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THE GRAND CHALLENGES, OBJECTIVES & HYPOTHESES
Land use, land cover changes, and ecosystem-specific management practices are increasingly recognized for their roles in mediating the climatic effects on ecosystem structure and function. The scientific community on carbon (C) cycling, for example, has gained the much needed knowledge, technology, and tools to model and forecast the changes of C fluxes through a combination of large in situ measurements (e.g., FLUXNET, Papale et al 2015), remote sensing (RS) technology (e.g., Xiao et al 2012), and ecosystem models (e.g., Hurtt et al 2011, Schaefer et al 2012). Depending on the region, some scholars have demonstrated that human activities influence C fluxes and storage far more than climatic changes (IPCC 2014). The UNFCCC Conference of the Parties, which formed to address climate change, signed the historic “Paris Agreement” proposed by the U.S. in April 2016 along with nearly 200 other countries. The agreement prominently features land and forest sectors as important carbon pools and opportunities for sequestration (The United Nations, Framework Convention on Climate Change 2015). Over the last decade, other policies and programs attempting climate mitigation, such as Reducing Emissions from Deforestation and Degradation (REDD), have been launched and scrutinized by academia.
A major challenge is that our understanding and forecasting of ecosystem C fluxes cannot rely solely on conventional biophysical regulations at any scale, from the local ecosystem to the globe. A second challenge is to quantify the magnitude of the C fluxes from managed ecosystems and landscapes over the lifetime of the C cycle, and to deduct the various energy inputs during management from the amount of C sequestered by an ecosystem (West & Marland 2003). For example, conventional crop management often includes tillage, fertilization, irrigation, applications of pesticides and herbicides, harvesting, transportation to the market, land conversion, etc. All of these activities require a CO2-equivalent (CO2eq) amount of energy (hereafter “social C flux”) to offset the actual amount of C sequestered by the ecosystems and landscapes. A complete life cycle assessment (LCA) is needed to account for the actual sequestration strength at different spatial and temporal scales. Our recent LCA study on converting marginal lands to biofuel systems in southwest Michigan indicated that, if the land was tilled, a C balance cannot be reached until 89–123 years pass (Gelfand et al 2011). When developing conceptual and predictive models to realistically quantify the C flux in time and space, one must also include human activity. 
Our overall objective is to quantify the landscape-scale C fluxes at annual scale of both managed agricultural-forest landscapes and people, using the Kalamazoo watershed in southwestern Michigan as our testbed. The underlying mechanisms from both human activities and biophysical changes (e.g., climate, phenology) on ecosystem C dynamics at different temporal and spatial scales will be explored by modeling net ecosystem C production (hereafter “physical C flux”), estimating social C flux, exploring the complex relationships through Bayesian structural equation modeling (SEM), and performing a spatially-explicit LCA on the total C production within the contrasting landscapes and the entire watershed. The three fundamental questions are: (1) what are the quantitative contributions of land cover change, specific management practices, and climate changes (means and extremes) to the social and physical C fluxes of managed ecosystems and landscapes; (2) what are the spatial and temporal changes of their contributions in managed agricultural-forest landscapes; and (3) how will future land use changes (including alternative management practices) impact C sequestration in an upper, mid-latitude managed ecosystem?
We will take a bottom-up approach to quantify landscape C fluxes and a top-down scaling effort to characterize the contributions of climatic change, land use, and site-specific management practices at two spatial scales: landscapes in the Midwest region of the USA with contrasting structure and composition and the entire watershed (Fig. 1). Our overarching hypothesis is that social C flux is more responsible than physical C flux for the dynamics, and especially the uncertainty, of the cumulative CO2eq production of these intensively-managed landscapes. However, their proportions vary significantly among the landscapes and over history because of the great variations in land conversions, land use practices, climatic changes and extremes in the watershed.   [image: ]Fig. 1. Proposed research components and their linkages for process-based predictions of the spatiotemporal changes in CO2eq production that will be quantified by estimating “social C flux”, and “physical C flux” at contrasting landscapes (i.e., different land cover compositions) within the Kalamazoo Watershed as well as the entire watershed (Fig. 3). Life cycle assessment (LCA) will be employed for major patch types to quantify the C production at different temporal scales. The statistical downscaling modeling will be used to predict future local climate from RCP scenarios. Bayesian structural equation models (SEM) will be constructed to explore the contributions of climate change and human activities.

 Physical C flux of an ecosystem (e.g., net ecosystem productivity, NEP) is jointly regulated by the biophysical conditions such as climate (temperature, light, precipitation), soil (e.g., nutrients, moisture), and vegetation (e.g., leaf area, phenology). Supported by rich in situ measurements in diverse ecosystems, manipulative experiments, and ecosystem models from the past four decades, the magnitude and dynamics of the physical C flux can be predicted with high confidence. Application of RS technology in recent decades has also greatly advanced our predicative ability at broader spatial and temporal scales. Relatively underdeveloped, yet rapidly evolving, considerations are the roles of land use, management practice, and extreme climate that may significantly change or even tip the balance of C production. More importantly, at the landscape scale where different types and sizes of ecosystems exist, management strategies and actions (e.g., harvesting methods, rotation schedule) play a leading role in determining the cumulative C production level (Chen et al 2004). In a forested landscape in Northern Wisconsin, for example, we simulated five harvesting scenarios and performed a sensitivity analysis (Fig. 2). We found that timber harvesting rotations that go beyond the time of an ecosystem’s maximum NEP will ultimately yield the greatest cumulative NEP value. Increasing the harvesting interval could switch an ecosystem from a net C source to a net C sink (Euskirchen et al 2002). A specific implication of these results is that C losses within the landscape could be mitigated by permitting the ecosystem to reach its maximum net C before harvesting. Similar conclusions have been reported for croplands, where ecosystem C production or cumulative landscape NEP depend directly on the rotation, tillage, fertilization, irrigation, etc. (Robertson et al 2000, Millar et al. 2010, Lal et al 2011). Integrating these site-specific practices into predictive models is necessary to accurately estimate the physical C flux in any managed landscape. [image: ]
Fig. 2.  Simulated changes in the cumulative net ecosystem productivity (NEP) of managed forest landscape in N. Wisconsin with five alternative management scenarios (Euskirchen et al 2002).
[image: ]
Fig. 2.  Simulated changes in the cumulative net ecosystem productivity (NEP) of managed forest landscape in N. Wisconsin with five alternative management scenarios (Euskirchen et al 2002).

