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Today’s Plan 

q Context / Background / Farmer Focus 
q Three open source projects: 

+  Mobile apps for meta data sensing 
+  Isoblue / Candroid 
+  The Open Ag Data Alliance 

q Precision management zone estimation from 
multi-year yield data 

q Observations on the “precision” of yield maps 
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OATS Group Background 

We	  are	  farmers:	  
q  North	  Central	  Indiana	  (corn,	  

soy,	  wheat,	  ca5le)	  
q  NE	  Colorado,	  Western	  Neb.	  

(wheat,	  corn,	  millet,	  beans)	  

Sedgwick County, CO

Phillips County, CO

Perkins County, NE

Chase County, NE
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OATS Group Background 

We	  are	  engineers:	  
q  Elec.	  and	  Comp.	  /	  Ag	  and	  Bio	  
q  We	  make	  open	  source	  

hardware	  and	  soCware	  
q  We	  connect	  widgets	  to	  our	  

machines	  to	  collect	  data	  
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Three Open Source Projects 

q Mobile apps for meta data 
sensing 

 
q  Isoblue / Candroid 
 
 
 
q The Open Ag Data Alliance 

Watershed	  Outlet	  

Watershed	  	  
DelineaFon	  
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Mobile Apps / Autogenic Sensing 

Open Ag Toolkit: http://openagtoolkit.org 
 

Rock	   Field	  Work	   Trello	  Sync	   ElevaFons	   Watershed	  	  
DelineaFon	  

Spraying	   PlanFng	   Field	  
Notebook	  

Machinery	   OADA	  Sync	  

Coming	  	  
Soon…	  
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Real Time Internet of Things: 
Isoblue and CANDroid 

Isoblue: http://isoblue.org 
Cloud&

Implement&
Bus&
•  GPS&

Tractor&Bus&
•  Engine&
•  Flow&

sensor&

Cell&/&WiFi&

ISOBlue&Data&Flow&
Combine&

ISOBUS&

ISOBlue&
Daemon&

SocketCAN& ISOBUS&
Module&ISOBlue&

Device&

Android&
Device&

libISOBlue&

3rd&Party&
App&
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The Open Ag Data Alliance: 
http://openag.io 
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Ag Data Today: An Example 
	  

PrescripFon	  PlanFng	  Maps	  
Meet	  Frank	  and	  Andy.	  
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Data Today: An Example 
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Data Today: An Example 
Wait, why do I  

need data again? 
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A Farmer’s core business is logistics. 
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Value Proposition of Data? 

Precision Ag has been around for 20 years. 
A Farmer’s core business is logistics. 

We still don’t use data for logistics. 
Or Evaluation. 

“A key challenge is that, with the exception of Precision Agriculture tools 
such as auto-steer, telematics, and row shut-offs, the value for many of 
the products and services have not yet been clearly established.” 

-- Digital Transformation of Row-Crop Agriculture, report to Iowa Ag State by the Hale Group,  
Dec. 2014. 
http://www.iowacorn.org/documents/filelibrary/membership/agstate/AgState_Executive_Summary_0A58D2A59DBD3.pdf 
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Value Proposition of Data? 

Precision Ag has been around for 20 years. 
A Farmer’s core business is logistics. 

We still don’t use data for logistics. 
Or Evaluation. 

“A key challenge is that, with the exception of Precision Agriculture tools 
such as auto-steer, telematics, and row shut-offs, the value for many of 
the products and services have not yet been clearly established.” 

