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ABSTRACT

ASSESSING AND MODELING CROP YIELD AND SOIL CARBON IN
SMALLHOLDER FIELDS IN AFRICA AND CENTRAL AMERICA

By
Lin Liu

Research on developing and testing agricultural tools for smallholder agricultural producers
remains limited , despite the fact that new tools designed to improve agronomic management and
resilience of cropping systems are becoming increasingly available also in developing countries.
The overarching goal of this dissertation was to evaluate the efficacy of agricultural
technologies, like process-based crop simulation models, to improve food production forecasts
and crop yields in smallholder fields in low-income countries (Chapter 1).

Chapter 2 presents the development and the validation of a new maize yield forecasting
system for the Government of Tanzania. In this study, a field-based survey was integrated with a
process-based crop model, Systems Approach to Land Use Sustainability (SALUS) to provide
accurate and timely maize yield forecasts for small fields in Tanzania. In spite of a wide range of
maize growing conditions, the method developed in the chapter has shown to provide reliable
forecasts across three districts in Tanzania 14-77 days prior to crop harvest.

Chapter 3 investigates how climate impact assessment differs when using the averaged value
simulated with each climate model from the Coordinated Regional Climate Downscaling
Experiment (CORDEX) program, versus one simulated value with one single delta-method
projected climate based on average changes in climatic variables. This analysis was performed
using SALUS-simulated grain yield, Soil Organic Caron (SOC) and soil inorganic Nitrogen (N)
for 60 sites from Chapter 2. The simulated climate impact on soil N and SOC using the delta-

method climate was close to the average simulated impact using each climate model, but the



adverse impact on grain yield was projected to be lower.

Chapter 4 focuses on agronomic management that could increase the yield of yam while
improving soil fertility in Ghana. In this study, I first parameterized yam in the SALUS model
using field experiment data from three N and phosphorous (P) fertilizer treatments combined
with two yam cropping in two distinct agroecological zones in Ghana for two years. The
calibrated and validated SALUS-Yam model was used to assess the impact of four management
treatments: continuous unfertilized rainfed yam (control), pigeonpea-yam rotation, yam with 3
Mg/ha pigeonpea residue incorporated, and yam with 23-23 kg/ha N-P,Os fertilizer added. The
results showed that incorporating pigeonpea residues into yam fields produced the highest yam
tuber yield and reduced SOC compared to the other treatments. This work also confirmed that
yam cultivation in Ghana was mostly limited by lack of nutrients (N, P or both), as opposed to
drought.

Chapter 5 presents within-field variability of smallholder fields. From field observations in
Tanzania, maize-based fields across more than 60 sites in three districts in Tanzania contained
considerable variability in plant density (median CV 20-30%) and grain yield (median CV 30-
36%). Grain yield variability was correlated with in-season vegetation indices, particularly the
green chlorophyll vegetation index. The coefficient of variation of normalized difference
vegetation index became smaller as the spatial resolution became coarser. The analysis was
performed using images of distinct spatial resolutions for smallholder yam and pigeonpea fields
in Ghana, and bean growing areas in Honduras.

Lessons from the research projects and recommendations on using agricultural technologies

for international agricultural development are outlined in Chapter 6.
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CHAPTER 1: INTRODUCTION TO THE DISSERTATION
Rationale and Background

In 2015, the United Nations set 17 Sustainable Development Goals to guide global
development agendas. Several of the goals were directly related to the agriculture sector,
including ending poverty, achieving zero hunger, producing food sustainably, and combating
climate change (Nhemachena et al., 2018). Considering the prevalence of poverty and
malnutrition in low- and low-to-middle-income countries, such as countries in Sub-Saharan
Africa (SSA) and Honduras, agriculture in these low- and low-to-middle-income countries needs
to be reformed to increase land productivity and sustainability (Abraham and Pingali, 2020;
Brown et al., 2019).

Agriculture in low- and low-to-middle-income countries is dominated by smallholder farms,
where field size is less than 2 ha. These smallholder farms are family operated to supply
households with staple food including cereal crops (e.g. maize, rice, and sorghum) and tuber
crops (e.g. yam and potatoes) (Lowder et al., 2016). Smallholder fields are often not managed
intensely. Food crop cultivation in the small fields is characterized by low planting density, and
relies on rain events and nutrient-depleted soils. Crop yield resulting from such environments
and management is low (Berre et al., 2017; Tittonell and Giller, 2013). Smallholder farming
systems, nonetheless, play a critical role in securing national and household food production.

Food security was first defined as ““all people at all times have access to safe and nutritious
food to maintain a healthy and active life”” in the 1990s by the Food and Agriculture
Organization of the United Nations Committee on World Food Security (FAO, 1996). By this
definition, food security consists of four building blocks: availability, stability, accessibility, and

utilization. Food security is affected by both biophysical and socioeconomic processes. From a



biophysical perspective, having a viable food production system is essential to maintain food
availability and stability. For SSA countries, food supply does not solely rely on domestic food
production, but is also affected by trade decisions. This entails two prongs of action for
protecting food security. At a household level, yields of food crops need to be preserved or
improved to provide household income and food supply. At a national level, trade and food
policy decisions must be made based on evidence-based agricultural information. One of the
important pieces of agricultural information for national food policies is crop production
forecasts (Diao, 2016; Jayne and Rashid, 2010). Understanding of future crop yield lays the
foundation for both household and national food security.

Growing food crops is not a trivial task. Crop growth and harvestable yield is determined not
only by the environment (e.g. rainfall, soil fertility, and temperature) but also by how crops are
managed (e.g. irrigation water and fertilizer use). Management practices, perhaps, are the most
decisive factor for crop yield in the short term, given that one cannot change weather and can
only modify soil conditions through amendments. Soil, climate, and their interactions are critical
factors in long-term food production, but they are often neglected in the search for sustainable
agricultural systems for feeding the future. Crop yield must be studied from a systems lens that
considers the interconnected plant-climate-soil-management continuum. In recent decades,
researchers have paid much attention to adverse climate change impact on food availability and
stability. Evidence has shown farming systems will be inevitably affected as the climate
continues to become warmer and precipitation events become more erratic (Lesk et al., 2016;
Serdeczny et al., 2017; Zhao et al., 2017). For SSA countries, though currently the ratio between
domestic food production and consumption is 0.8 (80% self-sufficient), crop yield will need a

massive increase in order to feed the projected doubling population by 2050, since expanding



agricultural land into current forest land is not a desirable option. Investment in agricultural
technologies that can sustainably improve yield is required to achieve the Sustainable
Development Goal of zero hunger (Mason-D'Croz et al., 2019; van Ittersum et al., 2016).

At a national level, food policies related to trading decisions rely on timely crop production
forecasts. Crop yield forecasts are a key component of the production forecasts. Extensive
studies have investigated ways to provide accurate and timely yield forecasts, but most yield-
forecasting studies focus on large fields with a single crop per field in the US and European
countries. While major trading countries have governmental agencies in charge of issuing
national/regional crop yield forecasts throughout a growing season, SSA countries often lack
information about seasonal crop status and yield expectations at the end of a season (Gennari and
Fonteneau, 2016). Developing an accurate and timely crop yield forecasting system that African
countries can implement is an urgent task for achieving the Sustainable Development Goals by
2030.

Agronomic decision-making technologies have been developed to address challenges in crop
production. One of the advanced decision-making tools is crop models. Crop models were
designed to capture the biophysical interactions between management practices, crop genetics,
and growing conditions, including weather and soil. They can be used to test management
options to balance yield improvement and environmental conservation and to engage growers
about their decision-making (Whitbread et al., 2010). More importantly, crop models can be
applied to cropping systems across various climate and soil conditions once they are calibrated
and validated for a specific cropping system using field observations (Asseng et al., 2014).
Remote sensing technologies, including satellites, micro-satellites, and unmanned aerial vehicles,

can provide real-time information about vegetation development and growth over a large spatial



extent. Vegetation indices, derived from reflectance of different wavelength ranges, have been
developed and linked to plant health and biomass yield. Advances have been made in integrating
crop modeling and remotely sensed images to predict crop yield in SSA countries (Burke and
Lobell, 2017; Jin, 2019).

The advanced agricultural technologies, nonetheless, have not been widely adapted or
adopted to guide staple food production in Africa. Crop models have been tested globally but
only a small fraction of studies have been in African countries (Basso et al., 2016¢). Various
yield forecasting methodologies have been developed, but only a few investigated the possibility
of timely in-season yield forecasts for smallholder fields (Basso and Liu, 2019). Applying
remotely sensed images to crop monitoring and management in smallholder fields remains
challenging due to field heterogeneity, field size, saturation effect, and cloud cover (Jain 2020;
Lambert et al., 2018).

Data availability is another barrier to testing and adapting these advanced agricultural
technologies for sustainable crop management in Africa. Crop models need calibration and
validation for a given study site before they can be applied to inform management strategies.
Remote sensing images need to be verified with ground-truthed data. The use of advanced
technology to guide management and improve crop yield entails demand for quality agro-
climatic data. This quality agronomic and climatic data, however, does not exist or is not
accessible to the public.

We need creative thinking and collaborative efforts to address issues related to soil fertility,
crop yield, and yield forecast provision to improve food security. This dissertation addresses
some of the most challenging aspects of using agricultural technologies to assess and increase

crop yield, and to improve food security in African countries, including how to use the



technology that already exists in African countries (e.g. tablets and smart phones) to collect real-
time agronomic information for forecasting yield in a timely manner, how to build soil fertility to

feed the future, and how satellite images can be used in smallholder farming systems.

Objectives and Structure of the Dissertation

The overarching goal of this dissertation is to develop data-driven agricultural technologies
to improve food security in the background of increasing demand from population growth and a
changing climate with warming temperatures and unreliable precipitation events. This
dissertation consists of an introductory chapter, four research chapters, and a concluding chapter
with summaries and recommendations. Each research chapter contains a research study. Chapter
2 presents the first study where digital cloud-stored field questionnaire surveys conducted by
local enumerators and a crop model’s results were integrated to provide timely in-season maize
yield forecasts for smallholder farms across Tanzania. This chapter has been published in Food
Security with open access. With the field data collected for this chapter and a crop model
(described in the next section), I designed a simulation experiment to address climate impacts
and uncertainties in future maize production in Tanzania, which is presented in Chapter 3.
Chapter 4 investigates sustainable yam cultivation in Ghana and evaluates management practices
that would increase yam tuber yield and soil organic carbon based on crop modeling. This
chapter is currently under review in a peer-reviewed journal. Chapter 5 addresses the
opportunities and challenges in using satellite images for monitoring small fields in low-income
countries.

The Systems Approach to Land Use Sustainability (SALUS) crop model was used in

multiple chapters in this dissertation. In the next section of this chapter, I provide a description of



the SALUS model’s mechanism for simulating crop growth and development and the associated
environmental impact. I did not provide an overview of SALUS model in the research chapters
(Chapter 2-5) to avoid repetition, but the SALUS model was validated for each study in the
research chapters; the validation procedures and results are included in each of the individual

research chapters.

A Brief Overview of the SALUS Model

The SALUS model is a process-based crop model (Basso et al., 2006). The SALUS model
was adapted from the CERES (Crop Environment REsource Synthesis) model with a series of
algorithmic updates for soil nutrient and soil water simulations (Basso and Ritchie, 2015; Basso
et al., 2016¢). The model uses daily weather information (minimum and maximum temperature,
precipitation, and solar radiation), soil layer properties (e.g. clay and silt content, bulk density,
and organic carbon content), management (e.g. planting dates, planting density, and fertilization
rates) and crop parameters as inputs. It simulates agronomic outputs (e.g. yield and leaf area
index) and environmental impact (e.g. SOC, nitrate leaching, and water fluxes) on a daily basis.
The three interconnected modules — crop growth and development, soil nutrient dynamics, and
water balance — are the main components of the model. The SALUS model uses two modes to
simulate crop growth: simple and complex. SALUS simple mode is similar to the Environmental
Policy Integrated Climate (EPIC) model. The simple mode was designed to capture crop growth
using the thermal time-leaf area index curve with considerations for nutrient cycle and water
balance. In SALUS simple mode, daily potential biomass accumulation is first calculated based
on leaf area index, solar radiation, radiation use efficiency, and CO, (Dzotsi et al., 2013). The

potential biomass is then reduced based on abiotic stress, including N, P, water deficiency and



heat stress, to calculate final daily biomass accumulation. Nutrient and water stress factors in the
SALUS model are quantified as supply:demand ratio. A value of 1 indicates no nutrient or water
shortage and therefore no stress, and a value of 0 means severe stress with no supply to meet the
demand (Liu and Basso, 2017a). Lastly, daily biomass accumulation is partitioned into
harvestable biomass yield (e.g. grain yield and tuber yield) and non-harvestable biomass (e.g.
stalks and leaves for maize, and vines and leaves for yam) using harvest index (Dzotsi et al.,
2013). Regardless of SALUS mode, the model determines crop development based on minimum
and maximum temperature, base temperature, and optimal temperature (Basso et al., 2006;
Dzotsi et al., 2013). The SALUS model does not have an explicit module to account for pest,
weeds, and diseases.

The nutrient cycle module in SALUS was derived from the CENTURY model with
modifications. Three soil carbon pools with different turnout rates are considered in the SALUS
model, active, slow, and passive. The sizes of the three pools are initialized based on procedures
in Basso et al. (2011). N cycling processes, including soil organic matter decomposition,
immobilization, mineralization, and transformation to gaseous N are also simulated.
Immobilization and mineralization of carbon and N is determined based on the C:N ratio (Basso
and Ritchie, 2015; Liu and Basso, 2017a). SALUS considers three inorganic P pools (labile,
active, and stable) and two organic P pools (active and stable) for P cycling. Algorithms and
procedures for the P cycle have been described in Daroub et al. (2003).

The water balance module considers precipitation, runoff, evaporation, transpiration, and
drainage processes, and was adapted from the CERES model with revised algorithms for
infiltration, drainage, evapotranspiration, and runoff (Basso et al., 2010; Syswerda et al., 2012).

Algorithms for crop evapotranspiration were based on Ritchie’s equations (Ritchie, 1972). Crop



transpiration is calculated from potential evapotranspiration. The equation to partition
transpiration from potential evapotranspiration depends on soil surface wetness and leaf area
index. Algorithms used for evapotranspiration simulation in SALUS were presented in Basso
and Ritchie (2012) and Ritchie and Basso (2008). Soil water infiltration, drainage, and runoff is
simulated based on the time-to-pond concept and a physical-based water redistribution model,
instead of the Soil Conservation Service runoff curve numbers (Basso et al., 2010). SALUS’s
soil water distribution algorithms have been described in Suleiman and Ritchie (2003) and
Ritchie et al. (2009).

The SALUS model has been validated across various climatic environments, including
humid subtropical (Albarenque et al., 2016; Liu and Basso, 2017a), Mediterranean (Cillis et al.,
2018), tropical (Liu and Basso, 2017a, 2020b), and warm humid continental climates (Basso and
Ritchie, 2015; Liu and Basso, 2020a). It has been applied to evaluate both cereal and non-cereal
production under varying management practices and under historical and future climates.
Particularly, Liu and Basso (2017b) developed a modeling framework to identify constraining
factors for switchgrass cultivation across Michigan and to evaluate the effect of nitrogen
fertilizer application rates on switchgrass yield enhancement across Michigan under historical
and projected climate scenarios. Liu and Basso (2017a) used a crop model to quantify the impact
of soil and climate on maize yield across Malawi at 0.25-degree resolution and to evaluate the
effect of alternative management scenarios (e.g. maize and pigeonpea rotation, maize with
pigeonpea residue incorporation, and maize with N fertilizer) on yield. In addition, the SALUS
model has been evaluated to simulate yields of maize, soybean, and wheat (Basso and Ritchie,
2015; Liu and Basso, 2020a), soil water content (Basso et al., 2010; Basso and Ritchie, 2015),

soil carbon (Cillis et al., 2018; Pezzuolo et al., 2017), and soil nitrate and nitrate leaching (Basso



et al., 2016b; Giola et al., 2012) in a Mediterranean climate in Italy and humid continental

climate in the US.



CHAPTER 2: LINKING FIELD SURVEY WITH CROP MODELING TO FORECAST MAIZE
YIELD IN SMALLHOLDER FARMERS’ FIELDS IN TANZANIA
A version of this chapter appeared in the journal Food Security (doi:10.1007/s12571-020-

01020-3)

Abstract

Short term food security issues require reliable crop forecasting data to identify the
population at risk of food insecurity and quantify the anticipated food deficit. The assessment of
the current early warning and crop forecasting system which was designed in mid 80’s identified
a number of deficiencies that have serious impact on the timeliness and reliability of the data.
We developed a new method to forecast maize yield across smallholder farmers’ fields in
Tanzania (Morogoro, Kagera and Tanga districts) by integrating field-based survey with a
process-based mechanistic crop model. The method has shown to provide acceptable forecasts
(r? values of 0.94, 0.88 and 0.5 in Tanga, Morogoro and Kagera districts, respectively) 14-77
days prior to crop harvest across the three districts, in spite of wide range of maize growing
conditions (final yields ranged from 0.2-5.9 Mg/ha). This study highlights the possibility of
achieving accurate yield forecasts, and scaling up to regional levels for smallholder farming

systems, where uncertainties in management conditions and field size are large.

Introduction
Crop yield forecasts provide a distribution of expected yield prior to crop harvests (Basso and
Liu 2019). Knowing the expected yield of major food commodities in advance of harvesting is

critical for national food security (Jayne and Rashid 2010; Stone and Meinke 2005). At a
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national level, food production forecasts are used to make decisions on importing or exporting
food commodities and their trading prices (Delincé 2017). Food policies regarding trading affect
national food supply and food security in Africa (Wright and Cafiero 2011; Sitko et al. 2018). At
a field level, food supply is determined by crop productivity. In-season crop yield forecasts
provide management suggestions to optimize resource use efficiency (e.g. nitrogen fertilizer) and
to achieve yield potential at a field level (Raun et al. 2005; Zinyengere et al. 2011).

Many countries have institutional infrastructure for operational crop yield forecasts for
strategic planning. Government agencies are involved in providing information about field
conditions, crop status and weather conditions to release multiple stage yield forecasts before
planting, during the growing season, and prior to harvest (Gennari and Fonteneau 2016). The
assessment of the current early warning and crop forecasting system which was designed in mid
80’s identified a number of deficiencies that have serious impact on the timeliness and reliability
of the data (Basso and Liu 2019; Gennari and Fonteneau 2016; Luo et al. 2011).

