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• The assessment of soil variability is one of the most 
important steps in site-specific management

• Conventional means to attain soil variability data are 
incapable of accurately identifying spatial 
inconsistency within a production field at an 
economically feasible cost       

• There is a need to develop equipment for mapping 
soil attributes on-the-go
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Shifted MSP pH 

La
b 

pH

IA1
IL1
IL2
KS1
KS2
NE1
OK1
WI1
1:1 line
Reg

4

5

6

7

8

9

4 5 6 7 8 9

Adjusted MSP pH
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Objectives

• To generate lime requirement maps 
using different mapping approaches 
– Average application rate
– 1-ha grid sampling
– On-the-go sensor mapping

• To compare these maps in terms of 
the accuracy of soil pH, buffer pH, 
and lime requirement predictions



Experimental Sites Soil pH DistributionsSoil pH Distributions
 

Andersen
Lunz
Strnad
Williams
Gross-Rhode

0

5

10

15

20

25

4.8 5 5.2 5.4 5.6 5.8 6 6.2 6.4 6.6 6.8 7 7.2 7.4 7.6 7.8 8 8.2

N
um

be
r 

of
 S

am
pl

es
 

Lab pH Measurement
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BpH Prediction for Alkaline Soils

• BpH = a0+a1pH
– pH is soil pH in a 1:1 soil-water solution
– a0 and a1 are regression parameters

• BpH = 7.0+a(pH-6.5)
– BpH of 7.0 corresponds to pH of 6.5

• BpH = 2.7+0.67pH
– BpH of 7.0 corresponds to pH of 6.5
– BpH of 8.0 corresponds to pH of 8.0

Lab pH Predictions

pHSensorbbpHLab ⋅+= 10

1) b0 = 0 and b1 = 1 – original data 
2) b0 ≠ 0 and b1 = 1 – data shift
3) b0 = 0 and b1 ≠ 1 – data scale
4) b0 ≠ 0 and b1 ≠ 1 – linear regression 



Lab BpH Prediction

1) c1 = 1, c0 = c2 = c3 = 0 – raw data
2) c0 ≠ 0, c1 = 1, c2 = c3 = 0 – data shift
3) c0 ≠ 0, c1 ≠1, c2 = c3 = 0 – linear regression without 

ECa
4) c1 ≠1, c0 ≠ c2 ≠ 0, c3 = 0 – linear regression with ECa

but without the product of sensor pH and ECa

5) c1 ≠1, c0 ≠ c2 ≠ c3 ≠ 0 – full regression 
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b0 ≠ 0 and b1 ≠ 1 (linear regression)4
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c0 ≠ 0, c1 ≠ 1, c2 ≠ 0, and c3 ≠ 0 (full regression)5

c0 ≠ 0, c1 ≠ 1, c2 ≠ 0, and c3 = 0 (sensor + ECa regression)4

c0 ≠ 0, c1 ≠ 1, c2 = 0, and c3 = 0 (sensor regression)3

c0 ≠ 0, c1 = 1, c2 = 0, and c3 = 0 (data shift)2

c0 = 0, c1 = 1, c2 = 0, and c3 = 0 (raw data)1
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Coefficients of Determination
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• Lime application maps based on sensor 
data with ten calibration points provided 
better delineation of acidic soil areas 
that needed lime than grid sampling or 
field average methods

• When defining a site-specific 
relationship between corresponding 
sensor pH and lab pH/BpH 
measurements, it is not always 
necessary to adjust each parameter of a 
corresponding regression model

Conclusions
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