Social C flux, defined in this proposal, refers to the amount of CO2eq that is transported among the ecosystems within the landscape (i.e., internal import and export), or from/to outside of the landscape (i.e., external import and export). Within the landscape, CO2eq transportation may include the transportation of organic materials, water, and nutrients that all need energy (i.e., CO2eq loss from the system). The external losses may involve much more CO2eq, such as harvesting, thinning of forest plantation, grain/feedstock or timber production, fuel burning, fertilization, irrigation, tillage (energy consumption), applications of pesticides and herbicide, etc. The amount of CO2eq involved in these activities needs to be deducted from the new landscape CO2eq balance. Depending on the management type and intensity, they can be significant. Tillage practice in crop management and timber harvesting, for example, are well known for accelerating the decomposition (i.e., CO2 emission from the soils; Chen et al 2004, Amiro et al 2010). Zimmerman et al. (2005) conducted a regional modeling exercise including most of the Midwestern agricultural regions and found that conservation tillage (no tillage and minimum tillage) practices, which are used on 37% of the U.S.’s croplands, could significantly increase soil organic carbon. At the biofuel production systems of the Kellogg Biological Station (KBS), scale-up plots were established to examine the biomass production of corn, switch grass, and mixed prairies. Extremely high NEP was measured by the in situ EC flux towers and accounted for 59.75% (CRP to prairie conversion) of the real NEP because a large amount of grains and biomass were harvested and moved to the production lines. When the physical C flux from land conversion, tillage, fertigation, harvesting energy consumption, and applications of pesticides, was deducted the CO2eq production of all three biofuel systems was negative for many years after initial establishment (Gelfand et al 2011, Zenone et al 2013). These social C fluxes are normally not considered or measured in C-cycle studies, but can be estimated through calculating the amount of energy or materials involved in each activity.  For example, tillage of one cropland hectare needs approximately 4–6 gallons of diesel fuel, which is equivalent of 22.38 lbs of CO2eq production. Fortunately, local governments (counties), federal agencies (National Agricultural Statistics Service, NASS), organizations (Michigan Centennial Farm Association, MCFA), and many landowners have kept good records of their practices, allowing us to estimate social fluxes over time. By examining these records and surveying the landowners, one can reasonably estimate the social C fluxes.  
The CO2eq production of an ecosystem and the landscape (i.e., social C flux + physical C flux) also needs to be estimated through its life cycle because of the complex combination of practices and product uses over time and space. The trade-offs that come with different management options may off-set or appear to compete over short timelines, but over long time scales they may be positively correlated. A detailed LCA is therefore needed to describe possible future situations that are relevant for specific management practices. This can be done based on specific assumptions and historical records about the future, and (when relevant) on present and future developments (Reap et al 2008; Wu et al 2014). Theoretically, LCA can be used to quantify land use impacts on any ecosystem functions, such as the endangerment of species, eutrophication of lakes and rivers, loss of fertile soil, and reduction in C sequestration (Koellner 2002). Due to the scope and goal of this study, we will only calculate the potential amount of CO2eq using the Product Life Cycle Accounting and Reporting Standard (Wu et al 2014). LCA will be used to quantify the total CO2eq over different temporal scales and under alternative management/climate scenarios. 
Our ambitious objectives could not be achieved without the many relevant previous/ongoing projects in the study region, rich historical data, existing infrastructure, as well as a collaborative research team. Major relevant projects include: 
· Long term data, experiments, and expertise through the KBS LTER since 1988 and the Great Lakes Bioenergy Research Center (GLBRC) since 2008 (Robertson, Hamilton, Chen);
· Continuous measurements of CO2 fluxes and microclimate at seven eddy flux (EC) towers since 2009 (Chen, Hamilton) and a mobile flux tower that is readily available for this project (Chen);
· Comprehensive archive of aerial photos for 1938–1998 through RS&GIS Center (Lusch); 
· Rich data and experience in RS images at the Center for Global Change and Earth Observations (CGCEO), which is the North American Nodal office of the Global Land Project—our team is in a process of acquiring the high resolution, multi-banded VENS images through collaborations with the Israeli/French Agencies (John, Karnieli);
· Rich experience in ecosystem modeling (Dahlin, Chen)—Dahlin has ongoing projects on CLM with the Community Earth System Model (CESM) team at NCAR; 
· A joint venture between Planetek and CGCEO that effectively conducts surveys through citizen science and disseminates geospatial data and forecasts (Cooper, Chen).
· A R-based LCA packaged developed through our sustainable energy project (Wu et al 2014).
This study aligns well with the protocols of the US Carbon Cycle Science Plan and Theme 3 of the “Carbon dynamics across managed landscapes”. Our transformative approach and results will also have significant implications beyond the Kalamazoo Watershed by synthesizing the lessons for program questions, including: “How do natural processes and human actions affect the carbon cycle on land?”  We also aim at the “development and delivery of science for agricultural, forest, and range systems adapted to climate variability and to mitigate climatic impacts”. 
RESEARCH PLANS 
A combination of RS technology, available geospatial data (e.g., land tenure and practices), historical records of management practices, survey of historical practices, a land surface model (Community Land Model, CLM), in situ measurements of C fluxes, historical CO2eq import and export, biophysical/empirical modeling of key C-cycle process (e.g., SEM), and LCA will be used to achieve our study objectives (Fig. 1). We propose three specific research tasks: (1) model the physical C fluxes of the watershed for 1978–2018 and four contrasting landscapes for 1938–2018; (2) estimate the social C fluxes for the same time period; and (3) diagnose the underlying mechanisms from land use, land cover changes, site-specific management practices, mean climatic change, and climatic extremes on the total C fluxes at the two spatial and temporal scales through SEM and LCA. We anticipate a reliable forecasting method will be developed through modeling alternative climate and management practices for the future. Our objectives will also be enhanced through the broad engagement of stakeholders and the wide distribution of our data and scientific products. 
Study Site
The Kalamazoo River watershed (5261 km2), which includes portions of 11 counties (Allegan, Ottawa, Van Buren, Kent, Barry, Kalamazoo, Calhoun, Eaton, Jackson, and Hillsdale) in southwestern Michigan, is currently dominated by cultivated crops (32.9%), deciduous forest (20.0%), pasture-hay prairies (15.1%), lakes and wooded wetlands (14.7%), and urban areas (6.8%). Prior to European settlement and land conversion to agriculture, this region had a mosaic of tallgrass prairies, savannas and oak openings including C3 and C4 grasses as well as forbs (Chapman & Brewer 2008). Kalamazoo and Battle Creek are the two major cities within the watershed. The river has a moderate stream gradient and drops 165 m in elevation from its headwaters (300+ m). The river drains a landscape consisting of thick glacial deposits. Alfisols are the most common soil formation and reflect the dominance of deciduous forests in the past. The watershed is covered with prime agricultural soils, including 70% coarse soils that are permeable to rainwater and help in the recharge of groundwater (Schaetzel et al 2009). The annual precipitation is 890 mm, with 65% returned as evapotranspiration (Fongers et al 2008). The recent growth in urban land use might cause the local hydrology to become more “flashy”, owing to the sharp increase in impervious areas, and might contribute to high phosphorus loading (Bass 2009). While 96% of the land is privately owned, there are major public lands (e.g., Allegan State Game area, Fort Custer recreation area, Yankee Springs Recreation Area). The land use history of agriculture shows that row crop agriculture takes place in the more productive soils, whereas croplands that were in marginal areas with steep slopes, that were excessively drained, or that had poor drainage were abandoned (Schaetzl et al 2009). 
The watershed has contrasting landscape configurations (Fig. 3). After preliminary analysis of the landscape structure, we will conduct our study in four contrasting landscapes within the watershed (Fig. 3). These landscapes are typical of those found in the US Midwest, which include: (I) heavily forested sub-watersheds along with seasonally flooded forest-wetland matrix at the mouth of the river near the Allegan Game Area; (II) the lake-forest-cropland mosaics around Gull Lake in Kalamazoo/Barry counties; (III) urban-rural gradients centered in Battle Creek; and (IV) cropland-dominated agricultural landscapes (Hamilton et al in review). These landscapes have an area of 20, 681; 19,504; 25,496; and 27,561 ha, consisting of 2, 3, 4, and 4 sub-watersheds (total=13) (Fig. 3). [image: ]
Fig. 3. Current land cover of the Kalamazoo Watershed (NLCD), which includes 127 sub-watersheds (USGS).  The entire watershed will be examined for the changes of CO2eq during a 40-year period (1978–2018) using Landsat/Sentinel with the climate and human activities following our working framework (Fig. 1), while four contrasting landscapes will be quantified with high-resolution RS data and historical records and survey statistics over an 80-year period (1938–2018).

