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Core ideas 

 Twenty-six maize fields in two contrasting physiographic areas were studied 

 Apparent electrical conductivity sensor estimated subsoil texture within a region 

 Optical sensor data showed poor correlation to measured soil properties 

 Random forest with sensor data can estimate maize yield in the Coastal Plain 

 On-the-go sensors and machine learning can reveal maize yield limiting factors 
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ABSTRACT 

In large-scale arable cropping systems, understanding within-field yield variations and yield-

limiting factors are crucial for optimizing resource investments and financial returns, while avoiding 

adverse environmental effects. Sensing technologies can collect various crop and soil information, 

but there is a need to assess whether they reveal within-field yield constraints. Spatial data 

regarding grain yields, proximal soil sensing data, and topographical and soil properties were 

collected from 26 maize (Zea mays L.) growing fields in the Mid-Atlantic USA. Apparent soil electrical 

conductivity (ECa) collected by an on-the-go sensor (Veris) was an effective method for estimating 

subsoil textural variation and water holding capacity in the Coastal Plain region, which was also the 

best predictor of spatial yield pattern when combined with surface pH and topographic wetness 

index in a Random Forest (RF) model. In the Piedmont Plateau region, proximal soil sensors showed 

a lower correlation to measured soil properties, while topographical properties (aspect and slope) 

were important estimators of spatial yield patterns in an RF model. In locations where the RF model 

failed to predict yield variation, soil compaction appeared to be limiting crop yields. In conclusion, 

the application of RF models using ECa sensors and topographical properties was effective in 

revealing within-field yield constraints, especially in the Coastal Plain region. On the Piedmont 

Plateau, the calibration of proximal sensor information needs to be improved with a particular focus 

on soil compaction.  

 

INTRODUCTION 

Sustainable intensification of agricultural production is crucial for meeting growing food demands 

without further degrading Earth’s environmental systems (Mueller et al., 2012). Understanding yield 

potential and yield-limiting factors facilitate optimal resource investments while avoiding adverse 

environmental effects (Oliver et al., 2010; van Ittersum & Rabbinge, 1997). At the large field-scale, 
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spatial variation of crop yield within a field is a challenging factor for achieving optimal management 

(Godfray et al., 2010; Oliver et al., 2010).  

Recent technological developments in precision agriculture have enabled farmers to identify the 

spatial variation of crop yields using grain yield monitor information. They can also adopt variable 

rate management including fertilizer (Ma et al., 2014), crop protection, and variety selection 

(Katsvairo et al., 2003). However, the sole use of grain yield information is insufficient for 

formulating management plans since it does not explicitly identify yield constraining factors 

including soil properties (Jiang & Thelen, 2004; Miller et al., 1988; Shahandeh et al., 2005), 

topography (Basso et al., 2009; Jiang & Thelen, 2004), genotype (Yang et al., 2009), fertilizer 

management (Katsvairo et al., 2003), and their interactions. Variable rate management may 

therefore not be beneficial if the yield constraints are not effectively addressed (Baveye & Laba, 

2015). Many significant yield limiting factors (i.e., water, nutrients, etc.) are dependent on soil 

quality, and the identification of ameliorable or manageable edaphic yield limiting factors is 

important for more sustainable crop production. 

Yield estimation and identification of yield limiting factors may be performed using multiple 

linear regression (Kitchen et al., 2003), machine learning (Kaul et al., 2005; Kitchen et al., 2003), and 

biophysical models (Grassini et al., 2015; Hochman et al., 2012; Oliver et al., 2010) although 

applications of these for within-field assessment have been limited by the data available to 

parameterize the models. Existing soil survey information often provides inadequate information for 

within-field scale management (USDA-NRCS, 2015). In grain production systems of the US, the 

applications of remote and proximal soil sensing techniques (Kuang et al., 2012) have provided 

information that could link spatio-temporal variation of crop performance to contributing yield 

limiting factors (Basso et al., 2009; Jiang & Thelen, 2004). Soil proximal sensing equipment such as 

the Veris Mobile Sensor Platform (MSP-3; Veris Technologies, Salina, KS) combine apparent electrical 
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conductivity (ECa; Corwin and Lesch, 2003), optical sensing (Kweon & Maxton, 2013), pH metering 