There are three major approaches to forecasting crop yield: expert-based assessments (e.g.
interviews and field surveys), statistical models, and process-based models (Basso and Liu
2019). Interviews with farmers can provide subjective expectations on end-of-season yield
(Nandram et al. 2014; Pease et al. 1993). Field surveys with crop cutting provide objective yield
estimates prior to harvesting. Statistical models apply different techniques (regression, Bayesian
approaches, machine learning techniques) to relate historical yield records to historical within-
season agrometeorological variables, variables derived from remotely sensed vegetation indices
and/or crop model outputs to predict yield based on the growing-season information (Johnson
2014; Lobell et al. 2015). Crop models produce not only end-of-season yield but also yield

distributions based on crop genotypes, soil conditions, typical management practices, and in-
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season weather based on historical climate or weather forecasts, or by assimilating remotely
sensed information (Arkin et al. 1980; Jones et al. 2017; Kadaja et al. 2009; Reynolds et al.
2000).

Despite the extensive studies on yield forecasting methodology, most of the work has been
done for developed nations where fields are likely to be large with one single crop per growing
season, while only a small fraction of the literature has focused on yield forecasting methods for
smallholder farming systems, either pure stands or intercropping (Basso and Liu 2019). Much
work done so far in yield prediction has explored the use of statistical agrometeorological
models, where yield is forecasted based on in-season agronomic (e.g. leaf area index, fertilizer
use, and planting date) and meteorological data, either from observations or derived from
satellites (Basso and Liu 2019; Choularton et al. 2019; Coughlan de Perez et al. 2019). Because
the accuracy is constrained by the ranges of agrometeorological conditions that were included in
the model development, the scalability of the statistical models to different years, to other
regions and to other crops is limited (Katz 1977). A few researchers have used process-based
model with previous seasonal weather data to provide yield forecasts for sorghum in Burkina
Faso (Mishra et al. 2008), and within-season satellite-derived rainfall estimate for maize yield
forecasting in South Africa and Kenya (Lourens and De Jager 1997; Reynolds et al. 2000).

A recent advance in the statistical models for yield forecasts for smallholder farmers was the
development of regression models with growing-season weather, remotely sensed vegetation
indices, and crop model outputs and their applications to estimate final yield (Burke and Lobell
2017; Lobell et al. 2015). This approach relies on growing-season weather information (e.g.
rainfall in the last months of the growing season) or vegetation indices (e.g. peak normalized

difference vegetation index) and provides yield estimates before the end of the growing season.
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The lead time and skills of maize yield forecasts are limited for smallholder maize cropping
systems in Africa. In most studies, the yield forecast was delivered at harvest time but not during
the growing season (Basso and Liu 2019). One attempt was made to forecast maize yield using
agrometeorological models, which were based on both climatic variables from weather stations
and vegetation indices derived from satellite imageries, at initial and vegetative stage in Kenya
(Rojas 2007). The reported r-squared values from the forecasted and observed yield regression
model were mostly less than 0.5 when the forecasts were made at vegetative or reproductive
stage (Mkhabela et al. 2005; Rojas 2007; Schauberger et al. 2017). A few cases in Kenya and
Swaziland had higher correlation between the forecasted yield, made a few months before
harvest, and the final yield, with r-squared values greater than 0.7 (Mkhabela et al. 2005; Rojas
2007). Others used regression models to forecast yield in Zimbabwe and Botswana at maturity
based on climatic variables (Manatsa et al. 2011; Vossen 1990) and satellite derived vegetation
indices (Kuri et al. 2014; Unganai and Kogan 1998), and obtained adequate forecasting accuracy,
with r-squared values over 0.8. It has also been noted that forecasting procedures, particularly
when statistically based, performed much worse when applied to smallholder farming systems in
Africa, compared to large farms in the US (Azzari et al. 2017; Schauberger et al. 2017).

In this study, we present a new maize yield forecasting method that provides yield forecast
for governmental agencies before the crop is harvested (14-77 days prior to harvest). The
objective of this paper was to develop and validate a new method to forecast maize grain yield
based on the integration of field survey and crop model in three regions in the United Republic

of Tanzania (Tanzania hereafter).
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Materials and Methods
Context of the Research Project

Accurate and reliable crop yield forecasting data to identify the population at risk of food
insecurity and quantify the anticipated food deficit is a key policy concern of the Government of
Tanzania. The current forecasting system of Tanzania presents a number of deficiencies that
have serious impact on the timeliness and reliability of the data.

Improvement of the crop forecasting system was one of the actions identified under Strategic
Objective 3 (“rationalize statistical operations and processes, improving quality and relevance to
users of agriculture statistics data”) of Tanzania Agricultural Statistics Strategic Plan (ASSP)
recently prepared and adopted by the government. This research project, designed to develop a
new and practical method to provide accurate and timely crop yield forecasts for the Government
of Tanzania, was selected under the framework of the Global Strategy to Improve Agricultural
and Rural Statistics coordinated by the United Nations Food and Agriculture Organization (UN
FAO TCP URT 3504).

Descriptions of the New Yield Forecasting Method

The new yield forecasting method presented in this study is based on the integration of field

based surveys and the process-based crop model SALUS (Systems Approach to Land Use

Sustainability) (Figure 1).
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and the SALUS crop model.

SALUS Model Execution

For this study, we tested SALUS model to evaluate its capability to reproduce interannual
maize grain yield at the regional level (APPENDIX A Figure 28 and APPENDIX A Figure 29).

In this study, we ran SALUS using weather, crop, soil, and management inputs that captured
possible scenarios reported by field surveys. The weather data in the study were based on the

0.25°-resolution AgMIP climate forcing based on the Modern-Era Retrospective Analysis
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(AgMERRA) dataset and the 0.05°-resolution Climate Hazards Group InfraRed Precipitation
with Station (CHRIPS) dataset (Funk et al. 2015; Ruane et al. 2015). We extracted daily
temperature and solar radiation data in 1981-2010 from the AgMEERA, and daily precipitation
data from the CHIRPS gridded dataset. We used three maize cultivars in the simulations to
represent short, medium and long duration cultivars (APPENDIX A Figure 30). We included four
options to describe soils: poor, medium, fertile and extremely fertile (APPENDIX A Table 6).
Management practices (planting densities, N fertilizer application rates irrigation amounts) were
reported by field survey information for the districts of Morogoro, Kagera, and Tanga).

Field Questionnaire Survey

Currently, the Government of Tanzania collects in season information from farmers’ fields
using 7 field questionnaire surveys to monitor crop conditions and forecast crop yield and
production. We designed a simple questionnaire to collect field data as model input on
agronomic management, weather and plant information.

Management information included data on number of plants present in selected fields at the
time of the field survey, maize cultivar characteristics (short versus long duration), planting time,
planting density, fertilizers and irrigation amounts and timing of applications. For the weather
conditions, we asked qualitative descriptions of the current growing-season temperature and
rainfall conditions when compared to historical averages (options included: hotter than normal,
colder than normal, normal, drier than normal, wetter than normal). For the plant conditions at
the survey date, we asked the enumerators to take photos of the maize plants grown in the fields
to detect presence of diseases, weeds and insects. The questionnaire is available in APPENDIX A
Table 7-8.

During the season, data collection, both interviews and field sampling, were conducted by 55
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enumerators to complete the questionnaire. A quadrant design method was used to collect
planting density and plant condition information. One or two experimental plots (6x6 meter)
were first randomly established at each sampling field. Quadrants were then formed within the
experimental plot. Planting density was based on the number of plants across the four quadrants.
Two plants in each quadrant were randomly marked for the end-of-season field survey. In the
end-of-season field survey, crop cut and kernel numbers were performed to estimate grain yield.
Cobs in the experimental plots were harvested and weighed. The two plants previously marked
within each quadrant were sampled for total number of kernels and kernel weight. The kernel
information was then converted to determine the grain yield.
Yield Forecast Method

The SALUS crop model was executed using a combination of a series of soils, weather,
genotypes and management practices. The method searched for the simulation scenarios that best
represented the growing season conditions reported by the field survey questionnaire, and the
simulated yields of the selected simulations served as one of the forecasted yields depending on
the remaining weather to reach crop maturity. For each of the sampling fields, the yield
forecasting algorithm used the reported coordinates to identify historical weather scenarios
among the climate dataset, and then selected years in which temperature and precipitation
matched the reported in-season temperature and precipitation characteristics. The algorithm first
grouped historical years into three categories based on the 33.3" and 66.7" percentile values of
average seasonal temperature in 1981-2010. Years where the in-season average temperature was
less than 33.3" percentile of the average temperature in 1981-2010 were categorized as colder
than normal; years where the in-season average temperature was more than 66.7" percentile of

the average temperature in 1981-2010 were categorized as hotter than normal; years where the
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in-season average temperature was between the 33.3" and 66.7™ values was normal. Similarly,
years were also grouped into drier than normal, normal and wetter than normal categories based
on the 33.3™ and 66.7" percentile values of total seasonal precipitation in 1981-2010. The
algorithm then selected weather series where the temperature and precipitation categories
matched with the reported in-season weather characteristics. In the cases where the no historical
record was found to match with both in-season temperature and precipitation characteristics, the
algorithm prioritized matching with the reported precipitation condition. The algorithm narrowed
management scenarios based on the reported planted time, plant densities, and fertilizer and
irrigation applied. The yield forecasting algorithm used the reported maize duration to exclude
simulation scenarios in which the duration did not match the reported value. The yield
forecasting algorithm used the overall evaluation of the field to select soil used in the
simulations. The reported stress level due to water and nitrogen deficit, together with the photos
taken during the survey determined the overall field condition. We developed a protocol to
evaluate the overall condition of maize fields based on the photos and reported stress level.
When a field had maize with healthy dark green leaves and relatively thick stalks, it was
categorized as extremely good condition. When the plant was mostly dark green but under minor
stress, it was categorized as in good condition. Medium condition indicated plants with light
green leaves and under nitrogen and/or water deficit stress. Poor condition indicated short plants
with yellow-green leaves and thin stalks and were under severe stress level. We used the photo to
cross check the reported stress level due to water and nitrogen deficit and biotic stressors (i.e.
weeds, pests and diseases). The selected simulation scenarios (at least one simulation runs)
contained combinations of the selected weather, management, crop and soil scenarios, which

resulted from the yield forecasting algorithm. Lastly, the simulated yields of the selected
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simulations were adjusted based on the severity of insects, weeds and diseases. We applied a
15% reduction to the simulated yield when the severity of insects, weeds or diseases was
reported minor, and a 30% reduction when the severity was reported major (Tollenaar et al.
1994). The simulated yields, with adjustment for weeds and insects if reported, were the
forecasted yield for each sampling field.
Study Sites and Date Collection

The method was applied to three districts in Tanzania, Morogoro, Kagera and Tanga. The
study sites were selected by officials from the Government of Tanzania and the UN FAO (Figure
2a). The three districts have equatorial climate but have distinct agro-climatic characteristics
(Kottek et al. 2006). Kagera is located in northern Tanzania and has bimodal rainfall pattern,
where short rain starts in October and ends in December, and long rains start in March and end in
May. Tanga is located in northeastern Tanzania and also has bimodal rainfall pattern. Maize is
widely cultivated in Tanga whereas banana is an important crop in Kagera (Smale and
Tushemereirwe 2007). Morogoro is located in central Tanzania transitioning between bimodal
and unimodal rainfall (unimodal rainfall occurs between November and May) (Paavola 2008).

A total of 92 sampling fields across three districts were determined. Specifically, 28 sampling
fields were located across Morogoro, 39 across Kagera and 25 across Tanga. The enumerators
conducted within-season field questionnaire surveys spanning from late April to June 2017 for
Morogoro, from mid-January to the end of February for Kagera, and from late January to late
March for Tanga. The majority of the surveys were completed by end of May in Morogoro, and
by early January in Kagera and Tanga. Of the predetermined sampling fields, 17 fields in
Morogoro had maize plant that were not mature during the in-season field survey, as well as 24

fields in Kagera and 21 fields in Tanga (Figure 2b-d). For the remaining fields, maize either
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reached maturity (11 fields in Morogoro, 13 in Kagera and 4 in Tanga) or the field survey was
incomplete (two fields in Kagera), and thus they were not included in the analysis. The 62
sampling fields were across 55 households in the three districts.

The questionnaire we developed was coded in the Survey Solutions application in both
English and Swahili. Survey Solutions is a computer-assisted personal interviewing software
developed by the World Bank. The trained enumerators administered the field questionnaire
survey using tablets with the questionnaire coded in the Survey Solutions application. The
enumerators recorded the geographic location and surveyed the physical characteristics of the
within-season plant (including planting density, stress level due to N, drought, weeds, pests and
diseases) condition. Other in-season information (including weather characteristics and maize
cultivar, sowing time, irrigation and fertilization levels) were from enumerators’ interviews with
the farmers or farm workers. The complete survey was synchronized to the cloud storage. We
processed the within-season information immediately after we received it through the cloud
storage and provided the maize yield forecast for each of the sampling fields. We provided yield
forecasts ranging from 14 to 77 days prior to harvest. The 25" and 75" percentile of the

forecasting lead time was 30 and 55 days before harvest, respectively.
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Figure 2 Sampling locations across Morogoro, Kagera and Tanga districts of Tanzania. (a) Map
of Tanzania and the three districts, (b) spatial distribution of sampling fields in Morogoro, (¢)
spatial distribution of sampling fields in Kagera and (d) spatial distribution of sampling fields in
Tanga.
Accuracy Assessment

We assessed the accuracy of the maize yield forecasts submitted before harvest based on
three accuracy indicators. We first regressed the forecasted versus the observed yield and used
the coefficients of determination (r?) of the linear model to evaluate the overall agreement
between the yield forecasts and yield observations. We then calculated the root mean square of
deviation (RMSD) based on the Equation (1) to assess the deviation of the forecasted values
from the observed ones. The RMSD value is sensitive to extreme values. Lastly, we calculated
the Mean Absolute Error (MAE) (Equation (2)) to assess the accuracy of our methodology. The
MAE value represents the overall error. It is a more direct representation of model biases and is

less sensitive to extreme values compared to the RMSD (van der Velde and Nisini, 2019;

Willmott and Matsuura, 2005).
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............................................................ Equation (1),

N
MAE = l2|F: -0,
N Equation (2),

where N is the total number of sampling fields, i is each sampling field, F is forecasted yield and
O is observed yield.

We showed the accuracy of the yield forecasts for all sampled maize fields, regardless of the
maize development stages during initial visit, and the accuracy for sampled fields where maize

was present during the growing season.

Results

Descriptive Statistics of within-Season Data Collection

More than 90% of the sampling fields across Morogoro, Kagera and Tanga were smallholder
(less than 2 ha farm area) farming systems. The size of the fields ranged from 0.056 ha to 7.49 ha
with a median value of 0.83 ha in Morogoro. For the other two districts, all sampling fields were
under 2 ha. The field size was 0.19-1.30 ha with a median value of 0.47 ha for Kagera and was
0.02-1.92 ha with a median value of 0.71 ha for Tanga (APPENDIX A Figure 31).

Across the three districts, maize was at early to mid grain filling stage for all sampling fields
except for one field in Morogoro, where maize was at vegetative stage during the field survey.
The agronomic and climatic conditions varied across the sampling sites in the three districts.

In Morogoro, more than 75% of the fields were monoculture maize and four fields had maize
intercropped with either pigeonpea or field peas. Long-duration maize cultivars were reported for
12 fields and the remaining five fields had short-duration maize. The reported sowing time was

between early February and early March for most of the fields, and in mid March for three fields.
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Maize planting density across the 17 sampling fields ranged from 1.0 plants/m? to 5.7 plants/m?
with an average value of 2.8 plants/m?. Most of the fields was unfertilized and rainfed. Irrigation
was reported for two fields and manure application was reported for one field. No synthetic
fertilizer was reported across the fields in Morogoro (Figure 3). Water deficit was not reported.
No N deficit was reported for 9 fields, minor N deficit for 7 fields and severe N deficit for one
field. During the in-season field survey, weeds were not present for 8 fields, whereas the other 8
fields experienced minor weed problems, and one field had severe weed issues. Insects were not
present in 12 sampling fields, four fields had a minor insect problem and one field had a severe
insect problem. Only three fields were reported to have minor disease issues and the remaining
majority of fields did not have disease problems. Based on photos taken during the in-season
field survey, one field was assessed in extremely good condition with dense plants, healthy green
leaves and relatively thick stalks, eight fields were in good condition, four fields were in medium
condition with yellow spots on green leaves and relatively thin stalks, and four fields were in
poor condition with short plants, very thin stalks and/or unhealthy leaves (Figure 4).

In Kagera, slightly more than half of the sampling fields (14 out of 24 sampling fields) were
pure maize stands and the remaining fields were maize intercropped with banana (four fields),
banana and beans (one field), banana and cassava (one field), beans (two fields), or cassava and
beans (two fields). More than 60% of the sampling fields (15 fields) had long-duration maize
cultivars and the remaining fields had short-duration cultivars. Early October or late August were
the predominant sowing times. The sowing time was in early, mid or late September for a total of
7 fields. Maize plant density was low across the sampling fields, ranging from 0.3 plants/m? to
3.3 plants/m? with an average value of 1.3 plants/m?. Rainfed maize was reported for 23 out of

24 fields. A few fields (four fields) had manure applications by the survey date and none had
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synthetic fertilizer input. A majority of the maize fields had no water deficit whereas three fields
were had minor water deficit conditions (Figure 4). Minor N deficit was reported for a majority
of the fields (22 fields) and only two fields had no N deficit conditions. Half or more of the fields
were reported to have minor weed, insect and disease problems. Weeds, insects and diseases
were not reported in 7, 5 and 11 of the sampling fields in each district, respectively. Severe weed,
insect and disease problems were reported for one or two fields. We assessed that 10 fields were
in good condition, 9 were in medium condition and five were in poor condition (Figure 4).

Maize was grown in pure stands across the 21 sampled fields in the Tanga district. Of the
sampled fields, 14 fields were sown with a short-duration cultivar and seven had long-duration
cultivar maize. Maize was sown in early October for more than 90% of the fields and was
planted in late September for two fields. Maize plant density ranged from 0.4 plants/m?to 3.6
plants/m?, averaging 1.9 plants/m?. A majority of the maize fields were rainfed and unfertilized.
Irrigation was reported for three fields. Manure application was reported for two fields (Figure
3). None of the sampled fields had synthetic fertilizer input. Maize experienced minor water
deficit conditions in more than half of the fields, while severe water deficit stress was reported
for four fields. A majority of maize fields experienced minor N deficit and two fields had
adequate N supply. Most maize fields had minor or severe weed, insect and disease problems.
Overall, three fields were in extremely good condition, four were in good condition, 9 were in
medium condition and five were in poor condition (Figure 4).