-- Digital Transformation of Row-Crop Agriculture, report to Iowa Ag State by the Hale Group,  
Dec. 2014. 
http://www.iowacorn.org/documents/filelibrary/membership/agstate/AgState_Executive_Summary_0A58D2A59DBD3.pdf 

 2.  There is no single “right” solution. 

3.  No single OEM can provide all data 
on any given farm. 

Obvious Lessons from 20 Years of Fail: 
1.  It’s really hard to turn data into value. 
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What Farmers Want from Data 

Data should flow 

without manual intervention 

from whatever source a farmer has 

into whatever tool a farmer wants 
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Data with OADA: An Example 
	  
	  

PrescripFon	  PlanFng	  Maps	  
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OADA Overview 
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OADA Overview 

OADA Is Not a “Cloud” 

Frank’s choice:  
Frank’s farm, local retailer, 
Climate, CNH, Winfield, etc. 

Tools aren’t tied 
to storage 

Long Live Transferability! 
--> market picks winners 
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OADA Overview 

Frank	  has	  complete	  control	  over	  
who	  can	  see	  his	  data.	  
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What Ag / Ag Research Need 

Open	  Source	  
Volunteers/Industry	  wriFng	  freely	  available,	  public	  code	  

	  
>>	  Much	  of	  modern	  soCware	  ….	  
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What Ag / Ag Research Need 

Open	  Source	  
Volunteers/Industry	  wriFng	  freely	  available,	  public	  code	  

Open	  Standards	  
Standards	  grow	  out	  of	  implementaFon,	  not	  vice-‐versa	  

>>	  Example:	  Shapefiles…	  
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What Ag / Ag Research Need 

Open	  Source	  
Volunteers/Industry	  wriFng	  freely	  available,	  public	  code	  

Open	  Standards	  
Standards	  grow	  out	  of	  implementaFon,	  not	  vice-‐versa	  

Market	  Forces	  
There	  doesn’t	  have	  to	  be	  only	  one	  way	  to	  do	  everything	  
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OADA Milestones 
Since beginning in March 2014:  

CNH/Geosys Demo Finished 12/8/2014 
 Live Yield Monitor 

Winfield/Mapshots/OpenScout Demo Jan 2015:  
Field Boundaries and Common Login 

Valley Irrigation’s ValleyIX certified as OADA v1.0 
conformant 
Winfield building OADA-conformant “Data Silo” 
Special thanks to our current funding partners! 
 
 
 
 
… and currently 25+ supportive partners around the world! 
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Current Projects: Real Time 
Connections 
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Current Projects: Real Time 
Connections 

For more information:  
aaron@openag.io 

Publish formats 
OADA API as base transport 

Emphasis on working commercial, real-time system 
Can integrate with open source apps / SDKs 
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Current Projects: Trials Tracker 

An open source app  
we’ve been working on at Purdue, 

designed to work with  
OADA-conformant cloud providers 
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Current Projects: Trials Tracker 

Without the cloud you can still: 
Take notes 
Draw areas 
Email shapefiles 
Work offline (cacheable map!) 

But with the cloud you can… 
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Current Projects: Trials Tracker 

Compare yields 
Sync fields  
Sync notes with employees/co-op 
Load and analyze data FAST 
Work offline 
Stream live yield from combines 
Get polygons from other operations 

But with the cloud you can… 
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Current Project: Determine the Management 
Zones from Multiple Years of Yield Data 
q Farm precision management refers to the use of 

site-specific agronomy for field management 
zones that respond similarly to similar inputs … 

 
+  Soils, topography, organic material, water holding 

capacity vary spatially on the scale of a typical field 
+  Farmers have ability to target inputs (seed, fertilizer, 

water) with high spatial resolution 
 

q Goal: Algorithm for determining management 
zones from multi-year yield data 



    Open Ag Technology and Systems     Open Ag Technology and Systems 

Current Project: Determine the Management 
Zones from Multiple Years of Yield Data 
q  Our data set: 
 