(Adamchuk et al., 1999) and high-precision GPS to undertake continuous on-the-go measurement of 

within-field soil and topographical variations. Correlations of proximal sensor information to soil 

salinity, water content, soil texture, bulk density, and organic matter have been found depending on 

the site and timing of measurement (Corwin & Lesch, 2005; Kweon & Maxton, 2013). Yield 

constraints can be thus inferred from sensing data when such correlations are strong and 

agronomically sound (Kitchen et al., 2003; Stadler et al., 2015). The majority of past research in 

identifying within-field yield limiting factors using technologies including grain yield monitor 

information, sensing equipment, and soil assessment are done in a single field and the applicability 

of the findings at a larger geographical scale is often unknown (Basso et al., 2009; Miller et al., 1988). 

Past reseach has shown that machine learning approaches can perform better compared to linear 

regression type models to predict within-field yield variation (Kitchen et al., 2003). A Random Forest 

model (Breiman, 2001) is a decision tree predictor that fundamentally includes regression and 

classification algorithms and was applied to estimate spatial yield variation. Random Forest has 

several advantages over other statistical models such as its ability to model high-dimensional non-

linear relationships in mixed categorical and continuous predictors (Grimm et al., 2008). The method 

has been utilized to predict various soil properties at different geographical scales (Grimm et al., 

2008; Hengl et al., 2015; Kinoshita, Roupsard, et al., 2016; Matei et al., 2017) as well as crop yields 

(Everingham et al., 2016). 

In the Mid-Atlantic region of the United States, crop yield is known to vary significantly by rainfall 

(Kaul et al., 2005) as well as soil water holding capacity and land capability class (Bandel and Heger, 

1994), while temperature and growing season length have been found to have minor influence on 

yield (Bandel & Heger, 1994; Crasta & Cox, 1996). Kinoshita et al. (2021) confirmed the importance 

of rainfall amount and temporal distribution in controlling within-field yield variation for the coastal 
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low-lying area but not the hilly upland area. In both areas, low-yield areas within a field are hotspots 

for economic losses (Kinoshita, van Es, et al., 2016) and can cause nutrient losses (Turner et al., 

2016) when crop management ignores the spatial variation of crop growth and associated 

environmental factors. However, there is limited information about within-field variation of yield 

constraints and whether they can be ameliorated in these regions. Therefore, this study was 

conducted on 26 arable fields in the Mid-Atlantic region of the USA over three Major Land Resource 

Areas (MLRAs). The objectives were to (i) assess the spatial variation of within-field surface and sub-

surface soil properties across a range of soil types and topography in the region, (ii) assess the 

relationships between measured soil properties and proximal soil sensor information, (iii) assess the 

feasibility of modelling within-field yield variation using sensing information, and (iv) determine 

potential site-specific yield limiting factors using the proximal sensor and measured soil information.  

 

MATERIALS AND METHODS 

Site Description 

This study was conducted in the Mid-Atlantic region of the USA across the states of Delaware, 

Maryland, Pennsylvania, Virginia, and West Virginia (Fig. 1). Twenty six fields were selected that 

were under cropping systems that included maize (Zea mays L.), soybean (Glycine max L.), wheat 

(Triticum aestivum L.), or barley (Hordeum vulgare L.). The fields were located between 75° 33’ 51” 

and 77° 54’ 49” W, and between 38° 56’ 10” and 39° 50’ 23” N. There are two climate regions, warm 

temperate climates in the southern part and hot summer continental climates in the northern part 

(Peel et al., 2007). Three Major Land Resource Areas (MLRA; USDA-NRCS, 2006) and five distinctively 

different areas of soil characteristics were present (Soil Survey Staff, 2015; Fig. 1). The first MLRA 

was 153C-Mid-Atlantic Coastal Plain (further Coastal Plain), and the latter two were 148-Northern 