Regarding in-season climatic characteristics, a majority of the respondents in Morogoro
reported hotter than normal and drier than normal condition, one respondent reported colder and
drier than normal conditions, and the other three reported normal temperature and rainfall

conditions. By contrast, most respondents in Kagera district reported average rainfall and
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temperature conditions when compared to the historical norm, three reported wetter and colder
than the norm, and the other three reported wetter but hotter conditions than the norm. For Tanga,
13 respondents reported drier and hotter than normal conditions, 7 reported average rainfall and

temperature conditions, and one reported drier and colder than the norm (Figure 3).
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Figure 3 Reported maize growing conditions, including pure crop stands versus intercropping,

maize duration, sowing time, plant density, irrigation and manure use and growing season
weather characteristics across the three districts.
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Figure 4 Maize status, including water and N deficit, weed, insect and disease presence, and
overall plant condition based on photos taken during in-season survey across the three districts.
Maize Yield Forecasts
Our proposed method was able to accurately forecast maize yield before the harvest across
the three districts under varying conditions. Maize yield ranged from 0.74 to 5.63 Mg/ha with an
average value of 2.36 Mg/ha and standard deviation of 1.2 Mg/ha in Morogoro. The forecasted
yield captured the variations in the reported final yield, with an 1? value of 0.88. The RMSD
value between the forecasted yield and the reported yield was 0.47 Mg/ha and the MAE value
was 0.36 Mg/ha (Figure 5a).
Maize yield in Kagera was low, 0.19-1.94 Mg/ha with an average value of 0.94 Mg/ha and
standard deviation of 0.51 Mg/ha. Using our proposed method, we were able to closely forecast
the final yield for most fields (r>= 0.5). The RMSD was 0.38 Mg/ha and the MAE was 0.25

Mg/ha (Figure 5b).
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For Tanga, where all maize fields were monoculture, maize yield ranged from 0.28 to 5.84
Mg/ha, with an average value of 2.03 Mg/ha and standard deviation of 1.59 Mg/ha. The
forecasted yield closely matched with the reported yield with 12 value of 0.94. The RMSD value

between the forecasted and the reported yield was 0.43 Mg/ha and the MAE value was 0.32

Mg/ha (Figure 5¢).
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Figure 5 Comparisons between the forecasted yield and reported final yield across (a) Morogoro,
(b) Kagera and (c) Tanga (note that the ranges for both axes in a-c differ).
Discussion

Forecasting grain yield before harvest for smallholder farming systems has been a major
challenge for scientists and government officials working on this important topic. Crop models
supplied with daily weather observation till the forecasting date combined with historical
observations for the remaining growing season, weather analog or seasonal weather forecast
have been used to generate yield forecasts (Hansen and Indeje 2004). Due to lack of extensive
weather station network in Africa, weather observations are limited and seasonal climate
forecasts have low skills (Sheffield et al. 2014; Singh et al. 2018). Quality real-time weather data
was not publicly accessible for our studied site. Instead of relying on real-time weather data to
simulate in-season crop growth and development, we used descriptive in-season weather

characteristics from the field questionnaire survey to select analog years in long-term reanalysis
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climate datasets (AgMERRA and CHIRPS). This was the first study, to the authors’ knowledge,
that linked field surveys with a crop model to forecast crop yield. The other innovation featured
in our study was the use of digital photos, taken with inexpensive and widely available mobile
computer tablets. The photos were used to assess growing season plant conditions, including
nutrient and water deficit levels, and weed, insect and disease issues. These photos provided
valuable mid-season information for experts to cross validate the answers reported by the
enumerators in the field survey questionnaire. We also implemented a simple reduction factor to
consider the effect of biotic stress (weeds, diseases and pests) on yield, which was not simulated
by crop models but prevalent in smallholder farms.

We demonstrated that it was feasible to make accurate yield forecasts by collecting both
subjective and objective in-season yield assessment as well as running the crop model. The use
of subjective evaluation of field condition in yield forecasts has been employed by the US
Department of Agriculture and has been documented in the literature (Pease et al. 1993 and
USDA 2012). Our methodology produced accurate yield forecasts for smallholder farming
systems (less than 2 ha) across three districts in Tanzania one to two months before harvest (12
values of 0.94, 0.88 and 0.5 in Tanga, Morogoro and Kagera districts, respectively). The
accuracy of our method was much higher than most of the yield-forecasting studies for Africa.
The r? values between the forecasted yield and final yield were mostly under 0.5 when forecasts
were made during maize vegetative to reproductive stages (Abo-Shetaia et al. 2005; Mkhabela et
al. 2005; Schauberger et al. 2017) with an exception of Unganai and Kogan (1998), where
regional maize yield in Zimbabwe was accurately forecasted (12 > 0.9) by the peaked
Temperature Condition Index and Vegetation Condition Index derived from the Advanced Very

High Resolution Radiometer satellite. There were a few studies reported comparably accurate
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yield forecasts at maturity (r* > 0.8) but our method offered accurate forecasts 1-2 months before
harvest (Manatsa et al. 2011; Rojas 2007; Vossen 1990). Basso and Liu (2019) has provided a
comprehensive review on crop yield forecasting methods and their accuracy.

Despite that statistical-based models could provide accurate crop yield forecasts for
smallholder fields in African countries (e.g. Manatsa et al. 2011 and Rojas 2007), statistical yield
forecasting model may not be applicable to growing conditions that are beyond the model
development boundary. Crop models have an advantage over statistical models regarding
capabilities of representing crop growth and development under climate change (Lobell et al.
2017; Jones et al. 2017). Our approach of integrating crop modeling and surveys provides a
framework to develop new yield forecasting methodology for other sites and other crops during
other years. Our approach can be applied to forecasting maize yield in Tanzania under the long-
term climate change conditions as well. To apply our method to maize yield forecasts in another
country or region, one needs to identify proper soil information and to determine historical or in-
season climate to cover the growth conditions. In this study, we focused on maize, the dominant
staple food crop in Tanzania. Our yield forecasting procedure, nonetheless, can be applied to
other crops, as long as the crops of interest can be simulated by the crop model. Regardless of
crops of interest, the field questionnaire survey should include plant density, within-season
information about weather, crop growing status (including stress levels due to weeds, pests,
diseases, and N and water deficiency), and soil information.

Our approach has a few limitations. First, it was constrained by the trained enumerators’
ability to conduct field questionnaire surveys. While enumerator availability may not be the
constraining resources in developing countries, field campaigns can be labor intensive and time

consuming. Second, the yield forecast product resulted from this study was subject to the quality
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of the questionnaire response. Our algorithm relied on the subjective evaluation of the weed,
disease and pest presence and the overall plant status assessment. In addition, AgMERRA
weather dataset, which provided temperature and solar radiation input for the yield forecasting
algorithm, had a limited temporal coverage, from 1980 to 2010. AgMERRA dataset may not be
adequate to forecast crop yield with the rapid changing climate since the weather analog
assumption will be violated as we are moving to a new climate regime. National Aeronautics and
Space Administration Prediction Of Worldwide Energy Resource (NASA POWER) provides

daily weather data since 1997 (https://power.larc.nasa.gov). The NASA POWER dataset may be

an alternative to AGMERRA, though the POWER dataset has a coarser spatial resolution (0.5 arc
degree). There are a few sources of uncertainties in our study. Though the soil and maize cultivar
information we used for crop modeling and for creating yield database before the field
questionnaire surveys adequately represented soils and maize cultivars in Tanzania, we did not
have on-site soil data by depths across our study sites or the genetic parameters of cultivars
grown in the sampling fields. There were uncertainties in soil and plant parameters of the
SALUS model. The other uncertainty was the evaluation of in-season photos taken by
enumerators. Different interpretation of the photos can lead to different forecasted maize yields.
Another source of uncertainty was the final grain yield. Due to the logistics of the field survey,
we asked for kernels number and cob weight but we did not shell maize cobs to weigh the kernel.
We found inconsistencies between estimated yield based on kernel number and estimated yield
derived from cob weight and planting density across the sampling fields, perhaps due to
precipitation event before conducting the final field survey and moisture contribution to the cob
weight. Due to missing cob weight and the quality of the cob weight, final grain yield was

estimated based on total kernel number.
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To overcome the limitations of field questionnaire survey, high resolution commercial remote
sensing imageries that are increasingly available to research use may provide within-season
vegetation status and information about management practices (e.g. planting date). Two research
advances are needed to achieve accurate yield forecasts at the regional level using the proposed
framework. First, high resolution cultivated crop maps are required to scale up our proposed
framework. Second, vegetation status, planting date and plants density needs to be extracted
from high resolution satellite imageries, such as PlanetScope and SkySat

(https://www.planet.com).

Conclusions

We have presented a new method that integrates within-season field survey and crop
modeling to forecast yield for smallholder farming system. We applied our proposed method to
forecast maize yield at field scale across three districts in Tanzania, where maize was cultivated
under different planting densities, varied intercropping plants and distinct growing-season
weather conditions. The results showed that we achieved accurate yield forecasts across diverse
maize fields. This study provided the most accurate field-level yield forecasting method for
smallholder farming systems in Tanzania to date, which is a critical piece of information toward
understanding areas within regions affected by food shortages or overproduction, leading to more

informed decision by government officials.
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CHAPTER 3: EVALUATING CLIMATE CHANGE IMPACT ON YIELD, SOIL ORGANIC
CARBON, AND SOIL NITRATE OF MAIZE-BASED SMALLHOLDER SYSTEMS IN

TANZANIA

Abstract

Smallholder crop yields are vulnerable to climate change. Recent advances in regional
climate modeling in Africa allows for assessment of the uncertainty of climate impacts on
smallholder agriculture. The objectives of this study were to quantify uncertainties in the
projected climate for the next 30 years (2020-2049) and to evaluate potential climate impacts on
yield, soil organic carbon (SOC), and soil inorganic nitrogen (N) of maize-based systems in
smallholder fields in Tanzania. I analyzed four climatic variables, average minimum and
maximum temperature, precipitation, and solar radiation, using bias-corrected climate output
from 18 regional climate models in the Coordinated Regional Climate Downscaling Experiment
(CORDEX) program. I simulated climate impacts using the Systems Approach to Land Use
Sustainability (SALUS) model at 60 sites in Morogoro, Kagera and Tanga regions in Tanzania.
Management, soil, and plant inputs in the SALUS model were derived from field questionnaire
surveys conducted in 2017-2018 and described in Chapter 2. Climate input was based on (i) daily
weather from CORDEX’s 18 climate models and (i1) a delta-method projected climate with
historical climatic variables changed to match the average projected changes across the 18
CORDEX climate model simulations. The 18 regional climate models in general produced
agreement on changes in average daily minimum and maximum temperature and solar radiation
(coefficient of variation, CV, was within 6%) for the study sites in the three districts under

Representative Concentration Pathway (RCP) 4.5 and RCP 8.5 scenarios. But sizable variations
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in the projected total rainfall were observed across the 18 climate models (CV 27-55%). With the
18 climate models, the projected grain yield varied considerably (CV 3-21%) under the two
RCPs. Substantial projected soil N variability was simulated by the 18 climate models (CV 31-
117%). SOC was the least affected by uncertainty in climate change (CV within 4%). When
using the delta-method projected climate, the simulated climate impact on soil N and SOC was
close to the averaged simulated impact from the 18 climate models for most cases. The adverse
impact on grain yield was smaller when using the delta method, compared to the averaged

changes in yield across the climate models.

Introduction

Smallholder farms in African countries, often family-operated and resource-constrained, are
particularly vulnerable to climate change (Lowder et al., 2016; Michler et al., 2019). The
projected warming temperatures are less favorable for cereal crop development and growth. The
other component of climate change is increased variability with more erratic rain events.
Changes in variance of variables can be more impactful than changes in their means (Liu and
Basso 2020a). Compared to historical climate, temperature in Africa has been projected to
increase with high confidence, but the degree and direction of change in rainfall is much less
certain (Masson-Delmotte et al., 2018). It is critical to evaluate the implications of climate
variability of smallholder fields in Africa in the context of climate change.

Tanzania, located in East Africa, has experienced warming temperature and shifts in rainfall
amounts and patterns. Yield of maize, a major staple food in the country, has been impacted by
the changing climate (Kahsay and Hansen, 2016; Wainwright et al., 2019). Statistical and

process-based crop models (e.g. DSSAT and APSIM) have been used to evaluate maize yield
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response to climate change at field and regional scales (Mourice et al., 2017; Msongaleli et al.,
2015; Rowhani et al., 2011; Tesfaye et al., 2015 and more recently Falconier et al., in press).
Recently, crop modeling communities have focused on the effect of uncertainties of climate
change and crop models on crop yield, with a consideration of the low-input systems in Africa
(Bassu et al., 2014; Tao et al., 2018, Falconier et al., in press). But few studies have emphasized
climate impacts on soil carbon and nitrogen (Basso et al., 2018a).

Long-term climate projections for Africa from regional climate models create an opportunity
to evaluate climate change impact on smallholder agricultural systems in resources-limited
environments. The Coordinated Regional Climate Downscaling Experiment
(CORDEX) framework provides climate series driven by different global climate models (at
about 2° resolution) combined with a regional climate model at various spatial (e.g. 0.44° and
0.22°) and temporal (e.g. daily and monthly) resolution for various terrestrial land masses across
the globe under different greenhouse gas emission scenarios, the Representative Concentration
Pathways (RCP) (Giorgi, 2019; Giorgi et al., 2009). A few studies have evaluated maize yield
change under projected climate compared to historical climate in eastern-central and southern
Tanzania by using crop models with projected climate from a fraction of the CORDEX regional
climate models (Luhunga et al., 2017; Luhunga, 2017).

It is well known that an ensemble climate projected by multiple climate models is more
accurate than that from a single model (DelSole et al., 2014; Ehsan et al., 2017). This implies a
need to include multiple climate models in climate impact assessment. Recent crop modeling
research has adopted the multimodel ensemble approach to assess climate impact on agriculture,
with a focus on yield, using different crop models under a gradient of changes in average

precipitation, temperature, and CO,. The mean or the median from crop multimodel simulations
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has been used as a base to evaluate climate impact (e.g. Asseng et al., 2017; Wallach et al.,
2018). The other method for assessing the changes in the projected climate is to evaluate changes
in the mean using multiple climate models (Hemer et al., 2013). Two questions arise from the
crop and the climate multimodel ensemble approaches: how projected climate change impacts
are distributed when using multiple climate-model outputs in a crop model, and how climate
impact assessment differs when using the averaged value simulated with each member climate
model, versus one simulated value with one single projected climate based on average changes in
climatic variables. This paper aimed to address these two questions. The objectives of this
research were to quantify uncertainties in the projected climate in the next 30 years (2020-2049)
in Tanzania across the 18 regional climate models in the CORDEX; and to evaluate uncertainties
in climate impact on yield, soil organic carbon (SOC), and soil inorganic nitrogen (N) of maize-

based systems in smallholder fields in Tanzania.

Materials and Methods
SALUS Model Validation

I used field surveys from our previous work and field experiment observations from the
literature to verify the SALUS model’s ability to represent maize cultivation, including grain
yield and N dynamics in Tanzania. I first compared the simulated maize yield to the observed
yield in 62 fields across three districts in Tanzania (Morogoro, Kagera, and Tanga) from a field
campaign in the long and short rain seasons in 2017-2018 (Liu and Basso 2020b). I then
compared simulated yield and plant N uptake to the observations from a field experiment under
four treatments at two sites in Tanzania, reported in Zheng et al. (2018) and Zheng et al. (2019).

The four treatments included unfertilized, 50 kgN/ha fertilizer added, 100 kgN/ha fertilizer
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added, and maize residue incorporated with 50 kgN/ha fertilizer applied. The experimental sites
were in Iringa with low soil fertility and drier climate, and Mbeya with fertile soil and wetter
climate. To test SALUS’s ability to represent the maize cultivation reported by the
aforementioned two papers in Tanzania, I included a total of 28 observed annual grain yield
observations at the two sites under various treatments in four growing seasons in 2013/2014-
2016/2017, and 12 observed plant N uptake observations, based on destructive crop sampling,
followed by temperature combustion and subsequent gas analysis, at the two sites under three N
input rates for two growing seasons in 2013/2014-2014/2015.

For SALUS validation across 62 fields in Tanzania, I used daily temperature and radiation
records for 2017-2018 derived from the National Aeronautics and Space Administration
Prediction of Worldwide Energy Resources (NASA POWER, downloaded from

https://power.larc.nasa.gov) and precipitation records from the Climate Hazards Group InfraRed

Precipitation with Station (CHIRPS) (Funk et al., 2015). I used the soil, crop, and management
information from the field survey as inputs for model validation. Details of the field survey were
described in Liu and Basso (2020b). Similarly, I extracted daily weather from NASA POWER
and CHIRPS, and used the reported soil and management in Zheng et al. (2018) and Zheng et al.
(2019) as SALUS inputs to validate SALUS simulated grain yield and plant N uptake.
Input of Climate Impact Simulations

I obtained daily climatic variables of 18 climate scenarios from the CORDEX program. The
18 climate scenarios resulted from different combinations of global circulation models, regional
climate models, and ensemble members (rlilpl, r12ilpl and r3ilpl). Climate scenarios in the
CORDEX have been reported to reproduce the annual cycle, mean and, inter-annual variability

of temperature and rainfall reasonably well for Tanzania (Luhunga et al., 2016). I first
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downloaded the output of the 18 climate models using the Earth System Grid Federation data

portal (https://esg-dnl.nsc.liu.se/search/cordex/). I then extracted daily minimum and maximum

temperature, precipitation, and solar radiation for 1984-2049 under RCP 4.5 and RCP 8.5 from
the 18 climate models for the study sites. Lastly, I applied the quantile delta mapping method to
correct bias in the daily weather series extracted from the CORDEX climate scenarios. Quantile
delta mapping corrects systematic errors in the climate models in relation to historical
observations while preserving average changes produced by the climate models (Cannon et al.,
2015). Due to inaccessibility of historical climate data at the study sites, I used climate series for
1984-2005 from the NASA POWER (daily solar radiation, and minimum and maximum
temperature) and CHIRPS (daily rainfall) datasets as historical observations to conduct bias
correction. Bias correction was executed using the “MBC” library of the R package (Cannon,
2018).

