisal (Dorward et al.
2007). It is often justifiable to adjust the weightings based on the data, by identifying
the common characteristics of the field types and checking that the subdivisions are
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indeed meaningful. Whenever possible the classification should be counter checked
against the common sense evaluation of an experienced field officer on the ground.
At the Nyando site, we used a number of variables to define a field type score:

e Crop. This score is the sum of the crops that each household is cultivating in one
plot. Intensively managed fields are cropped with several crops, which often
receive more agricultural inputs than other fields.

 Fertilizer use. This score distinguishes organic and inorganic fertilizers. Manure
was given a score of 2 and other inorganic fertilizers a score of 3. It was assumed
that fields receiving inorganic fertilizers are managed more intensively than
fields that only receive animal manure.

* Number of subplots. This is the number of subplots within a given field or plot.
Subplots are units within a field or permanent land management structure that
can change in space or time. This aims to capture the spatial and temporal allocation
of land to crops, crop mixtures, and the combination of annual and perennial
crops in intercropping, permanent and seasonal grazing land.

* Location of field. Fields next to the homestead receive a score of 2, while fields
further away from the house receive a score of 0. This assumes that fields close
to the homestead receive preferential land management (e.g., fertilization,
addition of organic matter, weeding) compared to fields that are far away.

» Signs of erosion. Fields differing in visible signs of erosion obtained different
scores, depending on severity. For gulley, rill and gulley, sheet, rill erosion, fields
received a score of 0. Sheet erosion or no visible erosion obtained a score of 1.

Plots with a score higher than 10 were labelled as field type 1. Those with scores
between 4 and 10 were labelled as field type 2, and those with scores lower than 4
were labelled as field type 3. The process of defining scores for each variable
involved making judgments about correlations and data quality. The end scores
were then investigated, definitions adjusted and natural cut-off points identified.
The identification of natural cut-offs for the field types is a delicate process because
the scoring tool is crude enough that one would not expect a substantial difference
on the ground between borderline cases. A useful guideline is that borderline cases
should not be either under- or overrepresented in any field type.

2.5 Combining Top-Down and Bottom-Up: The Basis
for Scaling Up

The field typology sampled across households represents the diversity of land man-
agement practices. If it is combined with a land-use classification, it connects local
management with landscape characteristics as indicated in Fig. 2.11. Provided that
land-use units or land classes have been sampled at field-level, or that spatially explicit
information is available on the diversity of field types, connecting these two layers
may provide a measure of variability on GHG emissions, productivity, and livelihood
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Fig. 2.11 Conceptual model and products of the nested targeting approach. The model indicates
the sort of outputs obtained at each level. The integration of all level measurements conducted at
field-level is to be scaled up

indicators. To achieve this, enough field sites have to be selected to represent each
landscape class, and must be monitored for GHG emissions, carbon stock changes,
production of biomass, and other variables of interest. The number of replicates or
field sites to represent a landscape class will depend on within-class heterogeneity,
and the resources available for monitoring emissions. An absolute minimum of three
replicates per land class is required to estimate biophysical parameters.

The advantage of selecting replicated field sites that correspond to landscape
classes is the possibility to scale up (i.e., to estimate project-level benefits and trade-
offs with livelihood indicators). It also provides an opportunity to extrapolate find-
ings to similar environments. In the case of lower Nyando, we combined the field
typology derived from a household characterization with the landscape description
including five classes or units shown in Fig. 2.10. “Landscape plots” were selected
to represent field types using landscape units where we monitored GHG emissions,
analyzed carbon stocks, and estimated productivity and the economics of production.
We present here the results of 12 months of monitoring GHG emissions aggregated
at field and landscape level (Fig. 2.12). The information provided a comprehensive
database to estimate emissions potential and trade-offs with other socioeconomic
indicators, such as income and land productivity. Additional field sites were added
to compensate for areas poorly represented by the household survey and to include
natural areas. This can be a serious disadvantage of using secondary data in a
bottom-up approach, where householders neglect natural areas such as woodlands
or wetlands during interviews. Natural areas were selected from the landscape anal-
ysis, where natural vegetation units were mapped.
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Fig. 2.12 Cumulative annual emissions of CO, (Mg C-CO, m™ year™"), CH, (kg C-CH, m™
year™!), and N,O (kg N-N,O m™? year™') from 60 different fields located in Lower Nyando in
Western Kenya split by land class, field type, crop type, and landscape position (Pelster et al.
2015).

2.6 Conclusions

A methodology is presented to target mitigation research at field, farm-, and land-
scape level. It uses both a top-down and a bottom-up approach to capture local
diversity in soils and management practices, and landscape heterogeneity. It enables
generic recommendations to be made about scaling up alternative mitigation
options. The methods can fit the purposes of diverse projects, including the target-
ing of GHG measurement or the testing of carbon sequestration practices. The prod-
ucts generated such as land-use or land class maps and selected field types allow
field sites to be selected for monitoring biophysical parameters. Once monitoring of
GHG emissions, productivity, and economics are finalized, the nested approach
suggested here provides a basis for scaling up, which can be achieved using differ-
ent analytical methods discussed in Chap. 10 of this volume.
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2.7 Appendix

Field typology surve Date:
yP gy y Surveyor:
HH ID: Name of respondent:
~PLOT LOCATION AND SIZE
South. ' East Error____
Plot Subplot Subplot Subplot
ID
Area (m2)
Land cover
Photo ID
Land tenure: Do animals graze the plot? | Does the farmer burn the plot?
Communal Rented Owned regularly sometimes never regularly sometimes never

—— Agricultural practices
Crops commonly planted in field Land cover prior to
Crop (e.g. Maize) Highest yields (local units) agriculture:
Forest
Grass or shrubland
unknown
How many years ago was it covered to agriculture (circle one):
0-2 2-5 5-10 >10 unknown
YES, FERTILIZERS ARE APPLIED
Type Amount Cro|
Are fertilizers applied? vp P
Yes or No Type (eg)
UREA
CAN
. MANURE
If yes, which sub-plot? AMOUNT = PER PLOT
1D WHICH CROP
What is your best plot (or subplot) and why?
Woody cover (%) Herbaceous cover (%): Visible evidence of erosion
<4 4-15 15-40 <4 4-15 15-40 Rill Sheet Gully  none
40 - 65 >65 40 - 65 >65

Open Access This chapter is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits use,
duplication, adaptation, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, a link is provided to the Creative
Commons license and any changes made are indicated.
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The images or other third party material in this chapter are included in the work’s Creative
Commons license, unless indicated otherwise in the credit line; if such material is not included in
the work’s Creative Commons license and the respective action is not permitted by statutory
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