Piedmont and 130A-Northern Blue Ridge (further Piedmont Plateau). Thirteen fields were selected in 
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the Coastal Plain of which seven were rainfed (CR1-CR7) and six were irrigated (CI1-CI6). The Coastal 

Plain has a relatively flat topography with an elevation ranging from 15.6 to 28.0 m for the entire 

study site (Fig. 2a). The within-field elevation differences ranged from 2.6 to 7.1 m. The soils are 

mainly associated with Typic Hapludults and predominantly formed on coastal plain deposits (sandy 

loam) below varying depths (40-to-100 cm depth) of aeolian silt deposits that are very acidic 

(Simonson, 1982). Thirteen fields were selected in the Piedmont Plateau and all of the fields were 

rainfed (PR1-PR13).  

The Piedmont Plateau has undulating topography with elevations ranging from 98.6 to 283 m 

(Fig. 2b). The within-field elevation differences ranged from 6.0 to 19.0 m. Four distinct soil 

characteristic areas are present in the Piedmont Plateau (Fig.1). Hagerstown Limestone Valley is 

mainly associated with Typic Hapludalfs and the soil pH is neutral to slightly acid and has low rock 

content; Middletown Valley has associated with Typic Hapludults on moderate to strongly acid soil 

and has high rock contents; Western Piedmont is associated with Ultic Hapludalfs formed on reddish 

parent materials of Triassic period and is moderately acidic and extremely rocky, and Piedmont 

Crystalline Rocks is associated with Typic Hapludults and has thin to intermediate depth (< 75 cm) 

aeolian silt deposits on the surface (Simonson, 1982; Weaver, 1967) and is moderately acidic and 

rocky.  

 

Crop Yield Information 

Yield monitors on combine harvesters with onboard GPS were used to collect spatially-referenced 

yield data between 2001 and 2014. Post-processing of the data was done with the Yield Editor 2.0.7 

software (Sudduth and Drummond, 2007) to correct for flow delays and slow combine velocity at the 

beginnings and ends of field passes. The data were then interpolated to a 6x6 m raster using inverse 

distance weighting within the QGIS environment (QGIS Development Team, 2015). The raster size 
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was chosen based on the typical combine harvester header width. Also, 18 m of field borders were 

removed from the analyses where we observed unusually low grain yields due to factors including 

tree shading, soil compaction in headlands, yield monitor errors from slow combine harvester 

velocity, and high incidence of pest damage. 

Nine fields were selected with three to seven years of available georeferenced yield records and 

standardized principal component analysis (stdPCA; Eastman and Filk, 1993) was applied using the 

‘princomp” function of the R statistical computing environment (R Core Team, 2014) as explained in 

Kinoshita et al. (2021). In short, each year of yield data was standardized to have equal variance 

followed by transformation into principal component (PC) space. The derived PC scores is the 

transformed value in the PC space, which can be mapped again using the associated georeferencing 

information. A score map of the first PC reveals the most temporally consistent yield pattern while 

the remaining PCs represent successively less important latent yield patterns (Kinoshita et al., 2021). 

 

Proximal Soil Sensor Information  

Prior to any soil sampling, proximal sensor information was collected from all sites using a Veris 

MSP-3 unit (Veris Technologies, Salina, KS). It was equipped with an RTK-GPS (ParaDyme; 2.54 cm 

horizontal and 5.08 cm vertical accuracy; Ag Leader Technology, Ames, IA), apparent electrical 

conductivity (ECa) sensors (≈0-45 cm and ≈0-90 cm depth), optic sensors at the surface (dual band, 

660 nm and 940 nm), and a pH sensor. All sensors were calibrated before each data collection 

following the operating instructions (Veris Technologies, 2012) and the measurement was made at 

18 m intervals across a field. Recorded ECa, optic sensor, and pH data were interpolated to 6 m by 6 

m grids using inverse distance weighting in the QGIS software (Conrad et al., 2015; QGIS 

Development Team, 2015). 
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The elevation data were collected by the GPS and then interpolated using a regularized spline 

function to 6 m by 6 m grids (Mitášová & Hofierka, 1993). Various topographical properties were 

then calculated such as slope (SLOPE), aspect (ASP), profile curvature (PROF), tangential curvature 

(TAN), and mean curvature (CURV). We also derived the topographic wetness index (TWI), which 

generally shows the zones of soil water variation within a landscape (Moore et al., 1991) using the 

SAGA GIS function (Conrad et al., 2015): 

ln
tan

a
TWI

b

 
  

 
 (1) 

where a is the specific (contributing) catchment area (m2) and b is the slope gradient (degrees). 