Management (particularly planting density) and soil information for each site was identified
during the field questionnaire and yield-forecasting algorithm, respectively, described in Chapter
2. Maize was parameterized in the SALUS model to represent a short duration (about 90 days)
cultivar, which is commonly planted during long rain seasons in bimodal rain areas in Tanzania
(Abate et al., 2017; Nkonya, 1998).

Climate Impact Simulation Experiments

I simulated unfertilized rainfed continuous maize cultivation during the masika rain (long
rain) season for 30 years for each of the study sites located in typical bimodal rain regions across
Morogoro, Kagera, and Tanga under historical climate and climate change scenarios. A total of
60 sites were included in this study (two sites from Chapter 2 located in southern Morogoro,

where the rainfall pattern transitions between unimodal and bimodal, were excluded).
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Under climate change, two types of projected climate were used as inputs for the SALUS
model: (i) outputs from CORDEX’s 18 bias-corrected 18 regional climate models under RCP 4.5
and RCP 8.5, and (i1) delta-method projected climate, where multipliers were applied to climatic
variables in the historical record, under the two respective RCPs. RCP 4.5 is a medium
greenhouse gas emission path in which radiative forcing would stabilize at 4.5 W/m? by 2100,
whereas RCP 8.5 is a business-as-usual no-adaptation path in which forcing would reach 8.5
W/m? by 2100. Regarding the delta method, I first calculated average percentage differences in
the four respective climatic variables (minimum and maximum temperature, solar radiation, and
rainfall) between historical climate and the respective 18 climate models, and then adjusted daily
weather series for 1990-2019 based on the average percentage difference. This was done for RCP
4.5 and RCP 8.5 for three seasons, long rain (March-May), dry (June-September), and short rain
(October-December). Therefore, for each site, a total of 19 climates (18 climates from the
CORDEX climate models and the delta-method climate) was used as SALUS model inputs
under each of the two RCPs. In SALUS simulations, CO; was set at 380 ppm under historical
climate, 424 ppm under RCP4.5 and 429 ppm under RCP8.5 (Van Vuuren et al., 2011a; Van
Vuuren et al., 2011b).

Statistical Analysis
SALUS Model Accuracy Assessment

I used the Nash-Sutcliffee Efficiency (NSE) index and root mean square deviation (RMSD)
between the simulations and observations to quantify the accuracy of the SALUS model in
simulating maize yield and plant N uptake. The NSE index ranges from -Inf to 1 and it indicates
how well the simulated versus observed values fit the 1:1 line. An NSE index of 1 means the

simulation model is 100% accurate, and simulated versus observed values are on the 1:1 line; an
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NSE index of 0 means the simulation model is as accurate as using the mean of the observed
values; a smaller-than-zero NSE index means the model prediction is worse than using the mean
of observations (Moriasi et al., 2007). The RMSD indicates overall error in model prediction and
is sensitive to extreme values. The two metrics provide complimentary information for
simulation model accuracy evaluation (Willmott, 1981).

Evaluation of Climate Change Uncertainty and Climate Impact Assessment

I used coefficient of variation (CV, ratio between standard deviation and mean) to quantify
the impact of climate change uncertainties on three agronomic outcomes, grain yield, SOC, and
soil inorganic N. CV was first calculated based on 18 simulations using weather from each of the
18 climate models for each site under each of the two RCP scenarios. I then reported the average
and standard deviation of the site-based CV grouped by district and RCP scenario for each of the
three agronomic variables. In addition, I compared four climatic variables in long rain seasons
(average minimum and maximum temperature, solar radiation and total rainfall) between each of
the 18 climate models in 2020-2049 and historical years in 1990-2019 for each site and reported
the distribution of the difference grouped by district and RCP scenario.

Changes in 30-year average grain yield under projected climate for 2020-2049 and under
historical climate for 1990-2019, changes in SOC over the simulation period 2020-2049, and
changes in end-of-30-year soil inorganic N between projected climate and historical climate were
of interest in climate impact assessment, in addition to their absolute simulated values. To
evaluate the effect of climate change variability on climate impact, I compared the three relevant
variables averaging simulated values from 18 climate models versus using one delta-method
projected climate. This discrepancy between the average value from 18 simulations and one

simulated value based the delta method projected climate indicated inadequacy of using changes
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in the mean of climatic variables in climate impact assessment.

Results
SALUS Model Validation

The simulated grain yield matched with the field observations for 62 fields across Tanzania
in 2017-2018. The NSE value between the simulated and observed yield was 0.94, indicating the
simulated versus observed yields fell closely on the 1:1 line. Overall, the SALUS model captured
maize growth under a range of conditions where final observed yield ranged from 0.2 to 5.6
Mg/ha with small error (RMSD value of 0.3 Mg/ha) (Figure 6).

The SALUS model was also able to reproduce maize yield and plant N uptake under various
treatments at two sites for 2-4 years in Zheng et al. (2018) and Zheng et al. (2019). The NSE
value between the simulated and observed yields under three N rates (0, 50 and 100 kgN/ha) for
four years and under 50 kgN/ha with residue addition for two years at two sites was 0.75 (Figure
7a). The RMSD value between yield simulations and observations was 0.6 Mg/ha. For plant N
uptake under the three N rates for two years at two sites, the NSE value was 0.88 and RMSD was

11.7 kg/ha (Figure 7b).
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Figure 6 Comparisons between simulated and reported maize grain yield at 62 sites across three
districts in Tanzania. (Observations were from Liu and Basso, 2020b)
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Figure 7 Comparisons between simulated and observed (a) grain yield and (b) plant N uptake
under various N-fertilizer and residue incorporation treatments at two locations in Tanzania.
(Observations were from Zheng et al., 2019 (ab))

Climate Change Uncertainties

Temperature, rainfall, and solar radiation varied spatially across the study sites (APPENDIX
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B Figure 32). Among the four climatic variables, the regional climate models agreed on the
projected maximum temperature. The average CV of maximum temperature in the 18 climate
models for 60 sites in long rain seasons was about 2-3% under RCP 4.5 and RCP 8.5 (Table 1).
Projected total rainfall varied most across the climate models. The average CV of projected total
rainfall was about 50% for Morogoro and Tanga under RCP 4.5 and was about 30% for Kagera.
The CV was about 30% for Morogoro and about 45% for the other two districts under RCP8.5
(Table 1). For average daily solar radiation and minimum temperature during long rain seasons,
CV across the 18 climate models was 2-6% under the two RCPs (Table 1).

Minimum temperature in long rain seasons was projected to increase by the largest extent in
Kagera, followed by Tanga and Morogoro. The average daily minimum temperature in 2020-
2049 under RCP4.5 was projected to change by -0.05 to 6.7°C with an average value of 1.4°C
across the 39 sites and 18 climate models in Kagera. Under RCP 4.5, the average minimum
temperature was projected to change by -1.3 to 1.5°C (average of 0.6°C) and -1.4 to 1.8°C
(average of 0.2°C) in Tanga and Morogoro, respectively. Under RCP 8.5, the average minimum
temperature was projected to change by 0.2 to 7.3°C (average of 1.4°C), -1.3 to 1.8°C (average
0f 0.8°C), and -1.4 to 2.0°C (average of 0.4°C) in Kagera, Tanga, and Morogoro, respectively
(Figure 8a).

Maximum temperature is projected to increase in most cases. The changes in average
maximum temperature between 2020-2049 and 2010-2019 ranged from decreasing by 0.6°C to
increasing by 4.1°C across the three districts (average change was increasing by about 1.6-1.9°C)
under RCP 4.5. Similarly, the changes ranged from decreasing by 0.8°C to increasing by 4.3°C
(average change was increasing by about 2°C) under RCP 8.5 (Figure 8b).

Seasonal total rainfall was projected to decrease in most cases. On average, total rainfall was
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projected to decrease. It was projected to decrease by 0.5-63.1% (average of 29.0%) in Kagera
under RCP 4.5 (Figure 8c). Under RCP 8.5, the percentage change ranged from decreasing by
67.4% to increasing by 2.4% (average of -29.4%). For Morogoro and Tanga, the respective
percentage change ranged from decreasing by 67.0% to increasing by 23.3% (average of
decreasing by 31.9%), and from decreasing by 64.0% to increasing by 17.2% (average of
decreasing by 35.5%) under RCP 4.5. Under RCP 8.5, the percentage changes were from
decreasing by 71.1% to increasing by 13.6% (average of decreasing by 32.0%) for Morogoro,
and from decreasing by 65.8% to increasing by 8.8% (average of decreasing by 34.9%) for
Tanga (Figure 8c).

The percentage change in average daily solar radiation during long rain seasons between the
projected climate from the climate models and historical climate was within 10% under RCP 4.5
and was -8% to 12.5% under RCP 8.5 for Kagera. The percentage changes ranged from -10.7%
to 19.2% with a respective average of 4.7% and 5.1% under RCP 4.5 and RCP 8.5 for Morogoro.
Similarly, the percentage changes were similar under RCP 4.5 and RCP 8.5 in Tanga, ranging
from -8% to 12%, with an average value of 1.2% and 1.4%, respectively (Figure 8d).

Table 1 Average and standard deviation of CV (%) of average minimum temperature, average
max temperature, total rainfall and daily solar radiation in 2020-2049 across 18 climate models

for the simulated 60 sites grouped by the three districts (values in the parentheses are standard
deviation)

Morogoro Kagera Tanga

RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5
min. temperature ~ 5.12 (2.0)  4.00(2.6)  197(1.3)  1.83(1.4)  497(2.0)  3.93(L.6)

max. temperature  2.04 (1.2)  2.28(1.7)  3.03(1.0)  3.09(1.8)  2.39(1.5) 1.78 (1.0)
total rainfall 48.18 (16.0) 27.59(16.8) 29.52(19.1) 46.89 (22.5) 55.10(25.7) 41.13 (14.7)
solar radiation 451 (2.1) 21522 591(23)  538(2.1)  332(09)  3.04(2.3)
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Figure 8 Distribution of changes in average values of climatic variables in masika seasons
(March-May) in 1990-2019 across 18 climate models for 60 sites in the three districts under
RCP4.5 and RCP8.5: (a) changes in minimum temperature, (b) changes in maximum
temperature, (c) percentage changes in seasonal total rainfall, and (d) percentage changes in daily
solar radiation.

Uncertainties in Grain Yield, SOC and Soil Inorganic N under Climate Change

The bias-corrected weather input from the 18 climate models led to substantial variations in
simulated soil inorganic N (CV ranging from 5% to 283%), sizable variations in grain yield (CV:
3-21%) and negligible variation in SOC (CV within 4%) (Figure 9).

Across the study sites, the average CV of simulated 30-year average yield in 2020-2049 was
8-9% for Morogoro and Kagera under RCP 4.5 and RCP 8.5, and was about 16% for Tanga
under the two RCPs. In addition to uncertainties attributed to projected climate, spatial
variability accounted for additional uncertainties. The standard deviation of grain yield
simulation uncertainty was about 4% (Figure 9a).

The effect of variability among climate models was the least on SOC simulations. Across the

study sites under RCP 4.5, the average and standard deviation of CV of simulated end-of-30-

years SOC was 1.1% and 0.5%, respectively for Morogoro, 0.9% and 0.3% for Kagera, and 1.5%

45



and 0.9% for Tanga. Under RCP 8.5, the CV slightly increased, with average values of 1.0%,
1.0% and 1.6% for Morogoro, Kagera, and Tanga, respectively (Figure 9b).

In general, the uncertainty in soil inorganic N simulation was the largest due to the
uncertainties in heavy rain events under the projected climate. On average, CV of simulated soil
N at the end of 30-year simulations was 89-117% for the three districts under RCP 4.5, and was
smaller under RCP 8.5, ranging from 47% to 74%. In addition, there was a large spatial
variability in soil N simulations. The standard deviation of CV of simulated soil N across the

sites ranged from 52% to 97% under RCP 4.5 and was 31-66% under RCP 8.5 (Figure 9c).
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Figure 9 CV of simulated agronomic variations when using output of 18 climate models as
SALUS input across the study sites in three districts under RCP 4.5 and RCP 8.5: (a) grain yield,
(b) SOC and (c) soil inorganic N (note the ranges of y axis differ for the three panels).
Discrepancy in Climate Impact Assessment

Across each study site under RCP 4.5 and RCP 8.5, the predicted changes in 30-year average
yield due to climate change varied substantially across the 18 climate models (APPENDIX B

Figure 33). When averaging the change simulated using the 18 climate models as SALUS input

for each site, Morogoro was predicted to have decreased yield (by 1.0-19.3%) for nine sites, and
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to have increased yield (by up to 7%) for the remaining seven sites under the RCP 4.5 scenario.
Similar values were found for RCP 8.5 for study sites in Morogoro. Under RCP 4.5, yield in
Kagera was predicted to decrease by 0.6-40.8% for 23 sites, and one site was predicted to
increase insignificantly (by 0.05%). Under RCP 8.5, yield was predicted to decrease more, by
2.0-44.1% for 21 sites, and to increase by up to 10%. For Tanga, on average for the 18 climate
models, yield was predicted to decrease by about 15-48% under the two RCP scenarios (Figure
10).

When using one delta-method projected climate, the simulated percentage change tended to
be smaller than the averaged simulated change using the 18 climate models for the study sites.
For Morogoro, the simulated percentage change was about 6% smaller than the average
simulated changes using 18 climate models under the two RCPs. For Tanga, such discrepancy
was 17-18% under RCP 4.5 and RCP 8.5 scenarios. The simulated percentage change in yield,
nonetheless, was close to the average simulated percentage changes using 18 climate models for

study sites in Kagera district under both RCP scenarios (Figure 10).
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Figure 10 Comparisons of average simulated percentage changes in yield due to climate change
using 18 climate models versus using one delta-method projected climate for (a) RCP 4.5 and (b)
RCP 8.5

The average SOC change using the 18 climate models was close to that using the delta-
method climate for both RCPs for most sites, with the exception of three sites in Tanga where the
average SOC from the models decreased slightly more than that of the delta-method climate.
Averaging SOC changes from the 18 climate models, SOC was predicted to decrease by 13.1-

31.4% (average of 23.2%) across the study sites under RCP 4.5 and by 13.3-31.8% (average of

23.6%) under RCP 8.5 (Figure 11, APPENDIX B Figure 34).
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Figure 11 Comparisons of average simulated SOC changes over 30 years using 18 climate
models versus using one delta-method projected climate

The difference between simulated soil inorganic N under projected climate and under
historical climate was highly dependent on the weather inputs of the SALUS model (APPENDIX
B Figure 35). Averaging the simulated changes in soil inorganic N using the 18 climate models,
soil inorganic N was predicted to increase by up to 6 kg/ha for 14 sites in Morogoro under RCP
4.5, and by up to 2 kg/ha under RCP 8.5 for 13 sites. One site was predicted to have decreased
soil inorganic N under RCP 4.5 and soil N would be lower for two sites under RCP 8.5 for
Morogoro (both by less than 0.5 kg/ha) (Figure 12). For Kagera, all sites were projected to see
increased soil inorganic N, by up to 13 kg/ha, under climate change when averaging the
simulated changes across the 18 models under both RCP scenarios. Similar findings apply to
study sites in Tanga, with up to 14 kg/ha increase in soil N under projected climate (Figure 12).

When using one delta-method projected climate, the simulated change in soil inorganic N was
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close to the averaged simulated change using the 18 climate models (within 5 kg/ha difference)
for most sites across the three districts, particularly in Morogoro and Kagera. Such difference
was more than 5 kgN/ha (up to 14 kg/ha) for 14 sites in Tanga under the RCP 4.5 scenario, and

for 5 sites under the RCP 8.5 scenario (Figure 12).
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Figure 12 Comparisons of average simulated changes in soil inorganic N under climate change
compared to historical climate when using 18 climate models versus using one delta-method
projected climate
Discussion

Results from analyzing changes in climatic variables in 2020-2049 compared to 1990-2019
aligned with findings in the climate change literature that future temperatures will continue to
warm, but much uncertainty remains in precipitation projection (Pfahl et al., 2017; Sillmann et

al., 2017). The variations in the climate projected by 18 regional climate models led to varied

projections of climate impact for smallholder maize fields, using regional climate model output
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to drive the SALUS crop model. The variability of simulated yield and soil inorganic N was
sizable among the climate models, but the variability in SOC was low (Figure 9). Thus, this
study provided insights on the need for multimodel ensemble of regional climate models as crop
model inputs for climate change impact analysis.

Several studies have evaluated climate impact on maize yield in Tanzania. In general, maize
yield has been projected to decrease due to shorter growing seasons caused by increased
temperatures, and/or drought stress caused by decreased rainfall (Rowhani et al., 2011). The
findings in this study support the prediction of decreased maize yield under climate change. But
the results in this paper also suggest that depending on the regional climate model output used in
a crop model, maize yield could be projected to increase, particularly for sites in Morogoro
(Figure 10, APPENDIX B Figure 33). Others have also reported increased maize yield under the
projected climate in Morogoro (by less than 10%) and Kagera (by less than 2%) (Arndt et al.,
2012; Luhunga et al., 2017; Luhunga, 2017). Moore et al. (2012) attributed such increase in yield
under climate change to more favorable conditions, and in addition, Folberth et al. (2016)
showed that soils used in crop models may influence the direction of projected changes.

This study contributed to the inclusion of soil-management-crop feedback in climate impact
assessment. Compared to historical climate, soil inorganic N was projected to increase under the
projected climate, but the increased inorganic N — which resulted from higher mineralization
and less plant uptake due to smaller plant size under climate change — does not linearly translate
to higher grain yield. This finding was in line with one of the few climate impact studies on soil
inorganic N (Basso et al., 2018b).

Incrementally adjusting crop models’ climatic inputs — temperature, precipitation, and CO»

— is one common practice to evaluate climate change impact on cropping systems. This practice
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does not account for changes in climate extremes. Here, the results — comparing averaged
climate impact from 18 climate models on various aspects of maize production systems to
climate impact using a delta-method projected climate that only considered changes in the mean
of climatic variables — indicated that yield and soil inorganic N were sensitive to climate

extremes but soil carbon was not (Figure 10-12).