Research Tasks
We propose three tasks to achieve our objectives. First, Landsat, Sentinel, MODIS, aerial photos, Worldview I-3, VENS, AMSR-E and other spatial databases of biophysical and socioeconomic variables will be compiled, processed and made accessible on our project webpage at the LEES Lab of Michigan State University to develop a comprehensive database of land use and land cover change for the watershed and landscapes over space and time. Then both a biophysical model (CLM) and a socioeconomic model will be customized with intensive field data including vegetation, soil, climate, surveys, government statistics, as well as the RS land surface properties (Task 1). We will perform an uncertainty analysis by integrating Bayesian modeling with SEM. Through our collaborations with the LTER/GLBRC at KBS, the RS&GIS Center, and Planetek, the three research tasks will provide an understanding of the changes and regulations of CO2eq production in the four contrasting landscapes (1938–2018) and the entire watershed (1978–2018) (Fig. 3). Ground measurements of C flux and potential drivers will be crucial to model parameterization and validation. In addition to pooling the data from the seven current EC towers, we will deploy a pair of mobile EC towers in contrasting landscapes to take periodic snapshot measurements, lasting 4-5 weeks each, in different land-cover types for independent model validation. In addition to the major research tasks, we have proposed to provide outreach and engagement activities through an interactive web interface, downloadable data and project results, and multi-media project updates, and to incorporate students into project activities.
Task 1: Dynamics of Physical C Fluxes
Objective: We aim to quantify the changes of the physical C flux on an annual scale, which will be converted to CO2eq, by integrating: (1) remotely-sensed land cover type and other surface properties; (2) geospatial records of climate, vegetation, soil, and management practices for model parameterization; (3) direct measurements of net ecosystem exchange of CO2 using EC flux towers for model validation; and (4) a customized ecosystem model (i.e. CLM). 