Topographic position index (TPI) was also calculated, which is the categorized elevation difference 

between a point in a landscape and the set size of surrounding neighborhood cells: 

0TPI z z   (2) 

where z0 is the elevation at the central point and  ̅ is the average elevation within a predetermined 

radius (Gallant and Wilson, 2000). The TPI was determined using two different neighborhood sizes of 

50 and 450 m, and used the combination of two TPI categories to classify each cell in 10 different 

landform classes using the SAGA GIS function (Conrad et al., 2015). These 10 classes were later 

reclassified into four landform classes: swale, flat, slope, and knoll. 

 

Soil Sampling 

Nine fields were selected for deep soil sampling, with at least one field from each of five distinctly 

different soil characteristic areas (Fig. 1). On the Coastal Plain, four fields were selected for deep soil 

sampling, and nine locations per field were sampled from the 0-90 cm depth using the JMC 

Environmentalist’s Sub-Soil Probe (JMC; 2.88 cm i.d.; Clements Associates, Newton, IA). On the 

Piedmont Plateau, five fields were selected, and except for PR3, soil samples were collected from 
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the 0-60 cm depth using a diamond tipped rotary core (Diamond Core; 9.44 cm i.d.; Lackmond 

Products, Inc., Marietta, GA) assisted with a gas motor due to high rock contents in the field. Due to 

the hard soil conditions, six locations per field were selected for sampling. Soil sampling location 

within a field was selected by subdividing the field into nine or six equal-sized rectangular areas. In 

each grid, deep ECa (0-90 cm depth; ECdp) values were evaluated and three or two samples each 

from a low, medium, and high ECdp value were taken while maximizing the distance between the 

rectangle with the same ECdp level. At each sampling point, three and one subsamples were taken 

for the JMC and the Diamond Core, respectively from non-traffic inter-row of the previous crop. 

Each subsample was cut in increments at 0-15, 15-30, 30-45, and 45-60, as well as 60-90 cm (only for 

the JMC), and composited. In total, 60 sampling locations and 298 samples were collected. The 

sampling location was recorded using a hand-held GPS unit (eTrex Venture HC; Garmin, 

Schaffhausen, Switzerland). Soil penetration resistance was measured using a soil compaction meter 

within 0-45 cm of the soil profile where a deep sample set was taken using a FieldScout SC900 Soil 

Compaction Meter (Spectrum Technologies, Aurora, IL). At each sampling point, six penetrometer 

measurements were taken and the data were averaged. 

In addition, surface soil samples (0-15 cm depth; shallow sample set) were collected in most of 

the study fields except at CR5 and CR6. In each field, six  soil samples were collected by compositing 

eight push probe cores (2.06 cm i.d.) adjacent to the optic sensor track. The sampling locations were 

determined using a combination of collected shallow ECa (0-45 cm depth; ECsh) values and optic 

sensor information at 940 nm (IR). Each field was divided into six equal-sized grids and two samples 

were collected from high ECsh and low IR areas; two samples from low ECsh and high IR areas; one 

sample from high ECsh and high IR area, and one sample from low ECsh and low IR area classified 

using the Veris Soil Viewer software (Veris Technologies, Salina, KS). In total, 142 soil samples were 

collected since some soil samples were omitted due to GPS data collection issues.  
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Soil Analyses 

Soil samples were crushed using a metal ring and passed through a 2-mm sieve. Any non-organic 

materials larger than 2 mm were retained, washed, oven dried at 105 °C, and weighed to determine 

the mass of coarse fragments. The mass was converted to volume and used to estimate the dry bulk 

density (ρb) for the deep sample set using the known volume of the soil sampling probe. For all soil 

samples, soil texture was assessed using a rapid method (Kettler et al., 2001). Water contents at -10 

kPa, -33 kPa, -100 kPa, and -1500 kPa soil water pressure (-10, -33, -100, and -1500, 

respectively) were assessed gravimetrically using a pressure plate apparatus (pressure plate 

extractor; Soilmoisture Equipment Corp., Santa Barbara, USA) from saturated soil samples (Topp et 

al., 1993).  