+  North central Indiana (Rochester, IN) 
+  About 3,500 acres 
+  7 to 10 years of calibrated yield data 
+  Corn, soybean rotation 
+  Case IH combines and OEM sensors, monitors 

 
q  The state of the art management zone algorithm is called 

Management Zone Analyst (MZA) – N. R. Kitchen with 
USDA-ARS Cropping Systems and Water Quality 
Research Lab, University of Missouri. 
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Example: Gott East 93 

q  7 years of yield data 
+  Corn years: 2007, 09, 

11, 13 
+  Soy years: 2010, 12, 

14 
q Soil series 
q Elevation 
q Precipitation 
q Growing degree days 
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q  7 years of yield data 
+  Corn years: 2007, 09, 

11, 13 
+  Soy years: 2010, 12, 

14 
q Soil series 
q Elevation 
q Precipitation 
q Growing degree days 
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Gott East 93: Contours 
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Gott East 93: Soil Series 
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Gott East 93: Soil Series "Bb" = Barry loam 
"CrA" = Crosier loam, 0 to 2 percent slopes 
"Hm" = Houghton muck, drained 
"MeB" = Metea loamy sand, 2 to 6 percent 

 slopes 
"Mx" = Muskego muck, drained 
"Wh" = Washtenaw silt loam 
"WkB" = Wawasee fine sandy loam, 2 to 6 

 percent slopes 
"WkC2" = Wawasee fine sandy loam, 6 to 

 12 percent slopes, eroded 
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Gott East 93: 4 Years Corn Yield Histograms 



Gott East 93: 4 Years Yield Maps 



Gott East 93: Yields by Soil Type 



Gott East 93: Yields by Soil Type 

GE 93 (corn): does not appear one 
should manage by soil type alone  
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Another Model for Management Zone 
Estimation 

q Management zones 
modeled as Markov 
random field 
+  Labels “hidden” 
+  Potts model for spatial 

relationships 
q Multi-year yield 

vectors modeled as 
conditionally 
Gaussian 

LAYTON et al.: ROBUST ESTIMATION OF FIELD MANAGEMENT ZONES USING MULTI-YEAR YIELD DATA AND A HIDDEN MARKOV RANDOM FIELD 3

0

1

2

0 0

0 0

2

2 2 2

22222

2 2 1 1

1 1 1 1 1N

M

21

0

1

0

2 2

222

21

1

1

1

1

1

1

1

1 1

1 1 1 1

1

1

1

1

0 0 0 0 0 0 0 0 0 0 0 0

0

0

0

0

0

0

0

1

2 2 2 1 1 1

0

2 2 2 2

2

2

21 1

1

1

1

0

0

0

0

0

0

1 1

11

1 2

000

0

2 2

2 2

2

1 1

1

Fig. 2. This is an illustration of an example management zone assignment
image (denoted X). In this figure N (one spatial dimension) is 9, and M
(the other spatial dimension) is 13. Since the element values range from 0 to
2, the corresponding K (number of management zones) is 3.

A. Management Zone Model

A “management zone” can be many things, depending
on who is asked and the context. A common agronomic
interpretation of “management zones” is the regions of a field
having similar yield potential, or “yield zones” [6]. This work,
and the described model, take this “yield zone” view of what
a management zone is.

For the model, a management zone is viewed as a region
of the field where the corresponding yields have the same
underlying distribution. The management zones are assumed
to be constant year-to-year, but the distributions of their
corresponding yields are allowed to change over time.

A management zone assignment for the field is denoted X ,
and the assignment for a particular location, s, is denoted X

s

.
The value of X

s

is represented as an integer between 0 and
K � 1 (where K is the total number of management zones),
or NaN if the location s is deemed not in the field (i.e., any
year was missing data for that grid location). Therefore, X is
represented as a matrix where each element is the management
zone assignment for the corresponding grid location. Fig. 2
illustrates the representation of the management zones for the
case of an M by N spatial grid.

The matrix of management zone assignments is modeled
as a Markov random field (MRF). An MRF is a set of
random variables (e.g., the set of elements of X) such that
the conditional probability of one element of the set given all
the other elements of the set depends only on the neighboring
elements, i.e., it satisfies (4) [4]

P (X

s

| X

r

, 8r 6= s) = P (X

s

| X

r

, 8r 2 @s) (4)

where

@s = set of all coordinates neighboring coordinate s.