Task 1.1. Land cover change (LCC) and land surface properties: Land cover maps will be created at two spatial resolutions: watershed (30 m) and landscape (1–4 m). Landsat/Sentinel will be used to develop accurate land cover maps of the entire watershed for the 1978–2018 period. We will acquire 30 m resolution Landsat scenes at 5-year intervals using the Global Landsat Survey (GLS) for years 1975, 1990, and 2010 and MSS/TM/OLI scenes for years 1980, 1985, 2000, and 2018—totaling a 40-year study period. We will also characterize the present day landscape by using 10 m and 20 m ESA Sentinel-2 imagery to cross-check the classification and fill the data gaps. Existing classification products such as the 30 m NLCD might omit vegetation cover at fine scales, such as isolated forest stands and narrow strips of cropland cover. Therefore, hyperspatial data at 1–4 m resolutions from the National Geospatial Agency (NGA) commercial archive database will be used to classify and archive the dominant agricultural, forest cover and urban green cover using Object-based Classification. These data might include Worldview-3, Worldview-2, Worldview-1, and the QuickBird series in the present day as well as the legacy IKONOS. The NGA data will enable a fine scale analysis of the percentage of canopy cover at stand level and crop type and productivity at the parcel level. To ensure a degree of consistency among all images, standard methods (Estoque & Murayama 2015, Poursanidis et al 2015) for land cover classification will be consistently applied to all the scenes. 
The long-term cover changes of the four contrasting landscapes will be quantified with high resolution aerial RS data (Fig. 4). There have been major proportional changes in forest cover relative to cropland cover in southwest Michigan. These important land cover/use changes at the landscape level can be only tracked back to the early Landsat/MSS era (1972). In order to classify and archive fine-scale changes in landscape structure, prior to the IKONOS era, we will use aerial photos from 1938, 1958 and 1978, which will be provided from the RS&GIS Aerial Imagery Archive (http://www.rsgis.msu.edu/aerial_archive/). The more recent Digital Orthophoto Quadrangles (DOQs) from Michigan DNR data portals will be used for 1992–1998. These fine scale aerial photos (e.g., RF 1: 14,000, 1:20,000 and 1:6,000) will be used to identify cover type. While color infrared photography can be readily classified through standard image processing, we will extract information from the black and white aerial photos through texture analysis and visual photo-interpretation. [image: ]
Fig. 4 Land cover change in the Augusta Creek watershed. Estimates are based on aerial photos and the Cropland Data Layer) (Hamilton et al in review).