The shallow sample set and the first increment of the deep sample set were subjected to soil 

organic matter (SOM), soil pH, and soil nutrient analyses by Spectrum Analytic Inc. (Washington 

Court House, OH). Soil organic matter was analyzed by mass loss on ignition in a muffle furnace at 

360°C for two hours (Ball, 1964). Soil pH was measured in 1:1 water slurry. Other soil elements, 

including P, K, Mg, Ca, Zn, Cu, S, and Al were extracted using Mehlich III extraction and quantified 

(Soil Survey Staff, 2014).  

 

Exploratory Data Analysis 

Due to the non-linear relationships, Spearman’s rank correlation coefficients were calculated to 

assess the relationships among measured soil properties. The correlations of each soil sensor value 

to measured soil properties were assessed using Pearson correlations after verifying linear 

associations. For the optic sensor data, both the surface segment (0-15 cm) of the deep sample set 

and the shallow sample set were used, while the ECa sensor values were assessed against the deep 

sample set to match the depths of the measurements. The on-the-go pH sensor measured values 
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were validated against the laboratory values using both the surface (0-15 cm depth) increment of 

the deep sample set and the shallow sample set. 

 

Random Forest 

A Random Forest model was developed using the randomForest package in R (Liaw & Wiener, 

2002; R Core Team, 2014) to estimate crop yields for fields with available stdPCA scores (n = 9), and 

then built region-specific models for the Coastal Plain (n = 4) and the Piedmont Plateau (n = 5). For 

each model, there were two types of model inputs i) topographical properties only, and ii) 

topographical properties and proximal sensing information. In total, six Random Forest models were 

built. Before assessing the predictability for each field, there was a need to select the most 

appropriate model. First, each Random Forest model was trained to the full dataset used to build the 

model and assessed the variance (%) explained by the model. Subsequently, a 3-fold cross-validation 

was done and R2 and Root Mean Square Error (RMSE) for each model were calculated: 

 
2

. .1
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pred i meas ii
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 (3) 

where         is the score value predicted by the model at each 6 m by 6 m cell and         is the 

calculated score value using measured yield data (Kinoshita et al., 2021). The model of each field was 

validated using both full-site cross-validation and independent-site validation. The cross-validation 

was carried out by removing one field as a validation field, which was iterated until all fields were 

used for both calibration and validation. Independent-site validation was undertaken using the fields 

that were not utilized to build the prediction models (n = 11) excluding the irrigated fields. The 

numbers of years of yield data were not sufficient to calculate stdPCA scores at the independent 

validation sites, therefore mean yield values from raw yield data were used for independent-site 

validation. Kinoshita et al. (2021) showed that stdPCA scores for maize on the Coastal Plain 



 

 

 

This article is protected by copyright. All rights reserved. 

 

represent the yield patterns under moisture-limited growing conditions, whereas the scores 

represented yield patterns for all growing seasons for the Piedmont Plateau. Therefore, the 

measured mean yield values were calculated using only moisture-limited years for the Coastal Plain, 

whereas all yield records were used for calculating the measured mean yield values for the 

Piedmont Plateau for the independent-site validation. In order to compare the Random Forest 

model output (stdPCA scores), and the mean yield values, both values were transformed to standard 

scores:  

,

,

xy

xy

v v
z

s








  (4) 

where       is the value at a specific coordinate xy within a field, and  ̅  and    are mean and 

standard deviation, respectively. 