Conclusions

Evaluating uncertainties in projected climate and in climate change impact on agriculture is
important for planning agronomic strategies able to allow crops to adapt to a new climate regime.
This paper addressed uncertainties in climate impact on yield, SOC, and soil N of maize-based
systems in Tanzania resulting from variability in the projected future climate. The results showed
that maize yield and SOC would most likely decrease, and soil N would increase. The results
also implied the importance of considering changes in climate extremes in climate impact

assessment.
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CHAPTER 4: SUSTAINABLE YAM PRODUCTION IN GHANA: A MODELING
PERSPECTIVE ON THE RESPONSE OF YAM YIELD AND SOIL ORGANIC CARBON TO
AGRONOMIC MANAGEMENT

A version of this chapter has been submitted to a peer-review journal

Abstract

Yam, a major food crop for West Africa, has not been managed to reach its potential
productivity. The current practice of planting yam continuously for years after clear-cutting a
field is not sustainable and has led to deforestation and nutrient depletion. By examining the
effect of improved management on yam cultivation in Ghana, this study aimed to solve the
tradeoff between improving yam yield and sustaining soil organic carbon (SOC).

We used a calibrated and validated process-based crop model, Systems Approach to Land
Use Sustainability, to assess the impact of four management treatments: continuous unfertilized
rainfed yam (control), pigeonpea-yam rotation, yam with 3 Mg/ha pigeonpea residue
incorporated and yam with 23-23 N-P205 kg/ha fertilizer added. We modeled 10 years of yam
yield and SOC across cropland in Ghana with varying levels of soil carbon, rainfall amount, and
precipitation pattern. On average, simulated yam tuber yield was the highest with a pigeonpea
residue incorporation treatment (4.1-11.9 Mg/ha, average of 7.5 Mg/ha). The rotation (average
yield of 6.4 Mg/ha) and fertilizer (average of 7.0 Mg/ha) treatments produced comparable
increases in yam yield over the control treatment (1.9-9.2 Mg/ha, average of 4.9 Mg/ha). The low
yam yield of the control treatment was mostly attributed to nutrient deficiency (nitrogen and
phosphorus). Drought also limited yam growth, particularly in northern Ghana. The three

improved management treatments increased soil nutrient availability and thus improved yield.
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SOC declined under all four tested treatments over the simulated 10 years, but declined least
with residue incorporation (average rate -0.3 Mg/ha/year), followed by fertilizer addition (-0.43
Mg/ha/year), rotation (-0.42 Mg/ha/year), and the control (-0.51 Mg/ha/year) management. Our
work provides a benchmark for yam yield response to alternative management across Ghana, and
highlights pigeonpea’s contribution to sustainable intensification of yam. Further research is

needed to untangle the interacting effects of land use and agronomic management on SOC.

Introduction

White yam (Dioscorea rotundata) is an extensively cultivated and consumed species in
Ghana and other West African countries (Kayode et al., 2017; Olatoye and Arueya, 2019;
Raymundo et al., 2014). The conventional shifting agriculture practice, in which yam is
cultivated continuously for 10 years after clear-cutting a field, not only leads to yield decline
over time but also exacerbates deforestation (Acheampong et al., 2019; Maliki et al., 2012). To
sustainably intensify yam cultivation, agronomic practices need to improve yam yield while also
enhance soil fertility.

Yam has yielded below its potential, despite its critical role in food security in Ghana.
Average fresh yam tuber yield in 2016 was 17.42 Mg/ha (equivalent to dry tuber yield of 6.1
Mg/ha, given 65% moisture content) in Ghana, despite yield potential of 52 Mg/ha (18.2 Mg/ha
dry yield) (MoFA, 2017). Previous research has focused on testing yam tuber yield response to
both synthetic and organic fertilizer addition. Several field experiments in West Africa have
reported tuber yield under various levels of NPK fertilizer input, as well as yield with different
forms of fertilizer, including poultry manure, crop residue, synthetic fertilizer, and combinations

of organic and inorganic fertilizers (Agbede et al., 2013; Law-Ogbomo and Egharevba, 2009). In
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recent years, pigeonpea, a legume crop, has been introduced to yam-based smallholder fields in
Ghana. Few studies have been conducted to determine the effect of pigeonpea on yam yield
(Acheampong et al., 2019; Adjei-Nsiah, 2012). While existing research has shown the potential
of integrating pigeonpea into cropping systems in Ghana as well as the positive effects of
fertilizer on yam yield, it is not well-understood how much yam growth is constrained by soil
nitrogen (N) or phosphorous (P), given the limited spatial coverage of existing field studies of
Ghana (Carsky et al., 2010; Frossard et al., 2017).

The role of soil organic carbon (SOC), another key component of tropical agricultural
systems, has not been explored for yam production in Ghana. Several studies have raised
concerns of nutrient depletion and carbon loss under traditional continuous yam production
(Abdoulaye et al., 2014; Anikwe, 2010; Carsky et al., 2010). Field studies across various West
African countries have shown declines in SOC under continuous cultivation of sorghum, pearl
millet, and millet-groundnut intercropping (Bationo et al., 2007; Ouédraogo et al., 2007). Long-
term field experiments in Niger have suggested SOC can be maintained for 25 years and even
increased under millet-cowpea rotation with the addition of crop residue and synthetic fertilizer
(Nakamura et al., 2011). Indeed, improving crop yield, increasing the return of nutrients to soil,
and applying soil amendments (such as synthetic fertilizer, crop residue and manure) is critical to
maintaining SOC in West Africa (Bationo et al., 2007).

Crop modeling is a valuable tool for efficiently testing the impact of agronomic management
on various aspects of cropping systems, including yield and SOC, over large areas and long time
spans (Liu and Basso, 2020a; Whitbread et al., 2010). A few crop models—including the
CROPSYST and EPIC models—have been adapted to simulate yams in Guadeloupe and Benin

(Marcos et al., 2011; Raymundo et al., 2014; Srivastava and Gaiser, 2010). No crop modeling
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studies have been conducted to assess the impact of agronomic management on yam yield or
SOC in Ghana.

In this study, we investigated the effect of agronomic management on yam yield and SOC
across Ghana’s diverse landscape, with varying levels of soil fertility and precipitation. The
objectives of this paper were: (1) to evaluate the impact of commonly practiced continuous
rainfed unfertilized yam cultivation as well as three improved management treatments on yam
yield and SOC across Ghana, (2) to identify abiotic yield-limiting factors (water, P and N) for
yam across Ghana, and (3) to quantify the contributions of the improved management treatments

in reducing yield-limiting stress levels.

Materials and Methods
Study Sites

Ghana is located in the West Africa along the Gulf of Guinea and Atlantic Ocean. The
country is made up of tropical savanna with a dry winter climate and six distinct agroecological
zones: rainforest, deciduous forest, transitional zone, coastal savanna, Guinea savanna and Sudan
savanna (Figure 13a, FAO, 2005). Though studies define agroecological zones slightly
differently (e.g. Abbam et al., 2018; Adams et al., 2019; Amekudzi et al., 2015; Rhebergen et al.,
2016), Ghana can be divided into four zones: forest in the south, two savanna zones on the coast
and in the north of the country, respectively, and a transitional zone in between the forest and the
northern savanna zones (Figure 13b). From the southwest to northeast of the country, there is a
decrease in annual total precipitation (Figure 13b, Funk et al., 2015). A unimodal rain season
occurs between June to September in the northern savanna zone, whereas bimodal rain seasons,

April-July and September-November, occur in the two zones in the south and the transitional
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zone (Bellon et al., 2020; MoFA, 2017). The predominant soils in Ghana are Ferralsols,
Acrisols, Luvisols and Plinthosols. Soil texture is most likely to be sandy loam or loam (MoFA,
2017; Tetteh et al., 2016). Soil organic carbon content varies across the six agroecological zones,
ranging from 0.6% in Sudan savanna to 2.7% in the forest zones (Adjei-Gyapong and Asiamah,
2002; Owusu et al., 2020).

Yam is extensively cultivated in Ghana, particularly in three administrative regions in the
forest-savanna transitional zone (Brong Ahafo, Bono East, and Ahafo) and in three regions in the
savanna zone of northern Ghana (Savannah, Northern and North East regions) (Figure 13a,

MoFA, 2017).
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Figure 13 Study sites in Ghana; (a) distribution of cropland overlaid with administrative regions
and six agroecological zones (Fritz et al., 2015), and (b) average annual precipitation (Funk et
al., 2015).
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We classified as cropland (Figure 13a) any area with more than a 52% probability of being
cropland based on the global cropland product from Fritz et al. (2015). We chose 52% as the
threshold because the resulting map matched the amount of estimated cultivated land area
(63,419.3 km?) in Ghana (MoFA, 2017). The simulation unit was the soil grid at 1 km resolution.

A total of 60,554 simulation units were included in the study, thus equating to 60,554 km?.

SALUS-Yam Model Parameterization and Validation

We tested the SALUS-Yam model for simulating yam phenology and biomass response to N
and P fertilizer input against observations in field experiments in Ghana. We compared simulated
yam phenology (emergence, senescence, and maturity) and biomass (including tuber, vine, and
leaf biomass) to observations across six treatments in two different ecological settings (the towns
of Ejura and Fumesua) for two continuous years (2018-2019). These treatments combined two
pigeonpea residue application treatments with three fertilizer application rates. The two residue
application treatments were yam without residue applied, and yam with about 2 Mg/ha of
pigeonpea residue added. The three N-P,Os-K»>O fertilizer application rates were 0-0-0, 23-23-30
and 45-45-60 kg/ha. The Pona yam cultivar was planted in both locations. Ejura is located in the
forest-savanna transition zone in central Ghana, with relatively low soil organic matter (0.6% in
the top 20cm soil layer) and a drier climate (an average of 1250mm of total rainfall in 2018-
2019). Fumesua is located to the south of Ejura in the forest zone, with higher soil organic matter
(0.8% in the top 20cm) and a wetter climate (an average 1553mm of precipitation in 2018-2019).
A total of 24 field observations (2 years x 2 locations x 2 residue treatments x 3 fertilizer
treatments) were available for SALUS-Yam model testing.

To parameterize SALUS-Yam, we first randomly selected half of the field observations, and

then compared the simulated phenology and biomass (both tuber yield and aboveground
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biomass) to the remaining half of field observations. The yam parameters for the SALUS simple

mode were based on reported values in the literature and the calibration processes (Table 2).

Weather information used in SALUS model testing was obtained from weather stations at the

two locations. Soil and management information were derived from the field experiments. We

also applied a yield reduction factor to the simulated tuber and aboveground biomass based on

observed weed levels (APPENDIX C Figure 36 ).

Table 2 Critical crop parameters and the parameter value used in the SALUS-Yam model

Parameter Descriptions (unit) Value  References

TbaseDev Base temperature (°C) 15 Srivastava and Gaiser (2010)
ToptDev Optimal temperature (°C) 30 Srivastava and Gaiser (2010)
TTtoGerm*  Degree days required for germination 400

TTtoMatr* Degree days required for maturity 2350

RelTT P1*  Relative thermal time near emergence 0.15

RelTT P2*  Relative thermal time near senescence 0.8

RelLAI P1* Relative LAI near emergence 0.05

RelLAI P2* Relative LAI near senescence 0.95

RUEmax Maximum radiation use efficiency (g/MJ) 2 Diby et al. (2011)

LAImax Maximum leaf area index 6 Law-Ogbomo and Remison (2008)
GrnN_Mt Tuber N concentration at maturity 0.01 Frossard et al. (2017)

PIntN Em*  Plant N concentration at emergence 0.025

PIntN_Hf Plant N concentration at mid-season 0.02 Law-Ogbomo and Remison (2009)
PIntN Mt Plant N concentration at maturity 0.01 Law-Ogbomo and Remison (2009)
GrnP_Mt Tuber P concentration at maturity 0.0008  Frossard et al. (2017)

PIntP_ Em* Plant P concentration at emergence 0.0022

PIntP_Hf Plant P concentration at mid-season 0.0018 Law-Ogbomo and Remison (2009)
PIntP Mt Plant P concentration at maturity 0.001 Law-Ogbomo and Remison (2009)

*Values were based on field experiment observations.

Simulation Experiments and Inputs

We simulated yam cultivation for 10 years (2010-2019) under various agronomic practices

on each simulation unit (soil pixels at 1km resolution) across cropland in Ghana using the

validated yam crop parameters and gridded NASA POWER weather and Africa Soil Information

Service (AfSIS) soil datasets.

Agronomic practices in this study included the traditional practice of continuous 10-year

unfertilized and rainfed yam cultivation, and three improved practices, (i) continuous yam
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cultivation with 3 Mg/ha of pigeonpea residue added (i1) pigeonpea-yam rotation, and (iii)
continuous yam cultivation with 23 kg/ha N-P205 added (23 kg/ha N-P205 was half of the
government recommended yam fertilization rate, and equivalent to 23 kgN/ha and 10 kgP/ha)
(Table 3). For all tested agronomic practices, yam was planted at a density of 1 plant/m?.
Planting time was determined by the beginning of the rainy season. To ensure adequate plant
available water, the beginning of the rainy season was defined as when it rained for five
consecutive days and cumulative rainfall reached 25 mm (typically July for the northern savanna
zone, and late April to early May for the other zones). For the simulations of continuous yam
cultivation with pigeonpea residue addition, pigeonpea leaf N concentration was set at 2.5%, and
leaf P concentration at 0.15% (Kesh et al., 2017; Phiri et al., 2010). A medium-duration annual
pigeonpea (6-month duration) was used in the 2010-2019 pigeonpea-yam rotation. Pigeonpea
crop parameters were drawn from our previous study in Malawi (Liu and Basso, 2017a). Yam
residue (vines and leaves) was left in the field in improved practice simulations, whereas no yam
residue was left in the field after harvest under control management.

Table 3 Descriptions of the tested management treatments in this study (all treatments were
rainfed and were simulated continuously for 10 years)

Treatment Descriptions

Control (C) Unfertilized continuous yam cultivation, a common practice among local farmers

Residue (Res)  Continuous yam with 2Mg/ha pigeonpea leaf residue incorporated

Rotation (Rot)  Pigeonpea and yam rotation

Fertilized (F) 23 kg/ha N-P,Os fertilizer added to continuous yam (equivalent to 23 kgN/ha and 10 kgP/ha)

Weather data for 2010-2019 was drawn from the gridded POWER agroclimatology dataset.
The POWER dataset provides daily minimum and maximum temperature, precipitation, and
solar radiation data from across the globe at 0.5° spatial resolution (data was downloaded from

https://power.larc.nasa.gov). We did not preprocess POWER weather series data to remove
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drizzling precipitation (<Imm/day) or correct bias for climatic variables for two reasons. Annual
total precipitation in POWER weather dataset in general agreed with the total precipitation
recorded by weather stations (r> = 0.8) (APPENDIX C Figure 37a). Adjusting POWER data had
minimal impact on yield simulations (APPENDIX C Figure 37b).

We extracted soil organic carbon, bulk density, and silt and clay content data at various
depths (5, 15, 30, 60, and 100 cm) from a gridded soil database with 1km spatial resolution
developed by the AfSIS (Hengl et al., 2014). We used the database’s medium estimate for the soil
parameters. We resampled the AfSIS’s 250m-resolution top layer (top 30cm) extractable P
dataset to 1km-resolution to initialize P for each soil pixel simulation unit (Hengl et al., 2017). In
our simulation experiment, the intermediate SOC pool was initialized using procedures in Basso
etal. (2011).

Statistical Analysis

To evaluate SALUS-Yam model accuracy for simulating yam growth in Ghana, we
calculated RMSD and mean absolute percentage error (MAPE) between the simulations and the
observations for calibration and validation datasets.

We compared the 10-year average simulated yam tuber yield under each of the tested
management treatments across the 60,554 simulation units in Ghana. We then compared average
and standard deviation of the simulated average yam tuber yield grouped by agroecological zone
and treatment.

We used Kruskal-Wallis one-way analysis of variance to identify which abiotic factors
(water, N or P deficiency) constrained rainfed unfertilized yam growth. The deficiency stress
level was calculated based on Equation (3) and Equation (4). We reported the stress factor with

the computed stress level statistically higher than the other two at P = 0.05. We reported two
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stress factors if the two stress levels were statistically higher than the third factor but were
indistinguishable from each other at P = 0.05. In case of no statistical differences among the three
stress levels, we reported all three stress factors. We applied the nonparametric Kruskal-Wallis
test to three stress levels for each simulation unit due to the skewed distribution of the stress
levels (APPENDIX C Figure 38). In addition, for each factor, we quantified the level of stress
reduction resulting from the improved management treatments compared to the control
treatment. To do this, we computed the relative difference in the average simulated 10-year stress

factor for each constraining factor and each simulation unit.

Stress Factor; = Supply/Demand.................cccccoiiiiiiiiiiiiiiiiiiiiainnn.. Equation. (3),
Stress Level = Zf:ri 1 = Stress FACtOT ... iiiiiiii e Equation (4),
where the Supply and Demand are simulated daily supply and demand of resource (water, N and

P), respectively, i denotes ith day, and » denotes total number of days in a growing season.

To compare SOC response to management treatment, we first reported changes in SOC in 26
cm of soil over the course of the 10-year simulation for each simulation unit, and then reported

average and standard deviation of SOC change by agroecological zone and treatment.

Results
SALUS Model Calibration and Validation

For both field years and locations, yam emerged 6 weeks after planting, and senescence
occurred 28 weeks after planting. Yam was harvested in December. In the calibration dataset, the

simulated emergence came 44 days (6 weeks) after planting and senescence was 26-29 weeks
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after planting. Simulated maturity occurred in early to mid-December. Similar phenological
stages were simulated for the validation dataset (Table 4).

Table 4 Comparison between reported and SALUS-Yam simulated yam phenology

Phenology Observed Simulated

Calibration Validation
Emergence 42 DAP! 44 DAP 44 DAP
Senescence 28 WAP? 26-29 WAP 26 WAP
Harvest/maturity’ December Early to mid-December  Early to mid-December

'DAP: days after planting
2WAP: weeks after planting
3Simulated maturity date and reported harvest time

The simulated yam tuber yield closely matched reported yield across treatments: with and

without pigeonpea residue addition and with the three different rates of N and P fertilizer inputs.