	In order to measure fine-scale changes in land cover and land surface properties on the four landscapes, we propose to use the imagery at a high repetition (two days) from the Vegetation and Environmental New Micro Spacecraft (VENµS) at 5.3 m resolution and 27 km swath. VENµS is a joint venture of the Israeli Space Agency (ISA) and the French Centre National d’Etudes Spatiales (CNES) scheduled to launch in early 2017. The scientific mission is aimed at demonstrating the relevance of VENµS observation capabilities in the framework of the European Global Monitoring for Environment and Security Program (the "GMES Program"). The high observation frequency is essential for detecting the dynamics of vegetation growth, the short duration of phenological stages, and the rapid temporal changes of water quality. VENμS will have 12 narrow spectral bands, ranging from 415 nm to 910 nm and will include 4 red-edge bands. The bands, varying in width from 40 nm to 16 nm, were chosen to retrieve key information about vegetation, water, and atmosphere as well as other features; and some are located within the atmospheric absorption regions of H2O and O2. One of the bands, at 620 nm, is duplicated so that both bands are positioned at the extremes of the angular field in the scan direction. Dr. A. Karnieli, our collaborator in Israel, will assist in accessing of VENµS for the study area. VENµS imagery has a unique combination of high radiometric and spatial resolution will help us obtain fine scale land cover type products through classification as well as land surface properties described below.  
Other land surface properties: A suite of satellite-derived products including proxies of productivity (e.g., MODIS NDVI, EVI, LAI), water content indices (e.g., LSWI, NDSVI), land surface temperature (LST), soil moisture (AMSR-E, SMAP), and precipitation (TRMM, GPM) will be used to develop a continuous database with high temporal resolution with wall-to-wall coverage at the regional and landscape hierarchies. Landsat/Sentinel (1978–2018) scenes and VENµS will be used to quantify land surface properties (e.g., fraction of vegetation cover, land surface temperature, and above ground biomass) developed by scaling up from field sampling to the entire region. These remote-sensing products will be used to explore the interactions among the various elements of the study as well as for model parameterization. We obtained the 8-digit and 12-digit hydrologic unit watershed boundaries prepared by the Michigan Department of Environmental Quality (MDEQ). Soil Survey Spatial and Tabular Data (SSURGO 2.2) for the Counties of Allegan, Barry, Calhoun, Eaton, Jackson, and Kalamazoo will be obtained from the USDA NRCS portal, and a 10-m resolution DEM will be obtained from the USGS
Task 1.2: Climate and Soil Data: Daily mean, minimum, and maximum temperature, relative humidity, radiation, and precipitation from NOAA stations for the region will be included in this database. For the CLM runs (Task 1.4) we will need soil information including percentages of sand, silt, and clay, available from the USDA Natural Resources Conservation Service Soil Survey (websoilsurvey.sc.egov.usda.gov). The CLM also requires half-hourly weather data (temperature and precipitation), which will be obtained from weather stations where possible or from reanalysis data like CRUNCEP (https://www.google.com/#q=cruncep) as necessary. While the CRUNCEP data is spatially very coarse (0.5o), we note that this proposal is not focused on microclimate differences between the various sites within the watershed, and so these spatially coarse but temporally fine data will be adequate.  These open-access data will be used for customizing CLM. In addition to these global scale data sources, we will incorporate data from the archives at the KBS-LTER and KBS-GLBRC, including long term experiments looking at N cycling, crop productivity, and microbial activity all under different experimental management regimes (different N application rates, pesticide rates, and irrigation rates). These experimental plots will help inform and constrain CLM runs (see Task 1.4) in agricultural areas, allowing us to compare biomass and yield estimates from CLM to on-the-ground measurements under fixed environmental conditions but varying management regimes. 
Task 1.3: Direct measurements from EC flux towers: Seven EC flux towers have operated in the watershed since 2009 (Zenone et al 2011, 2013) and will be continuously maintained by other relevant projects. The seven fields (9–21 ha) were converted for biofuel production as part of GLBRC. Prior to land use conversion, four of the seven fields had been managed under the Conservation Reserve Program (CRP) since 1987. In 2009, all fields were converted to no-till soybean except for one CRP grassland that was maintained to serve as a reference site. The CRP grassland fields were treated with herbicide to kill the brome grass prior to planting soybean. From 2010 to 2012 three of the former CRP sites and the three former agricultural sites were planted with corn, switchgrass, and mixed-prairie, while the reference site remained unchanged.  Continuous EC and meteorological measurements had been conducted since January 2009 following standard maintenance protocols (Zenone et al 2011, 2013; Abraha et al 2016). Each tower included a LI-7500 open-path infrared gas analyzer for H2O and CO2 concentration measurements and a CSAT3 three-dimensional sonic anemometer. We also measured soil heat flux density, soil temperature at three depths, and soil water content. Meteorological measurements of incoming and outgoing short- and long-wave radiation and air temperature and relative humidity were also made at each of the scale-up sites. Precipitation is measured at the LTER weather station. Vegetation and site characteristics (e.g., soil and land use) within the footprint of the tower will be measured following the protocols of the FLUXNET.
Mobile EC flux tower: A pair of mobile, open-path EC flux carts (2–3 m in height, available at the LEES Lab) will be used and moved among different ecosystems to directly measure the net ecosystem exchanges (NEE) of carbon (CO2, CH4), water, energy, and microclimate.  The portable EC tower will be mounted on a cart (a.k.a., “J-ROVER” developed by PI Chen) in order to increase our ground NEE measurements in many cover types (Shao et al 2013). The mobile system, with identical sensors to the permanent EC towers, will be operated at each site for at least four weeks to collect the necessary ground data for model validation. Because of the vegetation’s short height, the relocation of the tower to a different ecosystem can be accomplished within two days. These towers will be operated by trained local collaborators at landscapes I, II, and IV in Year 1, 2, and 3 (Fig 3), respectively, with approximately 6–8 sites per year (18–24 total). Due to the practical difficulties (i.e., height), the mobile EC towers will be applied for vegetation < 5 m in height. The flux data from adjacent AmeriFlux sites, the Univ. of Michigan Biological Station (1998–present), the Oak Openings (2004–2014), and coastal wetlands, will be used for independent model validations for forests and the wetland (Chen et al 2008; Chu et al. 2016, Xie et al. 2016). All of the sensors, especially the LI7500 IRGA,  will be calibrated periodically to ensure data quality. The 10Hs raw data will be processed using the EC_processor developed at the LEES Lab (Noormets et al 2008).  
Task 1.4.  Modeling Physical C Fluxes: CLM is the land component of the Community Earth System Model (CESM) (Hurrell et al 2013). The CLM and CESM are state-of-the-art models that are developed and utilized by organizations and investigators around the globe. The CLM includes representations of the biogeophysical and biogeochemical processes that both influence and are influenced by the climate and ocean systems. The processes in CLM relevant to this proposal include surface energy balance, soil and snow temperatures, hydrology, stomatal resistance and conductance, an urban model, C and Nitrogen (N) cycling, phenology, decomposition, crops, and land cover change. 
While CLM is typically thought of as a spatially explicit, gridded model, it can also be run in “point mode” (PTCLM), which is very computationally efficient and allows the user to define parameters for a specific location without needing to develop new parameter files for the entire globe. For example, PTCLM is frequently used to compare the model to EC flux site data by providing meteorological and land cover data, to benchmark the model at hourly, daily, and annual time steps. PTCLM can also be used to test specific hypotheses or change model parameters for a specific location while keeping other model conditions the same (i.e., Mao et al 2016). Food security is a major focus of current CLM development (Drewniak et al 2013, Levis et al 2016) and many improvements to the model will come with the release of CLMv.5 (expected summer 2016). The current released version of CLM (v. 4.5) includes only three crop types: temperate corn, soybean, and wheat. Levis et al (2016) introduced five new crop types to the model with irrigated and unirrigated pathways. In addition, a new “pasture” land unit will be added to CLMv.5 (Fig. 5) based on a new harmonized land-use scenario map for 1500–2100 (Hurtt et al 2011). By separating pasture from natural grasslands it will be possible to estimate what amount of net primary productivity (NPP) contributes to livestock production versus ungrazed grasslands. [image: ]Fig. 5. CLM sub-gridcell structure modified from Oleson et al (2013) to include pasture Landunit (in dashed line box), as will be the case in CLMv.5. In a PTCLM run, a “gridcell’ is a point location with any spatial extent. Fractional cover is divided into Landunits, and soil properties are shared among natural PFTs and pasture, while croplands have a separate soil column.