For both cross-validation and independent-site validation, taxonomic distance (d; Davis, 1986) 

was calculated. This compares the spatial patterns of measured stdPCA scores or mean yield to 

predicted stdPCA scores. This method fits a trend surface using a moving window of a fixed size that 

relocates across a field for the two spatial patterns. Then, the differences in the model coefficients 

of each spatial pattern at each cell are calculated. The window size of 42x42 m (approximately 0.2 

ha) was used. This was considered the minimum area for which farmers can effectively undertake 

site-specific management (M. Twining, personal communication.). Then, a third-degree two-

dimensional polynomial function was fit to each window (Van Uffelen et al., 1997): 

2 2 3 3 2 2

,0 ,1 ,2 ,3 ,4 ,5 ,6 ,7 ,8 ,9( , ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )Yld X Y b b X b Y b X b Y b XY b X b Y b X Y b XY                      (5) 

using a least square regression fit. Then, d was determined by: 
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where p is the number of polynomials (p = 10), and leading numbers (1 and 2) indicate the two 

patterns for comparison. The d was determined for every 6 m by 6 m cell and thus can be mapped to 

assess locations of the agreement of two spatial patterns. A value of d=0 would indicate perfect 

matching of the RF modelled spatial pattern. There is no statistical assessment for threshold d values 

(Van Uffelen et al., 1997), but d < 0.3 was used in this study, similar to Gandah et al. (2000). To 

compare model performance among fields, a mean d value ( ̅) was calculated for each field. 

 

RESULTS AND DISCUSSION 

Spatial Variation of Grain Yields 

Maize yields ranged from 3.30 to 15.0 Mg ha-1 across all fields (Table S1), while state average 

maize yields of Delaware and Maryland between 2006 and 2015 ranged from 6.3 Mg ha-1 to 11.8 Mg 

ha-1 (mean: 8.76 Mg ha-1; USDA National Agricultural Statistics Service, 2017). Water management 

regime (rainfed vs. irrigated) and MLRA had substantial impacts on mean yields and CV. Mean yields 

were expectedly higher for the irrigated fields compared to the rainfed set (10.8 to 13.3 Mg ha-1; 

Table S1). Irrigation reduced the temporal CV substantially reflecting a decoupling of yield variation 

from apparently weather-related water stress (Troy et al., 2015). For the rainfed set, the temporal 

CV of grain yields was substantially higher for the Coastal Plain compared to the Piedmont region 

and precipitation variation was also higher for the Coastal Plain (mean CV = 54.9 %) than for 

Piedmont (mean CV = 31.1 %) as well as the difference in soil characteristic areas (Fig. 1).  

 

Soil Characteristics 

The measured soil properties strongly reflected the soil forming factors of the two regions 

especially on soil textural variation. Soil texture for the Coastal Plain was mainly sandy loam, loamy 

sand, and silt loam textural classes, while the Piedmont Plateau had more samples in the loam class 
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with higher clay contents (Table 1). In general, field average silt content was higher for the Piedmont 

compared to the Coastal Plain, but the CV was much higher in the Coastal Plain (Table 1) Due to the 

effects of eolian silt deposits (Simonson, 1982; Weaver, 1967). For the Coastal Plain, the depth of silt 

deposition was the thickest in CR5, which agrees with the fact that the loess deposition was thicker 

on the western side of the peninsula (Foss et al., 1978; Fig. 1). Since loess silt was deposited on the 

soil surface, the CV of silt content increased at deeper soil depths and is more variable vertically on 

the Coastal Plain compared to the Piedmont Plateau. 

The textural variation had a strong influence on water retention values and therefore plant water 

availability. Mean Available Water Capacity (AWC) at 0-60 cm depth was lower for the Coastal Plain 

(0.189 kg kg-1) compared to the Piedmont Plateau fields (0.216 kg kg-1) except for CR5 (0.229 kg kg-1) 

where silt content was the highest among all fields. Water retention parameters of shallow sample 

set (0-15 cm depth) for all fields were influenced by soil texture, for example field capacity (-10 and 

-33) had the highest correlation with sand content (ρ = 0.83; ρ = 0.86; Table S2) whereas -100 and 

permanent wilting point (-1500) had the highest correlation with clay content (ρ = 0.89; ρ = 0.92). 