Using the calibration dataset, RMSD between the simulated and the observed tuber yield was 0.8

Mg/ha and MAPE was 11.1% (Figure 14a). With the validation dataset, RMSD between

simulated and observed tuber yield was 0.9 Mg/ha and MAPE was 15.0% (Figure 14b). For the

aboveground biomass simulation, RMSD between simulations and observations was 0.1 Mg /ha

for both calibration and validation datasets, and the MAPE values were 12.1% and 11.3%,

respectively (Figure 15).
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Figure 14 Comparisons between simulated tuber dry matter (DM) yield and observed yield using
(a) calibration dataset and (b) validation dataset (abbreviation for cropping systems: sole Yam
means the sole yam; Yam-PPB means yam with pigeonpea at the border).
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Figure 15 Comparisons between simulated aboveground (leaf and vine) dry matter biomass and
observed aboveground biomass using (a) calibration dataset and (b) validation dataset
(abbreviation for cropping systems: soleYam means the sole yam; Yam-PPB means yam with
pigeonpea at the border).
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Yam Tuber Yield Response to Management Treatment

When yam was managed under the control (rainfed and unfertilized) condition, simulated 10-
year average tuber yield across Ghana ranged from 1.9 to 9.2 Mg/ha, averaging of 4.9 Mg/ha,
with the highest yield in the forest agroecological zone (an average of 6.0 Mg/ha and standard
deviation of 0.6 Mg/ha), followed by the coastal savanna zone (average of 5.0 Mg/ha and
standard deviation of 0.5 Mg/ha), transitional zone (average of 5.0 Mg/ha and standard deviation
of 1.0 Mg/ha), and northern savanna zone (average of 3.6 Mg/ha and standard deviation of 0.8
Mg/ha) (Figure 16a-b).

Yam yield improved when pigeonpea or synthetic fertilizer was added to the yam-based
cropping system. Among the three tested improved management treatments, yam yield was
enhanced by the largest amount under the pigeonpea residue incorporation treatment. With
pigeonpea residue incorporation, yam yield increased to 4.1-11.9 Mg/ha (with an average of 7.5
Mg/ha), which was 21.5%-130.3% more than yield under the control treatment (Figure 16c).
Average yield with pigeonpea residue incorporation in the forest zone was 8.8 Mg/ha, 7.8 Mg/ha
in coastal savanna, 8.0 Mg/ha in transitional zone, and 5.9 Mg/ha in northern savanna (Figure
16a). Under pigeonpea-yam rotation treatment, yam yield was 3.0-11.1 Mg/ha across Ghana with
an average of 6.4 Mg/ha (Figure 16d). Average yam yield under the rotation treatment in forest
zone was 7.6 Mg/ha, about 6.5 Mg/ha in the transitional and coastal savanna zones, and the
lowest (4.9 Mg/ha) for the northern savanna zone (Figure 16a). Adding 23 kg/ha of N-P205
fertilizer generated slightly higher tuber yield than the rotation treatment. The 10-year average
yield with fertilizer addition ranged from 3.7 to 11.1 Mg/ha, averaging at 7.0 Mg/ha (Figure
16¢). A similar spatial pattern of yield response was observed. Yam yield decreased from the

southwest forest zone to the northern savanna zone, with an average yield of 8.1 Mg/ha in the
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southwest forest zone, about 7.0 Mg/ha for the coastal savanna and transitional zones, and 5.5
Mg/ha in the northern savanna zone (Figure 16a).
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Figure 16 Tuber yield response to management treatments across Ghana. (a) 10-year average
tuber yield in the four agroecological zones under the four tested management treatments, and
(b-e) 10-year average tuber yield under control, pigeonpea residue incorporation, pigeonpea-yam
rotation, and fertilizer addition treatment, respectively. Abbreviations in (a): N. Savanna —
northern savanna, CST savanna — coastal savanna, C — control, Res — residue, Rot — rotation, and
F — fertilized. Error bars in (a) represent standard deviation.
Abiotic Limiting Factors for Yam Tuber Yield

Yam tuber yield under rainfed unfertilized cultivation was mostly constrained by lack of N,
the dominant yield-limiting factor across each of the four agroecological zones. N deficiency
alone limited yam yield for 92%, 82%, 77%, and 69% land area of the coastal savanna,
transitional, forest and northern savanna zones, respectively (Figure 17a-b). N and P co-
limitation counted for an additional 8%, 17%, 23%, and 8% of the land area of the respective
zones. Yam yield was mostly constrained by water deficiency for 11% of the land area in
northern savanna, located in the west of the northern savanna zone. An additional 12% of land

area in the northern savanna was co-limited by N and water. Yam tuber yield was constrained by

all three stress factors for an insignificant fraction of land area (0.4%) in the northern savanna,
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where no statistical differences were found for water, N, and P stress levels (Figure 17a-b).
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Figure 17 (a) Most yield-constraining factor(s) for rainfed unfertilized yam cultivation in Ghana,
and (b) percentage of land area subject to the yield constraining factor(s) for the four
agroecological zones. Abbreviations in (b): N. Savanna — northern savanna, and CST savanna —
coastal savanna.

The tested improved management treatments reduced nutrient stress but not water deficiency
stress. Water deficiency stress was slightly increased (by less than 7% across all simulation units)
under the improved management treatments compared to the control treatment (Figure 18). On
average, pigeonpea-yam rotation affected water stress most among the three improved
management treatments. The rotation treatment resulted in about 2-3% increase in drought stress
on average compared to the control treatment for the four agroecological zones, whereas about
1% or less increase was found under the pigeonpea residue incorporation and fertilizer addition
treatments (Figure 18e-h).

Pigeonpea residue incorporation decreased N deficiency more than P deficiency. On average,

the residue incorporation treatment reduced N stress level by about 20% for coastal savanna,

northern savanna and transitional zones, and about 15% for the forest zone. P deficiency stress
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was reduced by an average of 4% for the forest zone and 2% for the transitional zone under the
residue incorporation treatment (Figure 18a-d). By contrast, P stress under the residue
incorporation treatment was higher than the control treatment in some areas of the coastal and
northern savanna zones, and lower in other areas. On average, residue incorporation had a minor
effect on P stress levels (change of less than 0.2%) for the two savanna zones (Figure 18a-d).

The pigeonpea-yam rotation treatment reduced N and P stress levels compared to the rainfed
unfertilized treatment. For forest and transitional zones, on average, N stress level decreased by
5% and P stress decreased by about 9% in comparison to the control treatment. For the coastal
and northern savanna zones, N and P stress were reduced by about 8% and 6%, respectively
(Figure 18e-h).

Synthetic N and P fertilizer addition reduced both N and P stress. N stress level decreased by
6-9% in the coastal savanna, northern savanna, and forest zones, and by 4% in the transitional
zone. P stress was reduced by 10-14% in the forest, transitional, and northern savanna zones and

by 7% in the coastal savanna zone (Figure 18i-1).
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Figure 18 Average percentage changes in water, N, and P deficiency stress levels under each
improved management treatment, including (a-d) pigeonpea residue incorporation, (e-h)
pigeonpea-yam rotation, and (i-1) 23 kg/ha N-P,Os fertilization, across the four agroecological
zones (error bars represent standard deviation)
SOC Response to Management Treatment

SOC decreased at a rate ranging from 0.18 to 0.99 Mg/ha/year across Ghana over the
simulated 10 years under unfertilized rainfed yam cultivation (Figure 19b). The forest zone lost
the most SOC, at an average rate of 0.63 Mg/ha/year and standard deviation of 0.06 Mg/ha/year,
followed by the transitional and coastal savanna zones (average SOC loss rate of 0.50
Mg/hal/year, respective standard deviation of 0.098 Mg/ha/year and 0.067 Mg/ha/year) and the
northern savanna zone (average loss rate of 0.37 Mg/ha/year and standard deviation of 0.095

Mg/ha/year) (Figure 19a).

When pigeonpea residue was incorporated, SOC increased over 10 years by less than 0.25
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Mg/ha in about 0.3% of cropland area—Ilocated in the northern savanna—but it continued to
decline for the rest of the cropland in Ghana. SOC was lost at a slower rate than the control
(rainfed unfertilized) treatment (Figure 19¢). SOC in the forest zone decreased at an average rate
of 0.43 Mg/ha/year, an average of about 0.30 Mg/ha/year for the transitional and coastal savanna
zones, and an average of 0.16 Mg/ha/year for the northern savanna zone. The standard deviation
of SOC loss for the four agroecological zones were 0.063 Mg/ha/year, 0.097 Mg/ha/year, 0.063
Mg/ha/year, and 0.094 Mg/ha/year, respectively (Figure 19a).

Compared to the control treatment, SOC decreased less under the pigeonpea-yam rotation
and fertilizer addition treatments. Under the two improved management treatments, SOC loss
rate ranged from 0.09 to 0.93 Mg/ha/year (Figure 19d-e). Under the two management treatments,
SOC loss was greatest in the forest zone (an average of 0.55 Mg/ha/year), followed by the
transitional and coastal savanna zones (average about 0.4 Mg/ha/year) and the northern savanna
zone (average of about 0.3 Mg/ha/year). The standard deviation of SOC loss for the forest zone
under the two management treatments was about 0.07 Mg/ha/year, 0.1 Mg/ha/year for the
transitional zone, 0.07 Mg/ha/year for the coastal savanna zone, and 0.09 Mg/ha/year for the

northern savanna zone (Figure 19a).
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Figure 19 Response of soil organic carbon (SOC) change rate to management treatments across
Ghana. (a) average SOC change rate by agroecological zone under the four treatments, and (b-e)
SOC change rate under the four respective treatments: control, pigeonpea residue incorporation,
pigeonpea-yam rotation, and yam with fertilizer addition. Abbreviations in (a): N. Savanna —
northern savanna, CST savanna — coastal savanna, C — control, Res — residue, Rot — rotation, and
F — fertilized. Error bars in (a) represent standard deviation.
Discussion
Accuracy in Simulating Yam Yield Response to Management Treatments

Unlike grain crops (e.g. maize and wheat), yam plants have not been extensively evaluated
for crop modeling (Raymundo et al., 2014). While other tuber-based crop models (e.g.
CropSystVB-Yam) explicitly simulate tuber induction and bulking processes, our SALUS-Yam
model is similar to the EPIC-Yam model in that it uses generic crop parameters to simulate yam
biomass productivity (with considerations for soil water and nutrient dynamics), and uses harvest
index to partition simulated biomass into aboveground (vine and leaf) and tuber categories
(Marcos et al., 2011; Srivastava and Gaiser, 2010). In addition to accurately simulating biomass
yield—both for tubers and aboveground—for six treatments (combining two yam-based systems,
yam monoculture and yam with pigeonpea residue incorporated, with three fertilizer rates) at two

locations for two years, our simulated tuber yield under the tested management matched with the

reported yield in the literature. Our simulated rainfed unfertilized tuber yield in 2016 (6.9 Mg/ha)
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matched with the reported national rainfed tuber average yield of 6.1 Mg/ha, given 65% moisture
content (Frossard et al., 2017; MoFA, 2017). The simulated tuber yield under rainfed and
unfertilized conditions in the transitional zone (3-7 Mg/ha) also matched with yield observed in
farmer’s fields (about 2 Mg/ha) and experimental station trials (5 Mg/ha) in Ghana (Danquah et
al., 2018; Ennin et al., 2014). Yam tuber yield response to fertilizer addition agreed with the
reported values in the literature. With 23 kgN/ha and 10 kgP/ha of fertilizer added, tuber yield
increased by 19-89%, and an average of 44%. Similar yam yield response to N and P fertilizer
input was observed in field experiments in Benin and Nigeria. In Benin, yam yield increased by
30% with 30 kg/ha of N and P fertilizer compared to unfertilized yield (Srivastava et al., 2010).
In Nigeria, yield increased by 53-71% and 71-84% with 15kg/ha and 30 kg/ha N-P205 fertilizer
addition, respectively (Law-Ogbomo and Egharevba, 2009; Law-Ogbomo and Remison, 2008).
Accuracy in Simulating SOC Response to Management Treatments

SOC dynamics are impacted by land use, initial carbon stock, weather conditions, soil
texture, and nutrient return to the soil (Bruun et al., 2015; Liu and Basso, 2020a; Owusu et al.,
2020). Our results revealed that SOC declined after 10 years of yam cultivation for more than
99% of cropland in Ghana, regardless of management regime. Our simulated SOC change was
comparable to the reported SOC decline rate in sub-equatorial forest and Sudano-Sahelian
savanna regions in Ivory Coast. In our study, the SOC decline rate was about 1 Mg/ha/year in
some areas of the forest zone, where total annual precipitation was about 1,250 mm. Similarly,
the reported SOC decline rate was 1.9 Mg/ha/year for cereal cultivation in sub-equatorial forest
in Ivory Coast with the annual precipitation of 2,100 mm (Bationo et al., 2007). Our simulated
average SOC decline rate in the Sudan savanna zone was 0.15 Mg/ha/year, compared to the

reported 0.16 Mg/ha/year under cereal cultivation Sudano-Sahelian savanna regions in Ivory
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Coast (Bationo et al., 2007). Our average SOC loss rate of 1.28% per year under continuous
unfertilized yam cultivation was comparable to the reported SOC loss rate of 1.5% per year with
unfertilized sorghum cultivation in Burkina Faso (Bationo et al., 2007). We found that after 10
years of yam cultivation, SOC was higher under the three improved management treatments—
residue incorporation, pigeon-pea-yam rotation, and fertilizer addition—than under control
management treatment (on average 6.0%, 2.6%, and 2.2% higher, respectively). This finding is
consistent with the slower SOC loss rate under improved management (rotation, fertilizer
application, and both fertilizer and residue addition) of millet-groundnut compared to unfertilized
treatment in Senegal. It conflicts, however, with studies of sorghum in Burkina Faso in which the
reported SOC loss rate was higher with fertilizer application than without (Bationo et al., 2007).
Our simulated SOC decline rate was also comparable to that observed in a 25-year millet-cowpea
rotation experiment in Niger. With 3 Mg/ha residue incorporated, our simulated SOC declined at
a rate of 0.013 Mg/ha/year in low-SOC-stock regions of the northern savanna. By comparison,
with residue incorporated, SOC declined by about 0.02 Mg/ha/year under millet-cowpea rotation
with residue addition (Nakamura et al., 2011). Our SOC decline rates under rainfed unfertilized
(average loss rate of 0.51 Mg/ha/year) and fertilized (0.43 Mg/ha/year) treatments were higher
than that in the 25-year millet-cowpea rotation field experiment in Niger (0.02 Mg/ha/year and
0.048 Mg/ha/year under unfertilized and fertilized treatment, respectively) (Nakamura et al.,
2011). In addition, our results suggested that with high residue input, SOC could be sustained or
increased slightly. This finding agrees with the observed increase in SOC with residue
incorporation plus fertilizer addition for 25-year millet-cowpea cultivation in Niger (Nakamura

etal., 2011).
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Yam Yield-Limiting Factors

While uncertainties in rainfall onset and amount continue to be a challenge for yam
production in Ghana, our results indicated that nutrient deficiency remained the most limiting
factor for yam production for most of Ghana, northern Ghana included. Further, our results
showed that increased yam tuber yield under improved management was due to N and P stress
relief. Our results align with findings in the literature that managing nutrients is essential for
Ghana’s agriculture (Bationo et al., 2018; Van der Velde et al., 2014). Our results also support
other research efforts to promote legumes, particularly pigeonpea, as a resource for sustainable
yam production in Ghana. In addition to providing staking for yam cultivation, pigeonpea adds N
to soil through biological N fixation and returns quality residue with low C:N ratio to soils
(Acheampong et al., 2019; Ennin et al., 2014; Naab et al., 2015). Our simulation results,
however, suggested that compared to the conventional unfertilized rainfed management, water
deficiency stress could increase under the tested improved management treatments. This is due to
larger yam plants, increased plant water use, and the consequent reduced soil water supply under

improved management treatments.

Simulation Uncertainties

Despite high confidence in our simulations, soil and weather inputs were two major sources
of uncertainty. The soil input data was derived from the AfSIS database, which provides gridded
soil profile information at two spatial resolutions (1km and 250m) and three estimates (high,
medium, and low values). In this study, we used the coarser dataset (1km resolution) with
medium estimates for two reasons. First, we found the estimated organic carbon from the finer-

resolution soil dataset (250m resolution with only medium estimates available) was unreasonably

74



high (the reported average organic carbon in the top 30cm of soil ranged from 0.2% to 5.5%,
averaging 1.02%) compared to the medium estimate in the 1km-resolution dataset (0.4-2.2%
with an average value of 1.07% in the top 30cm). We did not use the lower organic carbon
estimate due to its much lower values, ranging from 0.03% to 0.6% with an average value of
0.24% across Ghana. Weather input data came from the gridded 0.5°-resolution POWER dataset.
Gridded climate reanalysis products based on weather stations and remote-sensed precipitation
events may overestimate precipitation through the inclusion of so-called drizzling precipitation
events of less than Imm (Sun et al., 2006; Valdés-Pineda et al., 2016). We, however, did not find
systematic under- or over-estimation of rainfall when comparing POWER total annual
precipitation to the total precipitation recorded in 20 weather stations throughout Ghana
(APPENDIX C Figure 37a). Nor did we find substantial differences in simulated tuber yield
between the original NASA POWER precipitation series versus a drizzle-precipitation-events-
removed series (differences within 8%, and within 4% for more than 97% of cases, APPENDIX

C Figure 37b).