Here we propose to use uncoupled PTCLM to compare different carbon trajectories on different parcels of land throughout the Kalamazoo watershed. We will first use our existing flux tower data to compare to CLM5 model results for the same area with appropriate land cover. There are many ecosystem models around the world that could be applied to address our research questions. Using CLM has both advantages and disadvantages. The major disadvantage that we have identified is that it is a global model and therefore likely to perform less well than a crop or ecosystem model that has been tuned specifically to work in temperate landscapes (e.g. Mladenoff 2004). There are, however, several advantages. First, we are considering all of the components of landscape mosaics, such as agriculture, rural, urban, forest, and wetland. A model like CLM, which can capture C processes in all of these different systems, is needed. Second, by working with one of the best performing ESMs around the world (e.g., CMIP5 via the International Land Model Benchmarking Project, (http://redwood.ess.uci.edu/mingquan/www/ILAMB/index.html), our results will contribute to the broader scientific community working to improve the representation of natural and managed ecosystems in ESMs. Finally, Co-I Dahlin has access to the NCAR supercomputing environment (Yellowstone), permitting effective PTCLM runs.
Task 2: Dynamics of Social C Fluxes 
Objective: We aim to estimate the social C fluxes of major management practices for different land cover types by classifying historical land cover, identifying land ownership, and by surveying historical management practices of individual land-owners (parcel scale). Back-of-the-envelope calculations will be applied to scale up the CO2eq fluxes to the landscapes and the watershed.
We propose to make back-of-the-envelope calculations to estimate the social C fluxes with precision land cover (Task 1.1), create land ownership maps, and take extensive surveys of land owners for the same time period. This approach, following a similar school of thought in conducting “carbon footprint” and “C accounting” research, is more accurate than making a guess with a large survey, especially when long term records of family practices are available. Landscape/watershed social C fluxes will be proportionally calculated based on the composition (i.e., percentage of cover types) of the landscape for a given time. The surveys of landowners will address questions regarding materials, manufacturing, transport, use and disposal of biomass at every stage of development—all of which require CO2eq energy during land management (Wiedmann & Minx 2008).
Task 2.1. Delineation of spatial management database: We will first obtain county-level agricultural statistics from the USDA National Agricultural Statistics Service (NASS) (https://quickstats.nass.usda.gov/). This data includes crop type, amount produced, and yield per acre with annual records dating back to 1942. We also obtained the Michigan Forest Stewardship Plan Boundaries, which delineate and inventory private ownership of forested plots. We have downloaded the public lands survey boundaries and Public Land Survey Quarter-Quarter Sections from the State of Michigan’s data portal (http://gis.michigan.opendata.arcgis.com/). We also accessed conservation easement layers for restoration from the NRCS portal (https://gdg.sc.egov.usda.gov). These land ownership maps will be integrated with the land cover maps generated in Task 1.1 to quantify the composition of the landscape for the same years (Task 1), as well as the watershed.  The mean and variation in probability by practice type and cover type will be calculated to scale up our estimate to the landscape/watershed. 
Task 2.2. Survey of the past management practices for CO2eq energy input/output: The goal of this task is to generate quantitative, reliable statistics on the amount of materials or energy farmers use in managing their lands. We will conduct comprehensive, ground surveys of land owners in southwestern Michigan regarding past land management practices. Our adaptive surveys will be conducted through several mechanisms via in-person surveys, phone calls, Android apps, and web surveys, which will increase the sample size. 
The Michigan Centennial Farm Association (MCFA), which is part of the Historical Society of Michigan, was established in 1955 to recognize farms in Michigan that have remained in the same family for over 100 years. In preparing this proposal, we have obtained the contact information for >550 farms in Allegan, Barry, Calhoun, Eaton, Jackson, and Kalamazoo counties that are over 100 years-old (Fig. 6). A major effort during this task will be generating meaningful survey questions following IRB instructions. These questions may include: How much fertilizer did your family apply? What kind and how often? Have you applied tillage in the past? With IRB approval, we will contact the farms within our focus watersheds to conduct surveys from these families about how farming practices have changed over the past 80 years. We will also attend the MCFA Annual Meeting to engage stakeholders directly and implement surveys. Major management practices to be surveyed will include, but are not limited to: [image: ]Fig. 6. Histogram of founding dates for the 558 centennial farms (MCFA).