Soil organic matter had some influence on the water retention parameters, and the highest 

correlation was found with -100 (ρ = 0.64). For soil chemical properties, surface SOM was higher on 

the Piedmont Plateau (mean = 1.54 %; Table 1) compared to the Coastal Plain (mean = 1.11 %). The 

cation exchange capacity (CEC) reflected the SOM results (ρ = 0.66; Table S2) more than the clay 

content (ρ = 0.45) and the majority of low CEC (< 5 cmolc kg-1) were found on the Coastal Plain and 

higher CEC (> 10 cmolc kg-1) were found on the Piedmont Plateau. Surface soil pH in the shallow 

sample set showed similar ranges in both of the areas and there were some samples with values 

lower than 6.0 (Table 1). Phosphorus concentration was variable depending on the field. Very high P 

concentrations were mainly found on the Coastal Plain but also in PR13. For base cations, K+ 
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concentrations were relatively similar in both regions, while Mg2+ and Ca2+were much higher on the 

Piedmont Plateau (Table 1).  

 

Factors Estimated by the Proximal Sensors 

In this study, ECa sensor data showed stronger correlations to measured soil properties than 

optic sensor data across the two regions. ECa sensor values in the deep soil sample set (n = 66) 

reflected the variation in soil particle size and water retention parameters. For both regions 

combined, ECsh showed the highest correlation to clay content at 0-45 cm (r = 0.77; Table 2) and 

ECdp with -1500 at 30-45 cm (r = 0.75). For each region, ECsh had the highest correlation with clay 

content at 0-45 cm (r = 0.78) and clay content at 30-45 cm (r = 0.67) on the Coastal Plain and 

Piedmont Plateau, respectively. ECdp showed the highest correlation with clay content at 30-45 cm 

(r = 0.76) for the Coastal Plain which confirmed a better correlation with deeper soil properties. In 

the Piedmont Plateau region, ECdp had the highest correlation with 1500 at 30-45 cm (r = 0.65). 

The ratio of ECsh to ECdp (ECR) had the highest correlation with 100 at 60-90 cm (r = 0.77) for the 

Coastal Plain, but the correlation in the Piedmont Plateau was overall low. These findings confirmed 

past research that found a strong correlation between ECa sensor values to clay (r = 0.50; Johnson et 

al., 2001) and silt (r = -0.74; Jung et al., 2005). In addition, Mueller et al. (2003) found correlations 

with elevation (r = -0.65) and clay (r = 0.63) for ECsh, and Ca (r = 0.58) and Mg (r = 0.48) for ECdp 

across four fields with loess silt layers overlaying limestone residuum.  

For optic sensor values, correlations with SOM values were not the highest among the measured 

soil properties, despite the fact that the sensor is marketed for SOM measurement (Table 3). Better 

correlations were found with soil P, Ca, and Al availability as well as clay and CEC. In both of the 

regions combined, Red and Ca content (r = -0.41; Table 3) and IR and clay content (r = 0.30) were 

most correlated. The ratio of Red to IR (OMR) was not well correlated to measured soil properties 
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when the two regions are combined. For Red, the highest correlation on the Coastal Plain was with P 

(r = -0.51), but with CEC on the Piedmont Plateau (r = -0.49). IR values were less correlated to 

measured values compared to Red and showed the best correlation on the Coastal Plain with Al (r = -

0.44) and with Ca on the Piedmont Plateau (r = -0.47). For OMR, a better correlation was found in 

the Coastal Plain region with P (r = 0.43) but the correlation for the Piedmont Plateau was low. 

Kweon and Maxton (2013) showed the R2 for SOM of 0.79 across six fields in central Kansas in 

Mollisols where the SOM content is higher compared to our study. Also, soil conditions at the time 

of measurement including soil moisture and temperature could negatively affect correlations to 

measured soil properties (Kweon et al., 2013; Kweon & Maxton, 2013), making the use of the optic 

sensors less beneficial under field conditions.  