Conclusions

Proper agricultural management is key to increasing crop productivity, conserving the
environment, and improving the well-being of smallholder farmers. Yam is mostly produced in
central and northern Ghana, where soil fertility is lower and rainfall is less frequent than in the
south of the country. Shifting agriculture, in which crops are planted on clear-cut fields until soil
nutrients are exhausted, is unsustainable. Yet, it is a common practice for growing yam. Yam
management in smallholder fields in Ghana needs to not only increase short-term yield but also

enhance long-term soil fertility. Many Ghanaian farmers are aware of improved management
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strategies for enhancing yam yield, such as pigeonpea-yam rotation, mulch or residue
application, and the use of synthetic fertilizer. Tuber yield and SOC benefits from the practices,
however, have not been studied systematically. Our study investigated 10-year yam yield and
SOC changes under both the commonly practiced rainfed unfertilized management and three
improved practices, which included continuous yam cultivation with pigeonpea residue
incorporation, pigeonpea-yam rotation and fertilized continuous yam cultivation, through the
lens of crop modeling that explicitly considered the varying levels of soil fertility and rainfall
abundance across Ghana. This study sheds light on yam response to pigeonpea residue
application, rotation with pigeonpea, and synthetic fertilizer application across Ghana,
considering varying levels of soil fertility and different rainfall patterns. We provided a
benchmark study to evaluate yam yield and SOC response to various management practices
across Ghana and make yam management decisions. Future research needs to explore the effects

of initial soil nutrient stock, land cover, and cropping system on crop yield and SOC.
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CHAPTER 5: ASSESSMENT OF FIELD VARIABILITY IN SMALLHOLDER FIELDS

USING SATELLITE IMAGES

Abstract

The main goal of this paper was to address an important, yet infrequently discussed aspect of
smallholder farming, within-field variability. The objectives were to assess within-field
variability in smallholder fields in Sub-Saharan African countries, and to evaluate the impact of
spatial resolution of satellite images in monitoring vegetation status. I used field observations of
in-season plant density and yield at harvest, and different-resolution remote sensing images to
evaluate within-field variability in maize-based fields in Tanzania, yam-pigeonpea fields in
Ghana, bean growing areas in Honduras and large commercial farms in the US. Within-field
variability was quantified using coefficient of variation (CV). Across the study sites in three
districts in Tanzania in the long and short rain seasons in 2017-2018, maize-based fields had
much within-field variation regarding plant condition, plant density, and grain yield. The CV of
within-field plant density was 7.2-80.2%, and the median CV of within-field plant density was
about 20-30% for the three districts, Morogoro, Kagera, and Tanga. At the end of growing
seasons, CV of grain yield ranged from 9.7% to 93.8%, with median values of 31.3%, 36.3% and
29.7% for the three districts, respectively. The grain yield variability was significantly correlated
with any of the four in-season vegetation indices — Normalized Difference Vegetation Index
(NDVI), green NDVI, Green Chlorophyll Vegetation Index (GCVI), and Enhanced Vegetation
Index (EVI) — derived from the PlanetLab’s PlanetScope 3m-resolution images taken during the
critical maize growth period (about 1-2 months after planting; p < 0.1, p < 0.05 or p <0.01

depending on the index) for fields in Morogoro. Among the vegetation indices, within-field
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GCVI variability had the strongest correlation with within-field yield variability (Spearman’s
correlation coefficient: -0.7). Regarding spatial resolution’s impact on monitoring in-season crop
growth, the in-season within-field satellite-image-derived NDVI variability decreased with
coarser spatial resolution of satellite images, from 3m PlanetScope, to 10m Sentinel-2, to 30m
Landsat. This was true for smallholder yam and pigeonpea fields in Ghana (N = 9) and large
fields in the US (N = 6). This trend also held for 10km x10km bean growing areas in Honduras
(N =7). However, such differences were insignificant (p > 0.05). This work showed
considerable within-field variability in smallholder fields and the possibility of detecting such
variability using high-resolution satellite images. This work also implied that high-resolution
remotely sensed images could contribute to improving land resource management for
smallholder fields. More investigations on the compounding effect of spatial and spectral
resolution of different sensors are needed to assess the capability of remote-sensing images for

monitoring field variability.

Introduction

Remote sensing technologies have been transforming the agricultural sector by offering large
spatial and temporal coverage of land area. Continuous monitoring of vegetative areas
progressing from pre-planting, through mid-season, maturity, and harvest, to the next growth
cycle provides insights on greenness development and possible abiotic (e.g. N and water
deficiency) and biotic (e.g. fungi and pest infection) stress that crops experience (Liaghat and
Balasundram, 2010; Mulla, 2013). The use of remotely sensed images — acquired from
satellites, unmanned aerial vehicles (UAV, such as drones), and handheld devices —in precision

N management is one example of integrating remote sensing technologies for better management
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of agricultural resources (Basso et al., 2016a; Duan et al., 2017; Teal et al., 2006). Such advances
have taken places mostly in the US and European countries, and recently in India and China.
Smallholder farmers in African countries and other low- or low-to-middle- income countries are
still waiting for such advances to transform how they manage their land.

Applying remotely sensed images to managing smallholder fields poses multiple challenges.
In addition to cloud and haze contamination and sensor calibration, which are common sources
of error for satellite image analysis, the unique features of smallholder fields — uneven field
boundaries, fragmented landscape, and diverse crops in the field — present an extra layer of
complexity for inferring agronomic information from remote-sensing images (Jain, 2020).
Recent work on applying satellite or UAV images to smallholder agriculture has largely focused
on crop yield prediction (Burke and Lobell, 2017; lizumi et al., 2018; Yonah et al., 2018), along
with a few studies on detecting land cover (Sibanda and Murwira, 2012; Sweeney et al., 2015),
field boundary (Persello et al., 2019), and phenology (Duncan et al., 2015).

One critical, but often ignored, aspect of managing agricultural fields is coping with within-
field crop variations. Large fields are highly variable due to soil properties and landscape
positions, as has been shown in numerous studies (e.g. Godwin and Miller, 2003; Maestrini and
Basso, 2018a; Robertson et al., 2008). Field variability, nonetheless, also exists for smallholder
fields. It requires on-the-ground agronomic information to translate light reflectance information
captured by remotely sensed images to tangible management action. Much work awaits to reveal
within-field variability and the ability of the current very high resolution satellite images to
capture variations within a small field.

Here, I asked two different research questions: (1) To what extent can high-resolution images

predict within-field yield variability for smallholder maize fields in Tanzania? (2) How much
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field heterogeneity information is lost due to resolution of remote sensing images? I
demonstrated within-field variability in smallholder fields, and investigated the capability of
satellite images to detect such field variability. The objectives were to assess within-field
variability in smallholder fields in Sub-Saharan African countries, and to evaluate the impact of

spatial resolution of satellite images for monitoring vegetation status.

Materials and Methods
Description and Detection of within-Field Variability in Maize Fields in Tanzania

I reported within-field variability regarding maize plant density and final yield. I supplied
photos taken during the field campaign to further illustrate within-field variability in smallholder
fields in Tanzania. For each field, one or two 6x6m sampling plot(s) were established at a
random location within a field. Each sampling plot was divided equally into four 3x3m subplots.
The variability, expressed in coefficient of variation (CV), was calculated across the subplots for
each field.

To assess the potential of detecting yield variability prior to harvest by satellite images, |
used Spearman correlation coefficient between within-field yield variability and satellite-image-
derived vegetation index for each of available satellite images. I used PlanetLab’s very high
resolution PlanetScope Ortho Tile multispectral images (3m spatial resolution and almost daily

temporal resolution) (downloaded from https://www.planet.com/products/planet-imagery/). The

correlation analysis was conducted in a 10-day moving window when at least six field-scene
combinations were available for each district due to different planting dates in the three districts
(Morogoro was in a long rain season whereas the other two districts were in a short rain season).

Scenes within 2 months after planting in 2017 with less than 30% cloud coverage from
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PlanetScope were downloaded and processed for four vegetation indices, Normalized Difference
Vegetation Index (NDVI), green Normalized Difference Vegetation Index (gNDVI) Green
Chlorophyll Vegetation Index (GCVI), Enhanced Vegetation Index (EVI) (Equation 5-8). Cloud

pixels (NDVI < 0.05) was removed before the analysis.

NDVI = (NIR-Red)/(NIR 4 Red) .........ouunuiniiiiii it Equation (5),
gNDVI = (NIR-Green)/(NIR + GFreen) ............cccuuuuiuiiieiiiiiiiiiieiieaniaennnnnn Equation (6),
GCVI = (NIR/GFEEN) = I.....oonneeee it ettt e e e Equation (7),
EVI = 2.5*%(NIR — Red)/(NIR + 6*Red — 7 *Blue + 1) ........ccccoooiiiiiiiiiiiiiiin. Equation (8),

Where NIR, Red, Green and Blue means reflectance from near infrared (NIR), red, green and

blue band, respectively.

Impact of Remote-Sensing Image Spatial Resolution on Monitoring Field Variability

To answer the second question, I surveyed possible study areas in three countries: (1)
Honduras, where crop cultivation is constrained by precipitation gradient and beans are of
interest for food security issues, (2) Ghana, where yam is a major food crop, and (3) the US,
where soybean, maize and wheat are important commodity crops. Crop cultivation takes place
mostly in smallholder fields in Honduras and Ghana, whereas it occurs in large commercial
farms in the US.

For Honduras, I first identified growing areas of beans based on a global crop production
dataset, Spatial Production Allocation Model (SPAM), prepared by the International Food Policy
Research Institute (IFPRI, 2019; You et al., 2009). I first selected 8 areas (10x10km each) within

Honduras where the beans harvested areas were above 700 ha in 2010 (APPENDIX D Figure
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39). I then classified the land cover for the 8 bean growing areas using a random forest classifier
supervised classification method on the Google Earth Engine to refine agricultural pixels within
each bean growing area. I chose beans as a study crop because they were the most extensively
grown legume crop in Honduras (You et al., 2009).

For Ghana, I selected 12 yam and pigeon-pea fields occupying an area of 100m X 90m in
Fumesua, Ghana (6°41° N, 1°28°W). The 12 fields consisted of four distinct cropping systems,
sole pigeonpea, sole yam, pigeonpea-yam intercropping and, yam with 2-3 rows of pigeonpea at
the border. Each cropping systems contained three replicates. The size of each field ranged from
244 m? to 687 m? with an average of 476 m?> (APPENDIX D Figure 40). In each field, three
fertilizer treatments (45-45-60, 23-23-30, and 0-0-0 N-P205-K20 kg/ha) were arranged in a split
plot design.

For the US, five farms in 2017-2019 in Ionia county of Michigan were selected (42°52° N,
84°55° W). A total of 6 field-year combinations were included for this study. Maize was planted
in two fields in 2017 and two fields in 2018. Soybean was planted in one field in 2018 and wheat
was planted in one field in 2019. The size of the five unique fields ranged from 15.3 ha to 34.4
ha, with an average of 26.8 ha and a median of 27.6 ha.

I selected three accessible satellite imageries that have distinct spatial and temporal
resolution, the almost daily very fine resolution PlanetScope (3 m), fine resolution at a 10-day
interval Sentinel-2 (10 m) and moderate resolution every 16 days Landsat-8 or Landsat-7
(Landsat) (30 m). In addition, UAV images, ranging from less than 10cm to 1m resolution, were
available for maize and wheat fields in the US, and were used to further illustrate the impact of
spatial resolution on in-season vegetation variability. The spatial resolution of images from the

four remote sensing platforms were illustrated in Figure 20. For the satellite images, |
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downloaded scenes from Landsat-8 (supplied with Landsat-7 when no available scenes were
available), Sentinel-2 and PlanetScope with less than 30% cloud coverage during crop’s critical
growing window and removed cloud pixels of the scenes for each study area in the three
countries. Crops’ critical growing window is before the start of reproductive stage in which
harvestable yield is highly sensitive to environmental stressors and in which satellite-derived
vegetation index may explain the final yield or yield variations (from results for research
question 1 in this paper, Liu and Basso, 2020a; Maestrini and Basso, 2018b). I selected scenes in
which peak NDVI was observed in November in 2018 for beans in Honduras, early June in 2018
for yam in Ghana, and early-to-mid July for maize, mid August for soybean and early June for
wheat in the US, considering precipitation patterns, the critical time window and available cloud-
free scenes overlapping similar dates (within about one week difference) (Table 5, APPENDIX D
Figure 41). I chose within-field NDVI variation as a proxy for variability. For Ghana, only
PlanetScope and Sentinel-2 images were used because a Landsat 30m scene covers more than
one study field and is inadequate to reveal within-field variability. For the UAV images of maize
fields, the spatial resolution was 0.08-0.43m, average of 0.2m. One UAV scene was available per
field for two maize fields in July and one wheat field in June (Table 5). NDVI of one maize field
in the US derived from the three satellite images and UAV were shown in Figure 21. I compared
the CV of the skewed-distributed NDVI across the three satellite imageries using the Kruskal-

Wallis test for sites in each country at P =0.05.
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Figure 20 Illustration of spatial resolution of three satellite images and UAV images. (a) 4 pixels
of 30m resolution Landsat image grids versus 36 pixels of 10m resolution Sentinel-2 image
grids, (b) 4 pixels of 30m resolution Landsat image grids versus 361 pixels of 3m resolution
PlanetScope image grids, and (c) 4 pixels of 30m resolution Landsat image grids versus 90000
pixels of 0.5m resolution UAV image grids (Landsat grids were outlined in blue, Sentinel-2 grids
outlined in red, PlanetScope grids outlined in green, UAV grids outlined in light brown)

Table 5 Summary of satellite scenes for study fields in Honduras, Ghana and the US
PlanetScope Sentinel-2 Landsat-8*
beans in Honduras
---------- Peak NDVI dates in November in 2018 -----------
yam and pigeonpea in Ghana
Jun. 4, 2018 Jun. 6, 2018 N/A
maize in US
---------- Early-to-mid Jul., 2017-2018 ----------
soybean in US

Aug. 11,2018 Aug. 11,2018 Aug. 19,2018*
wheat in US
Jun. 3, 2019 Jun. 7, 2019 Jun. 3, 2019

*Landsat-7 image was supplied when cloud-free scenes from Landsat-8 was not available
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Figure 21 NDVI derived from a (a) UAV image (0.12m), (b) PlanetScope image (3m), (¢)
Sentinel-2 image (10m), and (d) Landat-7 image (30m) on July 10, 2018 for a maize field in
Michigan, US
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Results
Description and detection of within-field (yield) variability in maize fields in Tanzania

Though more than 90% of the study sites across Tanzania were less than 2ha in area, various
levels of within-field variability exhibited. During growing season, in some fields, maize in the
two sampling plots within a field looked alike (i.e. low variability), whereas the mid-season
maize was in considerably different condition in other fields (i.e. high variability) (Figure 22a-b).
Maize plant density in different locations of a field appeared to be different. The CV of plant
density was 7.2-61.0% (median of 19.1%), 10.4-48.2% (median of 28.3%) and 10.9-80.2%
(median of 25.3%) across the study sites in Morogoro, Kagera and Tanga (Figure 23a). At
harvest, yield varied within a field. The CV ranged from 9.7% to 93.8% across the three districts,
with respective median value of 31.3%, 36.3% and 29.7%. (Figure 23b). The within-field yield

variability tended to increase with lower average yield (APPENDIX D Figure 42).

Figure 22 Photos from two sampling plots within a maize field with (a) high within-field
variability and (b) low within-field variability
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Figure 23 CV of within-field (a) in-season maize plant density and (b) grain yield at harvest
across study sites in three districts in Tanzania

In general, correlation between yield variability (CV of within-field yield) and GCVI
variability (CV of within-field GCVI) was the strongest, among the four evaluated vegetation
indices from PlanetLab 3m resolution images. For Morogoro, the variability captured by remote
sensing images in May 20-29, 2017 could explain final yield variability (Spearman correlation
coefficient -0.70 to -0.49) with statistical significance (p < 0.01 for GCVI, p < 0.05 for EVI, and
p < 0.1 for NDVI and green NDVI) (Figure 24a). The results showed a strong correlation
between vegetation index variability and yield variability 1-2 months after planting for sites in

Kagera (Spearman correlation coefficient about -0.5 for the four vegetation indices) but the
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correlation was statistically insignificant (p > 0.05) (Figure 24b). Limited cloud-free scenes
between planting and harvesting were available for Tanga. The strongest correlation (Spearman
correlation coefficient about -0.35 for the four vegetation indices) was found in early season (in
October), rather than late season (in late November-early December). The correlation was

insignificant (p > 0.05) (Figure 24c).

vegetation index -e= NDVI -e- gNDVI -e- GCVI -e- EVI
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Figure 24 Evolution of Spearman correlation coefficient between within-field variability of
vegetation index (four indices included) and within-field yield variability in maize growing
season in 2017 for (a) Morogoro, (b) Kagera and (c) Tanga (the numbers in the bottom of each
panel indicates the number of date-field combinations in the Spearman correlation analysis)
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Impact of Satellite Image Spatial Resolution on Monitoring Field Variability

For Honduras, across seven bean-growing areas, where cloud-free scenes from three satellite
images were found, the average within-field CV of NDVI was 18.4% according to 3m
PlanetScope images, 18.3% using 10m Sentinel-2 images, and 17.4% using 30m Landsat-8
images. The respective standard deviations were 5.2%, 5.2%, and 6.5% (Figure 25).

For Ghana, the within-field NDVI variability ranged from 8.6% to 16.3% (average 11.3%
and standard deviation of 4.3%) with the 3m-resolution PlanetScope and was 6.6-13.3% (average
10.3% and standard deviation of 2.9%) (Figure 26).

For the large commercial farms in the US, the CV of within-field 3m-resolution NDVI
ranged from 3.9% to 10.7% (average 8.1% and standard deviation of 2.9%). Such variability was
1.7-14.0% (average 5.1% and standard deviation of 4.2%) with coarser 10m-resolution Sentinel-
2 images, and was 2.3-12.9% (average 4.8% and standard deviation of 3.7%) based on 30m-
resolution Landsat images. (Figure 27a). The CV of the 20cm-resolution UAV images for three
fields was 8-13%, with an average of 10.1% and standard deviation of 2.8%. The results showed
comparable NDVI variability detected by UAV, PlanetScope, and Sentinel-2 (CV about 10%)
and much lower variability captured by Landsat (CV about 3.5%) (Figure 27b).

In general, the CV of NDVI increased with finer spatial resolution images for the selected
study areas in Honduras, Ghana, and the US, but the difference was insignificant (p > 0.05)

(Figure 25-27).
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Figure 25 CV of within-bean-growing-area NDVI across the bean growing areas in Honduras (N
= 7; the height of the bars indicates average value and the error bars indicate standard deviation;

satellite images sharing the same letter are not significantly different (p > 0.05) using the
Kruskal-Wallis test)
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Figure 26 CV of within-field NDVI across yam-pigeonpea fields in Fumesua, Ghana (N = 9; the
height of the bars indicates average value and the error bars indicate standard deviation; the same
letter are not significantly different (p > 0.05) using the Kruskal-Wallis test)
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Figure 27 CV of within-field NDVI (a) from satellite images across six year-field combinations
(N = 6), and (b) from both satellite and UAV images for three fields in Michigan, US. (N=3) (the
height of the bar indicates average value and the error bar indicates standard deviation; satellite

images sharing the same letter are not significantly different (p > 0.05) using the Kruskal-Wallis
test)

Discussion

Smallholder fields contained various levels of within-field heterogeneity. In this study, I
demonstrated such within-field heterogeneity using photos taken by tablets during field
campaigns and vegetation indices extracted from very high resolution (3m) satellite images. I
also quantified two aspects of such heterogeneity, in-season plant density and end-of-season
yield, using field sampling data. In Tanzania, maize plant status may be drastically different
depending on plant locations within a field. One location was filled with dense, thick maize
plants during growing seasons while another location in the same field had sparse, short, and thin
maize plants. This difference may be attributed to variations in soil properties within a field, as
was indicated in the photos (Figure 22a). Tittonell et al. (2005) and Tittonell et al. (2007) showed
a gradient of decreasing soil fertility and management intensity across fields within a farm (<1

ha) as they grew further from the homestead, and attributed within-farm variability to this
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agronomic resource allocation gradient.