· Croplands: plantation, tillage, fertilization, herbicide applications, harvesting, transportation;
· Forest: plantation, fertilization, pesticide applications, thinning, harvesting, transportation;
· Urban: mowing, debris removal, fertilization. 
Rich management records can be accessed at many public and corporation. For example, KBS is among the oldest agricultural station in the U.S. and has detailed records of management practices and yield data for all parcels. Additionally, a thorough literature search will be conducted to extract any meaningful statistics for the magnitude of practices in the region. These quantitative data will be used to cross-examine and validate our survey results. Our survey questions will be summarized and integrated with geospatial data (Task 2.1) for calculating the amount of CO2eq fluxes on an annual basis. Widely applied conversion methods and coefficients are available within the C accounting community (e.g., http://www.climatepath.org/). Back-of-the-envelope calculations will be performed to estimate the social CO2eq fluxes by cover types at annual scales and will be used in the LCA (Task 3.3).
Task 3: The dynamics and the regulations of CO2eq in time and space
Objective: We aim to diagnose the mechanistic/empirical causal relationships based on biophysical models and SEM, and to quantify the ecosystem, landscape, and watershed C fluxes at multiple temporal scales and under alternative management/climate scenarios. 
Task 3.1. Regulations of C fluxes: These regulations will be explored mechanistically and empirically. Widely applied biophysical algorithms embedded in popular ecosystem models (Schaefer et al 2012), such as the Farquhar Photosynthesis model, LUE, the Ball-Berry model, and the Penman-Monteith algorithm, will be explored for their applications in modeling the changes of C fluxes at the landscape and watershed levels. Empirically, a suite of statistical methods will also be applied to reveal the differences among the landscapes, including: (1) canonical correlation analysis to identify the empirical correlations with all potential drivers; (2) step-wise regression and Spearman correlation coefficients as exploratory procedures to select the variables with the greatest association with the dependent variable; (3) ANOVA, ANCOVA, and MANOVA to test the differences among the landscapes; (4) path coefficient analysis to quantify the statistical importance of causal variables; and (5) regression trees and artificial neural network (ANN) analysis for more complex relationships between CO2eq and potential drivers. 
Task 3.2. SEM for the complex regulations of CO2eq: The databases developed in this study are extremely complex—not only do the data have different resolutions (e.g., 30 m Landsat vs. 5.3 m VENS), types (e.g., continuous vs. categorical), and seemingly unrelated units (e.g., harvesting, transportation, and NEP), but they are also developed based on different boundaries (e.g., counties vs. watersheds). Several promising methods have been applied toward this kind of complex system, such as neural networks, path analyses, regression trees, and traditional multivariate analyses. While SEM has been used in socioeconomic studies, the ecological community has only recently become interested in this approach, starting in 2000 (e.g. Chen et al 2015). As a framework for developing and evaluating complex hypotheses about systems, SEM uses two or more structural equations to model multivariate causal relationships. Causal models can involve either manifest variables, latent variables, or both variables that are typically developed based on theoretical knowledge and designed to represent competing hypotheses about the processes responsible for data structure. SEM focuses on the covariance instead of the correlations among the variables and has a very high degree of flexibility in dealing with non-normal data, categorical responses, latent variables, hierarchical structures, multi-group comparisons, nonlinearities, and other complicated factors (Grace et al 2010). SEM appears to be an ideal approach for this study if LCC is treated as a latent variable. Recent developments in SEM have allowed variables of mixed types to become observable, including nonlinear relationships, clustering variables (i.e., hierarchical data), and new methods for time series and spatially referenced data. Based on the datasets (Task 1-2) and predicted process/function variables, we will develop an independent variable matrix for each landscape and watershed (Fig. 7). [image: ]
Fig. 7. Proposed comprehensive Bayesian Structural Equation Modeling (B-SEM) translated from our conceptual framework (Fig. 1).  This structure will be modified for regrowth SEM for the time series for the 80-year and 40-year, respectively, at the two scales.  The “error” or “disturbance” terms are not presented, but illustrated as ε and δ as an example in the circles, respectively.  Note the structure is generated that latent variables are presented with ellipses and measured/manifest variable with rectangles.  One-way arrows indicate direct effects while two-way arrows indicate the interaction and feedbacks.  The dashed lines and boxes are to be analyzed using group-SEM.  This SEM will be applied for each of the four landscapes, and the entire watershed.


Another major challenge for modeling the complexity of systems is the uncertainty due to data quality, measurement errors,unpredictable underlying mechanisms, etc. The Bayesian analysis has been widely used for this (e.g., Noriega & de Alba 2001, Arhonditsis et al 2006). The Bayesian analysis thinks of parameters as random variables drawn from prior distributions that represent our previous knowledge about that variable. Parameters are then estimated as a combination of likelihood, their prior distributions, and their posterior distribution (i.e., uncertainty analysis). All statistical inferences (point and interval estimates, hypothesis tests) then follow from posterior summaries. When exact analytical solutions are not possible, which is common in complex analyses, the Bayesian analysis estimates parameter values and latent variables from the posterior distribution using the Monte Carlo Markov Chain (MCMC) approach, generating close approximations to the real parameters (Gelfand & Smith 1990). This analytical framework provides great flexibility in the estimation of the parameters, allowing the analysis of fairly complex problems, as in our case. Following the exploratory efforts of building correlation and covariance matrices as well as H-plots (Cressie & Wikle 2011), we will modify our SEM model for: factor-based modeling (i.e., for variables of interest), re-growth for the time series SEM, composite models for the hierarchical data, etc. For each application, a focus will be placed on the predictions of the posterior distribution for uncertainty analysis. 
Task 3.3 Life Cycle Assessment (LCA) of CO2eq: LCA will be used to calculate the CO2eq flux in time and over space by considering management practices (e.g., land conversion, tillage, irrigation, harvesting, burning) and industrial activities (e.g., production of fertilization, pesticides, and herbicides). The dynamics during the two stages of LCA—the life cycle inventory (LCI) and the life cycle impact assessment (LCIA)—will be realized. The system boundary will be set by including material input, the upstream point and non-source point pollution, the manufacturing processes and associated CO2eq emissions, as well as the on-site management practices, fuel inputs, and emissions (Fig. 8). 
Previous studies demonstrated that different land management practices yield significant differences in soil C sequestration potential (Smith et al 2005, Marland et al 2003). Detailed on-site practices (e.g., tillage, rotation, and harvesting methods) will yield significantly different C sequestrations (West & Post 2002). We will extend the physical on-site processes by including land conversions where the landowners converted the previous land cover to arable land, which released soil C into the atmosphere.  Focusing on land conversion and management practices, West & Marland (2003) compared the net C balance from conventional till to no-till practices. Upstream material inputs such as fertilizers and pesticides were included in their calculations. We will also consider such upstream inputs and extended energy inputs, with the exception of materials input (Fig. 8). Furthermore, during the harvesting stage, not only will the energy inputs from machinery be included, but also the transportation to the processing plants (e.g., mills), because these activities are carried out by the landowners at the cost of their lands. The amount of CO2eq flux associated with each practice will be categorized as internal or external for the landscape/watershed (see definition in previous text). [image: ]
Fig. 8. Proposed system boundary for our LCA, both upstream activities and management practices will be included in the calculation. The items boxed with dashed-lines are relevant to the system but are excluded from the calculations.  