Since neighboring locations are more likely to be in the
same management zone, a Potts model is used for the man-

year 1

year 2

year 3

M
P

N

Fig. 3. This is an illustration of an example input yield array (denoted Y ). In
this figure N (one spatial dimension) is 5, M (the other spatial dimension)
is 5, and P (the temporal dimension) is 3. The yield vector (denoted Ys) for
a particular location (e.g., s) is highlighted.

agement zone MRF [7]–[9]. The specific probability mass
function (pmf) used is shown in (5)

X ⇠ p(x) =

1

z

e

��

P
s,r2S b|s�r|�(xr 6=xs) (5)

b|s�r| =

8
<

:

1
4
(

1+
p
2
)

, for |s � r| =

p
2

1
2
(

2+
p
2
)

, for |s � r| = 1

(6)

where

z = partition function

� = smoothness factor

� = Kronecker delta function

b = neighbor weights

S = set of all coordinates on uniform spatial grid.

This model uses the Hamming distance between management
zone assignments, which handles the fact that the values of the
assignments have no numerical meaning (i.e., zone 1 is not
“greater” or “lesser” than zone 2 in any particular way). The
parameter �, when positive, causes neighboring elements to
tend to be similar, with larger values increasing this likelihood
of similarity. The value of � used was 10, but a different value
would be needed if the data were interpolated to a different
grid size (because with a bigger grid, the “neighboring” grid
point would be further away, so less spatial correlation would
be desired).

B. Yield Model

The yield model describes the distribution of yields within
a given management zone. The set of interpolated yields for
the P years of data for the field is denoted Y . Y is a 3-
dimensional object with dimensions M⇥N⇥P , where the M
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Algorithm: Stochastic Expectation 
Maximization (SEM) 

4 IEEE TRANSACTIONS ON IMAGE PROCESSING

and N dimensions correspond to space and the P dimension
corresponds to time. This means the yield observation for a
location, s, is a P -vector denoted Y

s

. Fig. 3 illustrates the
representation of the yield data for a case with 3 years of
data, with a yield vector for a particular location highlighted.
As shown in (7),

(Y

s

| X

s

= k) ⇠ N (µ

k

, R

k

) (7)

where

µ

k

2 RP

R

k

2 RP⇥P

,

the yield vectors are assumed Gaussian, given their manage-
ment zone assignment. The mean and covariance of their
distribution depend on the value of their management zone
assignment. It is worth noting these are conditional distribu-
tions on the yield, they are not the unconditional distribution
on the yield.

Estimating the means and variances for each year allows the
model to handle year-to-year variability in the crops, or even
different crops being planted on different years. This removes
the need for yield normalization that is typically done when
dealing with multiple years [6], [10], which can result in loss
of information [10].

The yield vectors are assumed conditionally independent of
one another, given their respective management zone assign-
ments. However, because the management zones are models
with an MRF, the model does not make the yield vectors un-
conditionally independent. This means the model still expects
nearby yields to be similar (i.e., there is spatial dependence
of the yields). This form of conditional independence is a
required property of an HMRF [4].

IV. ALGORITHM

The inputs to the algorithm are yield maps on a uniform
spatial grid, and the number of management zones to find.
The general idea of the algorithm is to find the parameter
values for the model which maximize the probability of the
observed yields. Once parameter estimates are obtained, the
model can be used to find the most likely management zone
assignments, given the observed yields.

The algorithm achieves this likelihood maximization in
three stages. The first stage in making a rough guess at
the model parameters using fuzzy c-means [11]. The second
stage is iteratively improving the parameters estimates using
a stochastic version of an expectation-maximization algorithm
[4], [12] to maximize the probability of the observed yields
given the estimated parameters. Lastly, once the model pa-
rameters are estimated, the most likely management zones are
computed according to the model and the parameter estimates.
The overall flow of the algorithm is shown in Fig. 4, and the
different parts are detailed in the following subsections.