Assessing and managing within-field variability is critical to enhance crop yield. The
traditional method of soil and plant sampling is labor and time intensive. The recent development
of micro-satellites and ready-to-use satellite image products can aid in evaluating in-season
within-field vegetation variability, as a proxy for end-of-season yield variability. For maize fields
in Tanzania, I showed that grain yield variability was correlated to in-season (1-2 months after
planting) PlanetScope-derived vegetation index (Spearman correlation coefficient above 0.5).
One limitation of using vegetation index as an indicator for plant vigor and yield estimation for
resource-limited small fields is that the detected greenness may be due to presence of weeds. A
less varied vegetation index does not necessarily mean well-distributed crop growth within a
field. This study was the first step in addressing within-field variability. I did not address
management that could reduce such within-field variability. One study showed within-field yield
variability across maize, sorghum, peanut, and cotton fields in Mali and its implications for
fertilizer management (Schut et al., 2018). My work builds on such studies by voicing the need
to evaluate variations in in-season plant conditions and final yield in order to effectively manage
land resources and to improve crop yield for smallholder farmers.

One way to apply remote sensing information to manage field variability is to use the
remotely sensed vegetation index to parameterize a model for management testing (Gilardelli et
al., 2019; Jégo et al., 2012). But the capability of satellite images to detect vegetation variability
varies depending on how temporal and spatial resolution relate to field size (Figure 25-27). This
is particularly important for smallholder fields since their within-field variability has not been
studied in relation to management planning. Though CV is useful to depict relative variability to

a mean, its application is limited for assessing the impact of spatial resolution and sensor choice
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on within-field vegetation variability detection. In this study, CV of within-field NDVI in general
decreased with coarser sensor spatial resolution, but the impact of spatial resolution was
statistically insignificant. This was partly due to varied NDVI ranges captured by different
sensors with different spectral resolution (Figure 21). More research is needed to arrive at a
conclusive understanding of the impact of compounded spatial and spectral resolution on

vegetation status monitoring.

Conclusions

High variability, including variations in yield, plant status, and plant density, exists among
different locations within smallholder fields in African countries. End-of-season yield variability
can be detected by in-season PlanetScope (3m) images using derived vegetation indices,
particularly GCVI (Spearman’s correlation coefficient of -0.7). But use of satellite images for
detecting within-field variability needs to be cautioned because temporal resolution of satellite

images and the spatial resolution in relation to field size may limit its capacity.
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CHAPTER 6: CONCLUSIONS AND RECOMMENDATIONS

This dissertation has presented the use of advanced agricultural technologies — including
cloud-based data collected from tablets with field survey questionnaires coded in applications in
portable devices (Chapter 2), process-based crop models (Chapter 3-4) and fine-spatial-
resolution satellite images (Chapter 5) — in developing a timely and accurate maize yield
forecasting system, assessing climate change impact on cropping systems, evaluating effects of
agronomic management on yield and soil carbon, and assessing within-field variability for
smallholder fields in Tanzania, Ghana, and Honduras.

Chapter 1 set the background and timely importance of this dissertation. It also included a
brief overview of the process-based crop model, System Approach to Land Use Sustainability
(SALUS), which was part of the methodologies for Chapters 2-4.

Chapter 2 presented a novel maize yield forecasting method that was able to predict maize
yield in smallholder fields 14-77 days prior to harvest. The new method took advantage of
available technologies — including computer-assisted personal interviewing software, tablets,
and cloud information storage — to collect, store, and access timely in-season field information.
The information from the field questionnaire survey was integrated with the SALUS crop model
to provide accurate and timely yield forecasts.

Chapter 3 was centered around climate change uncertainties and their impact on maize fields
in Tanzania. I concluded that under climate change, maize yield was most likely to decrease,
particularly in Kagera (by average of 22-25% under RCP 4.5 and 8.5) and Tanga (by average of
about 36% under the two RCPs), along with a more modest decrease in Morogoro (by an average
of about 4%). Soil organic carbon was projected to decrease (by average of 22-25% across the

three districts under RCP 4.5 and RCP 8.5), and soil inorganic N was most likely to increase (by
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average of 1-7 kgN/ha across the three districts and two RCPs), in spite of large uncertainties in
the projected climate. This study also highlighted the importance of considering changes in
climate extremes in climate impact assessment, particularly for impacts on yield and soil
inorganic N.

In Chapter 4, I investigated agronomic management treatments that could enhance both yam
tuber yield and soil organic carbon in Ghana. The calibrated and validated SALUS-Yam model
was executed to test the effectiveness of conventional and three improved management
treatments (pigeonpea-yam rotation, yam with 3 Mg/ha pigeonpea residue incorporated, and yam
with 23-23 kg/ha N-P205 fertilizer added) for increasing yam tuber yield and conserving soil
carbon across all cropland in Ghana. This work provided a benchmark study to evaluate yam
yield and soil carbon response to various management practices across Ghana and make yam
management decisions. I concluded that among the tested agronomic practices, incorporating
pigeonpea residue to yam fields would improve yield and reduce SOC loss to the largest extent.

Chapter 5 assessed the potential of using different satellite images, including 3m
PlanetScope, 10m Sentinel-2, and 30m Landsat, in detecting within-field variability. Along with
satellite images, field sampling data on in-season plant density and final grain yield across study
sites in Tanzania was used to demonstrate sub-field-scale variability. I concluded that large
variability existed among different locations within smallholder fields in African countries. In-
season variability of Green Chlorophyll Vegetation Index, derived from PlanetScope images, was
able to explain yield variability (r: -0.7). The capacity of satellite imaging for monitoring within-
field variability, however, is limited by its spatial resolution in relation to field size.

With increasingly available and affordable technologies for agricultural digitalization,

smallholder farming is facing a tipping point for transformation. The much-needed yield
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improvement cannot be accomplished without knowing the factors that constrain its potential.
The compounding effect of feedback between crop growth and soil nutrient cycling on soil
fertility will need to be addressed for sustainable agriculture to succeed, particularly under
climate change. Crop models can shed light on yield through crop-soil-climate-management
interactions, and are effective in recommending site-specific management for better yield, as has
been shown in previous and current research. Quality agro-climatic data remains a limitation for
assessing and improving food crop yield for smallholder fields. While satellite images provide
extensive spatial coverage for monitoring vegetation status, a lack of ground-truthing
information, among other reasons such as cloud contamination, restricts their use for inference.
The current fine-resolution micro-satellite images and computational algorithms may advance
automatic delineation of smallholder fields and identification of field plants. Imaging small
fields’ within-field variability through unmanned aerial vehicles or very-fine-spatial-resolution
satellite images can provide valuable soil and plant information for efficient management and

thus yield improvement.
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APPENDIX A: Chapter 2 Supplemental Tables and Figures

We evaluated the capability of SALUS in simulating interannual yield variability at regional
level by comparing the simulated yield to the reported regional yield from the Government of
Tanzania in 2003/2004-2012/2013. We first ran the uncalibrated SALUS using possible
management practices, a low-yielding maize cultivar for Morogoro, Kagera and Tanga with the
respective typical soils in the regions and daily weather data in 2003-2013 extracted from
National Aeronautics and Space Administration Prediction Of Worldwide Energy Resource

(NASA POWER) (https://power.larc.nasa.gov). The possible management practices combined

different planting dates (between late February and mid-April for long-rain seasons, and between
late September and mid-November for short-rain seasons), nitrogen application rates (0, 30 and
60 kgN/ha), and planting densities (1-6 plants/m?). A total of 648 simulations were performed for
each district. We then fixed the planting date (early March for long-rain seasons, and early
October for short-rain seasons) and selected N application rate and planting densities in each
year that could reproduce the regional-level yield. We performed simulation runs with the
management practices that would reproduce the reported yield at regional level, combined with
typical soils for each region. We applied a 20% reduction factor to count for abiotic stress from
weeds, pests and diseases (Tollenaar et al. 1994).

Without calibration, the range of simulated grain yield captured the reported yield at district
level (Figure 28a). The average simulated grain yield using the uncalibrated SALUS model was
able to capture interannual grain yield for Morogoro and Tanga reasonably well for 5 years of the
simulated 10 years. On average, the uncalibrated model, however, overestimated grain yield in
Kagera. For the three districts, the root mean square of deviation (RMSD) between the simulated

average and reported regional yield was 0.75 t/ha with mean absolute percentage error (MAPE)
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of 64.7% (Figure 28a). With selections of planting date and density for the model runs, the
simulated grain yield was much closer to the reported regional yield across the three districts.
Across the three districts, the RMSD between the simulated average yield and the reported yield
was 0.23 t/ha, and the MAPE was 18.1% (Figure 28b).

The SALUS model also captured the yield response to stress levels (nitrogen deficiency
stress and drought stress). The simulated stress factor in the SALUS model represents the ratio
between supply and demand. The stress factor ranges from 0 (severe stress) and 1 (no stress) (Liu
and Basso 2017). Using a constant planting density (5 plants/m?) under rainfed and unfertilized

condition, the simulated grain yield in general increased as the stress levels decreased (Figure

29).
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Figure 28 Comparisons between simulated yield and reported regional yield. (a) Simulated yield
with all possible management practices versus reported regional yield, and (b) Simulated yield
with management practices that would reproduce the interannual yield variability versus regional
yield (In both panels, the black cross represents reported regional yield, the red dot represents
average simulated yield, the upper and the lower boundary of the pink shades represent 90t
percentile and 10" percentile values of the simulated yield, respectively; Abbreviations: RMSD -
root mean square of deviation, MAPE- mean absolute percentage error).
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Figure 30 Distribution of the simulated maize yield of three maize cultivars in 1981-2010.
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Table 6 Descriptions of the soil properties in the top 15 cm used in the yield forecasting
algorithm

Site and soil types Profile depth Clay (%)  Silt (%) Organic carbon (%)
(cm)

Morogoro

Poor 40 15 11.5 0.40

Medium 40 36.5 8.5 0.81

Fertile 60 36.5 8.5 0.86

Extremely fertile 100 36.5 8.5 0.95

Kagera

Poor 40 20 9.5 0.1

Medium 40 32 11.5 0.58

Fertile 60 32 11.5 0.75

Extremely fertile 60 28.5 15.0 1.22

Tanga

Poor 40 24.5 14.5 0.46

Medium 40 29.5 17.5 0.84

Fertile 60 29.5 17.5 1.11

Extremely fertile 60 31.5 21.0 1.52

The questionnaire consisted of a set of questions asking questions related to sampling
location geographic information, and within-season agronomic information and climatic
characteristics. The field questionnaire survey also included detailed instructions to establishing

experimental plots. We included the key questions and instructions in the questionnaire below

(Table 7).

Table 7 Key questions in the field survey questionnaire regarding the geographic agronomic and
climatic information of sampling fields

Questions Choices (when applicable)

Geographic and general information about the field

Record the sampling field latitude and longitude.

Record crops in the field.

Record the clockwise and counter clock-wise field area using

the GPS
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Table 7 (cont’d)

Questions related to management

When was maize planted?

Which maize variety?

Has this field been irrigated?

Select all of the fertilizers that have been applied to the field

Has cow manure been applied to the field?

Questions related to plant status

Has maize experienced water stress?

Has maize experienced nitrogen stress?

Has the sampling field had any problems with diseases?

Has the sampling field had any problems with insects?

Has the sampling field had any problems with weeds?

Questions related to in-season weather characteristics

How was the weather before maize was planted?

Morogoro

Early February
Mid February

Late February
Early March

Mid March
Kagera and Tanga
Late August

Early September
Mid September
Late September
Early October
Short duration (3 months or less)
Long duration (more than 3
months)

Yes

No

SA

CAN

NPK

Urea

None

Yes

No

Yes, major
Yes, minor
No
Yes, major
Yes, minor
No
Yes, major
Yes, minor
No
Yes, major
Yes, minor
No
Yes, major
Yes, minor
No

Dry and hot

Dry and cold

Average rain and temperature
Wet and cold

Wet and hot
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Instructions to selection of the experimental plot
Stand at the southwest corner of the sampling field. Record the coordinate of the southwest

corner of the sampling field. Now, face north. Walk northward and count your steps until arriving
at the northwest corner. This is side 1. Record the number of steps for side 1. Now walk eastward
and count the number of steps. This is side 2. Record the number of steps for side 2. Now, return
to the southwest corner of the field. Walk northward for <a random number less than the total
steps in side 1> steps. Stop, and turn to your right. Enter the plot by walking for <a random
number less than the total steps in side 2 minus 7> steps. Mark your position. This will be the
southwest corner of the experimental plot. You will create a 6x6 m experimental plot. Divide the
experimental plot into 3x3 m quadrants. You will select two plants from each quadrant, and fill in
the following information related to the experimental plot (Table 8).
Table 8 Key questions in the field survey questionnaire for the experimental plot within the
sampling field

Questions Choices (when applicable)

Record the GPS coordinates of the southwest corner of the

experimental plot.

The questions below repeat for each quadrant

What the total number of plants?

Take a photo of the experimental plot.
The questions below repeat for each of the two randomly sampled maize plants

Yes
(')
Has the plant tasseled? No
How many cobs are there?
Are the cobs ready to be harvested? Yes
No

If the cobs are ready to be harvested, randomly choose two
cobs and record the number of rows and the number of
kernels per row.

If the cobs on both plants are ready to be harvested, what is
the total weight in grams of the cobs?
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Figure 31 Distribution of sampling fields’ size across (A) Morogoro, (B) Kagera and (C) Tanga
(the size of 7 fields in Kagera were missing).
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APPENDIX B: Chapter 3 Supplemental Tables and Figures
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Figure 32 Distribution of average values of climatic variables in masika seasons (March-May) in
1990-2019 across 60 sites in the three districts: (a) minimum temperature, (b) maximum
temperature, (c) seasonal total rainfall, and (d) daily solar radiation.
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Figure 33 Comparisons of simulated changes in 30-year average yield in 2020-2049 under (a)
RCP 4.5 and (b) RCP 8.5 compared to historical yield in 1990-2019 when using 18 climate
models versus using one delta-method projected climate (the two ends of lines indicate minimum
and maximum values, and the height of the circle on y-axis indicate the average value)
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Figure 34 Comparisons of simulated SOC changes over 30 years under climate change when
using 18 climate models versus using one delta-method projected climate (the two ends of lines
indicate minimum and maximum values, and the height of the circle on y-axis indicate the
average value)
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Figure 35 Comparisons of simulated changes in soil inorganic N under climate change compared
to historical climate when using 18 climate models versus using one delta-method projected
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106



APPENDIX C: Chapter 4 Supplemental Tables and Figures

SALUS model did not count for biotic stress on crop growth. To capture the effect of weeds
on yam growth, we applied reduction factors based on the amount of weed present in the yam
field. Both tuber and aboveground biomass yield was reduced by 25% with 2.5 Mg/ha or more
weeds. The biomass reduction factor was 20% with 2-2.4 Mg/ha weeds, 15% with 1.5-2 Mg/ha,
and 10% with less than 1.5 Mg/ha weeds (Akobundu, 1981). Weed stress varied across

treatments and years (Figure 36).

Yam with pigeonpea

. residue addition Yam without residue

Ejt'Jra Fumlesua Ejll.ll'a Fum'esua
Site

Figure 36 Observed weed biomass in two study sites under the two cropping systems (with and
without pigeonpea residue addition) in 2018-2019
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We compared available weather record of 20 weather stations to POWER weather data across
Ghana in 2010-2014. The reported POWER annual precipitation matched with the recorded
annual total precipitation by the weather stations in general (Figure 37a). We found drizzle
events (<Imm daily precipitation) in POWER across Ghana. We also found the average
minimum temperature was 1.3% higher in POWER dataset compared to the weather station
record, and maximum temperature was 3% lower in the POWER dataset. We tested the effect of

removing drizzle events and adjusting temperature on simulated yam yield on 20 POWER
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climate grids where the weather stations were located. We used four climate scenarios, original
POWER weather, drizzle events removed, temperature corrected using the percentage difference,
and adjustment for both drizzle and temperature, to simulate 10-year continue rainfed
unfertilized yam in 2005-2014. We did not find sizable impact of climate adjustment. The
percentage difference in average 10-year simulated yam yield between adjusted POWER weather
and original POWER weather was mostly (more than 97% cases) within 4% across the 20

stations (Figure 37b). Therefore, we used original POWER weather series.
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Figure 37 Percentage difference in 10-year average yam tuber yield between original POWER
weather and adjusted POWER weather for drizzle, temperature or both.

We used coefticient of skewness to evaluate the normality of simulated 10 years of three
growing-season stress levels --- drought stress, and N and P deficiency stress levels --- for each
simulation unit. Growing-season stress level was the sum of daily stress level, which was
computed as 1 — supply/demand, over a growing season. Skewness of 0 indicates symmetric (i.e.
normal) distributions, positive skewness means right skewed and negative skewness means left
skewed (Pori¢ et al., 2009; Fu et al., 2010). The drought stress level was not normally distributed

(absolute skewness > 0.55) for 72% of the simulation units (Figure 38a) whereas the two nutrient
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deficiency stress levels were close to normal distribution (absolute skewness <= 0.55) for about

65% of the simulation units (Figure 38b-c).
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Figure 38 Distribution of skewness of 10 years of simulated stress levels for (a) drought, (b) N

deficiency, and (c) P deficiency stress across each simulation unit (skewness value of 0 indicates
normal distribution)
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APPENDIX D: Chapter 5 Supplemental Tables and Figures
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Figure 39 Spatial distribution of the eight 10x10km study regions where bean harvest area was
over 700 ha in Honduras (IFPRI 2019; You et al., 2009)
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Figure 40 Study sites in Ghana (a) study location in Ghana, and (b) layout of the experimental
plots with three pigeonpea cropping systems and three replicates per cropping system
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The 8 bean growing areas in Honduras was characterized with distinct precipitation patterns.
The area 1-4 received average annual total precipitation of about 1000mm and area 5-8 received
average of 1200-1700mm in 2010-2018 (Figure 41). Beans are often planted in the secondary

rain season in September in Honduras (Diaz-Ambrona et al., 2013).
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Figure 41 Average monthly total precipitation in 2011-2018 across the 8 bean growing areas
(each column represents one bean growing area)
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Figure 42 CV of grain yield versus average yield across study sites in Tanzania (blue line is fitted
regression line using the general linear model)
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