 The innovative aspect of our LCA for calculating social C flux includes a temporal and spatial dynamic (Fan et al. 2015, Wu et al. 2014). The temporal inventory data will be collected on a yearly basis and updated; and the temporal dynamic LCA will use the CO2eq flux characterization factors following Levasseur et al (2009). The spatial layer of the data is inherently incorporated in the physical C flux calculation (Task 1); but, is not necessary for the calculation of social C flux, as it is largely due to the embodied energy during the production and transportation phase of the material inputs associated with land management. Spatial differentiations are necessary only when onsite emissions of pesticide and fertilizer residuals are needed to calculate potential impact on CO2eq flux and downstream eutrophication. For the LCA, the impact pathways by land cover and land use, as well as bio-geographical differentiation, will be considered (Koellner et al 2013, Koellner & Geyer 2013, MilàiCanals et al 2007). Empirically, the regionalized characterization factors (CFs) applied in Canada (Saad et al 2011) and Central Europe (Koellner & Scholz 2006) will be modified for this sub-task. 
Task 3.4: Predictions of CO2eq: We propose to use PTCLM to compare different C trajectories on different parcels of land throughout the watersheds. We will first use our existing data from the EC flux tower to cross-examine the modeled results from the CLM5 for the same area with appropriate land cover. In CLM4.5, the latest for which data is available, the year 2000’s non-water land cover in the gridcell that encompasses the Kalamazoo watershed was 25% bare ground, 10% temperate needleleaf evergreen tree, 21% temperate broadleaf deciduous tree, 25% C3 grass, 16% rainfed crop, and 3% urban land. The reality of the watershed is much more complex than this generalization (Fig. 3). By comparing PTCLM NEP results to those from our flux tower network (up to 85 site-years of data), we will be able to test PTCLM at the local scale and determine whether any modifications to the general parameters need to be made before proceeding. We will begin all model runs from the year 1850, using a spun-up version of the CLM where soil C stocks had stabilized.
 Future climate scenarios will be based on the downscaled CMIP5 output (or CMIP6 when available), land conversion projections (e.g., future agricultural shifts; Hurtt et al 2011), and site-specific management practices for 2015–2055. Once we are confident that PTCLM is appropriately representing C fluxes in the Kalamazoo watershed, we will begin to develop C trajectories based on 
	Table 1 Common practices for the dominant land covers in our watershed. Cells marked with “x” represent management practices used today. In addition to these two dimensions are the dimensions of space and time. The area of each land cover type has changed over the past 80, 40 years, respectively, for the landscapes and the watershed, including: (1) tillage; (2) fertilization; (3): irrigation; (4) timber harvesting/thinning; (5) herbicide; (6) mowing; (7) ecological restoration; and (8) no management.

	Land cover type
	1 
	2
	3
	4
	5
	6
	7
	8

	Corn
	x
	x
	x
	
	x
	
	
	

	Wheat
	x
	x
	
	
	x
	
	
	

	Soy
	x
	x
	
	
	x
	
	
	

	Pasture
	
	
	
	x
	x
	x
	
	x

	Orchards
	
	x
	x
	
	x
	
	
	

	Prairie 
	
	
	
	x
	
	
	x
	

	Deciduous forest
	
	
	
	x
	
	
	
	x

	Coniferous forest
	
	
	
	x
	
	
	
	x

	Urban
	
	
	
	x
	x
	x
	
	


different land use change scenarios. CLM has the capability to represent crops grown with or without tillage (Levis et al 2014), fertilization (Oleson et al 2013), or irrigation (Levis et al 2016). 
Following a set of scenarios determined by our surveys for the past 80 years (Task 2), we will develop a four dimensional matrix: land cover x land management x area x time (Table 1). We will run PTCLM from 1850 to the present based on the specific land cover and management practices in each of Kalamazoo Watershed’s sub-watersheds (Fig. 3). 
[bookmark: _GoBack]Stakeholder Engagement: We will create a regional and interactive map on the Interactive Knowledge and Information Cloud (IKIC). This will be constructed following the Rheticus protocols of Planetek (http://www.rheticus.eu/home/), a company that works in the field of environmental data analytics and Big Data processing, similar to Google Earth Outreach & Earth Engine. Citizen observations will also be mapped, supporting the ability to upload requested data, image, and/or observations. We will leverage existing interactive mapping knowledge used by the Global Forest Watch of the World Resources Institute. Protocols from the “Future Maps: The Hexagon Smart M.App” will also be explored and used in addition to our innovative approach, which will study the C cycle by including “social C flux” and LCA for managed landscapes (i.e., filling knowledge). This project will support two graduate students, up to six undergraduate students, and local farmers and agencies. The IKIC platform will be a joint venture between the LEES Lab and Planetek, allowing any stakeholders interested in the study region and theme to submit input. Stakeholder engagement conducted through IKIC or in-person will provide learning experiences, disseminate findings, and offer training and education—resulting in a robust set of broader impacts, improved societal wellbeing, and scientific understanding. We will especially encourage students to take advantage of the resources to conduct synthetic analyses toward their own thesis or dissertation work. The IKIC platform will be used to disseminate key project findings in the form of brief documents, white papers, and data for download. As the team members have already worked with NRCS and NRCS tool developers, we will link IKIC users to NRCS resources and tools related to land sector greenhouse gas emissions, such as COMET-Farm—a whole farm carbon and GHG accounting system. Additionally, multi-media materials in the form of short videos of field work, informational communications, and project activities will periodically be posted. This will highlight the scientific and social engagement components of the project. The IKIC will also link to social media activities for the project including Twitter and Facebook, to regularly draw stakeholders to the website and its resources. Finally, IKIC will host a blog that creates an ongoing narrative of activities, results, challenges, data, and engagement opportunities.
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