A. Stochastic Expectation-Maximization

Stochastic expectation-maximization (SEM) is an iterative
method for calculating the most likely parameter estimates

Fig. 4. High level illustration of the steps of the algorithm. The figure also
indicates which of the steps utilize the input yield data. The following sections
give more detail on the steps.

for a model with hidden variables, such as the management
zones variable X in the HMRF described in this paper. SEM
differs from classical expectation-maximization (EM) in that
it calculates sample means rather than true expectations. SEM
is used instead of EM because, for the model and input
sizes used, explicit calculations involving the pmf of X are
intractable.

There are three steps, described in the following sections.
One iteration of the algorithm involves running the three steps
in order. Multiple iterations are run until the parameter esti-
mates have converged sufficiently. For this paper, “sufficient
convergence” was assumed to occur within 1000 iterations
of SEM. The order and looping of these steps can be seen
within the SEM block shown in Fig. 4. The specific EM step
equations used in this algorithm are derived from the fact that
the joint model of X and Y is an exponential family [12],
[13]. A proof that the model is an exponential family can be
found in Appendix A, and the derivation of the EM steps can
be found in Appendix B.

1) Sampling (S-Step): A Gibbs sampler [12], [14] is used
to generate sample management zone assignment matrices, ac-
cording to the conditional distribution of the management zone
MRF given the current parameter estimates and the observed
yields. This conditional distribution is stated mathematically
in (8),

X

(l) ⇠ P (X

(l)
) = P (X = X

(l) | Y, ✓)

q  Initialize with fuzzy c-
means 

q Assume order is 
known 
+  Used: number of soil 

types + 1 
q We compare to MZA 

algorithm 
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Management Zones: left = SEM, right = MZA 
(K = 3) 



SEM Management Zone 
Histograms 2007 



SEM Management Zone 
Histograms 2009 



SEM Management Zone 
Histograms 2011 



SEM Management Zone 
Histograms 2013 
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Management Zone Estimation: Preliminary 
Conclusions 
q  SEM derived management zones appear to cluster 

according to corn yield potential 
q  Not as evident in the MZA derived management zones 
q  Field boundary clearly needs special attention 

(compaction, yield map errors?) 
q  The “resolution” that can be achieved is unclear given 

this data 
q  Also (but not shown here): 

+  Soybeans and corn should be treated separately for purposes of 
management zone estimation (SEM algorithm can combine 
them) 

+  SEM finds significantly different zones for the two 
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Where will we go from 
here? 
q  Characterize sources of yield mapping errors 

+  Models for mass flow, moisture sensor errors 
+  Models for grain separation and flow in the combine 
+  Couple with combine kinematic model 
 

q  Solve inverse problem: From sensor and machine 
position measurements, attribute the grain to a spot on 
the field 

 
q  Finally: How to design and analyze experiments, using 

precision farming technologies, which can be used to 
improve farm management.  
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Where will we go from 
here? 
q  Characterize sources of yield mapping errors 

+  Models for mass flow, moisture sensor errors 
+  Models for grain separation and flow in the combine 
+  Couple with combine kinematic model 
 

q  Solve inverse problem: From sensor and machine 
position measurements, attribute the grain to a spot on 
the field 

 
q  Finally: How to design and analyze experiments, using 

precision farming technologies, which can be used to 
improve farm management.  http://egnos-portal.gsa.europa.eu/discover-egnos/about-egnos/

case-studies/egnos-yield-mapping-power-knowledge 

Is this precision 
attainable? 
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Where will we go from 
here? 
q  Characterize sources of yield mapping errors 

+  Models for mass flow, moisture sensor errors 
+  Models for grain separation and flow in the combine 
+  Couple with combine kinematic model 
 

q  Solve inverse problem: From sensor and machine 
position measurements, attribute the grain to a spot on 
the field 

 
q  Finally: How to design and analyze experiments, using 

precision farming technologies, which can be used to 
improve farm management.  

Or this? 
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q  Finally: How to design and analyze experiments, using 

precision farming technologies, which can be used to 
improve farm management.  
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ence between an actual measured operating speed of the 
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grain mass flow rate utilizing a mass ?ow calibration 
characteristic which relates grain mass ?ow rate to 
average grain impact force, where this calibration char 
acteristic is non-linear and has different values for dif 
ferent grain types and different grain moisture contents. 
Optionally, the operating speed of the conveyor is cal 
culated by analyzing the signal received from the force 
measuring apparatus to determine a characteristic fre 
quency which is directly proportional to operating 
speed. Also optionally, electrodes are mounted on the 
impact plate for generating an electrical signal which is 
indicative of grain moisture content, and this electrical 
signal is used in combination with a moisture calibration 
characteristic to determine grain moisture content. Har 
vester travel speed is measured and the area rate of 
harvesting is calculated by multiplying this speed by a 
preset swath width. Instantaneous crop yield is com 
puted by dividing grain mass ?ow rate by area harvest 
ing rate. Total weight of grain harvested and total ?eld 
area harvested are calculated by integrating grain mass 
?ow rate and area rate of harvesting, respectively. Elec 
tronic display apparatus displays measured and calcu 
lated values to the harvester operator, while an elec 
tronic memory device stores calculated values from 
multiple ?eld areas. Optionally, the memory device is 
removable from the grain mass ?ow measuring system 
on a harvester to provide convenient transfer of data to 
a remote computing device. 
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    Open Ag Technology and Systems 

Where will we go from 
here? 
q  Characterize sources of yield mapping errors 

+  Models for mass flow, moisture sensor errors 
+  Models for grain separation and flow in the combine 
+  Couple with combine kinematic model 
 

q  Solve inverse problem: From sensor and machine 
position measurements, attribute the grain to a spot on 
the field 

 
q  Finally: How to design and analyze experiments, using 

precision farming technologies, which can be used to 
improve farm management.  
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https:/ 

Interesting video of mass flow sensor operation on a  
JD combine: 

https://upload.wikimedia.org/wikipedia/en/transcoded/a/a0/
GrainFlowSensorVideo.webm.480p.ogv  
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A Modern Rotary 
Threshing Combine 
Cutaway 

22 Combine Harvesters: Theory, Modeling, and Design

Reduced sensitivity to the variation of volumetric feedrate.
Small variation in grain loss with increasing MOG/grain mass ratio.
Very efficient at threshing crops with relatively high moisture.
Although the specific power requirement (kW/(kg/s)) of the axial system is 16%–
20% higher, the throughput capacity is 50%–90% higher in axial than in tangential 
threshing units. That is due to a higher separating intensity in a rotary threshing–
separating system than in straw walkers.
Fewer adjustments, low vibration level, and less maintenance when compared 
with the straw walkers.

The disadvantages of rotary combines are an increased power requirement and a higher 
degree of MOG fragmentation and separation through concaves and grates that lead to 
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FIGURE 1.21
Sperry New Holland TR70: (a) rotors, (b) threshing concave, (c) separating concave, (d) back beater, (e) beater 
grate, (f) cleaning shoe, (g) tailing return, and (h) stone ejection roller.

FIGURE 1.22
(See color insert.) Section view of Case IH Axial-Flow AFX combine harvester. (Courtesy of Case IH.)

© 2016 by Taylor & Francis Group, LLC
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Model for Threshing / Separating 
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Thank you! 

Well,	  even	  if	  the	  
big	  data	  thing	  
doesn’t	  work	  out,	  
we’ll	  sFll	  have	  
auto-‐steer:	  
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