On-the-go pH measurement was feasible for the entire Coastal Plain region, but only for a few 

fields on the Piedmont Plateau due to high surface rock contents. A linear regression analysis was 

carried out to predict the laboratory measured soil pH but found low predictability (R2 = 0.28), 

possibly because of the difference in equilibration time between the standard 1:1 water pH and the 

on-the-go pH measurement. Also, the laboratory samples were collected from nearby locations but 

were not the same. The short-range spatial variation of pH can be high as found in some past studies 

which showed 20 % variation at 5-m distance (Webster & Butler, 1976). 

 

Random Forest Modeling 

Random Forest models were used to predict within-field spatial patterns of stdPCA scores of yield 

for each region and identify predictor variables among topographical information and proximal 

sensor information. Important soil factors affecting within-field spatial yield pattern could be 

inferred from relationships between measured soil properties and sensor data that were identified 

and explained in the previous section. 
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Predictability increased when proximal sensor information was combined with topographical 

information (Table 4), and improvements were higher for the Coastal Plain. Important topographical 

properties included Aspect followed by TWI and Slope with an R2 of 0.59 for all regions combined 

(Table 4). The predictability was higher for the Piedmont Plateau (R2 = 0.68) compared to the Coastal 

Plain (R2 = 0.60) when only topographical information was used. The aspect was then the most 

important predictor for both regions. Aspect is an important factor for determining incident solar 

radiation and crop yield (van Ittersum & Rabbinge, 1997), which is confirmed by these data. Gondwe 

et al. (2019) also found an effect of aspect on soil C content, CEC, and potato yields in hilly upland 

fields of northern Japan. Combined with sensor information, predictability was better for the Coastal 

Plain using ECR, pH, and TWI (R2 = 0.78), compared to the Piedmont Plateau using aspect, slope, and 

ECR (R2 = 0.76). For the Coastal Plain, ECR was the most important predictor in the RF model (Table 

4) and was correlated to the change in soil texture at the 60-to-90 cm depth (Table 3). Therefore, 

within-field yield patterns under moisture-limited growing seasons are presumed to be related to 

subsoil texture change along with surface pH variation and TWI. The ECa sensor is thus beneficial for 

soil estimation with high spatial resolution as subsoil textural change is costly to assess, and 

measuring surface soil texture alone was not informative for yield patterns. Subsoil texture and TWI 

are not changeable through agricultural management but site-specific crop management such as 

fertilizer and crop variety selection could utilize this information (Chen et al., 2011). On the 

Piedmont Plateau, the identification of underlying yield constraints appears to be more challenging 

due to a lower RF model fit compared to the Coastal Plain (Table 4). The Piedmont Plateau includes 

four areas of distinctly different soil characteristics and topographies, and overall had high variations 

in measured soil properties including clay, SOM, pH, P and K (Table 1). Therefore, aspect and slope 

were more important predictors in this area (Table 4) over the proximal sensor information. 
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In order to validate yield predictability by the RF model on an independent field, full-site cross 

validation was necessary. This showed higher predictability for the Coastal Plain (0.07 < R2 < 0.28; 

Table 5) compared to the Piedmont Plateau (0.01 < R2 <0.28). A  ̅<0.3 value was used to establish 

adequate similarity of two spatial patterns, based on Gandah et al. (2000). The overall  ̅ value was 

similar for the Coastal Plain (0.249) and the Piedmont Plateau (0.272), which indicated that the RF 

models perform well for both regions but somewhat better for the Coastal Plain. The lowest  ̅ value 

was found in CR3 (0.209; Table 5; Fig. 3c) and the highest in PR1 (Fig. 3f) and PR4 (0.300) among the 

cross-validated fields. The threshold d value for adequate pattern similarity should depend on the 

scope of the work (Van Uffelen et al., 1997). In independent-site validation for the Coastal Plain, 

good predictability was observed for CR6 ( ̅ = 0.196; Fig. 4c) and CR7 ( ̅ = 0.214; Table 5), but not in 

CR5 ( ̅ = 0.292; Fig. 4f). For the Piedmont Plateau, the  ̅ value ranged from 0.197 to 0.292 in 

independent-site validation and the predictability was variable depending on the field. The 

calculation of the d-value allowed assignment and visual presentation where the RF model 

successfully predicted the spatial pattern of yield (Fig. 3c, 3f, 4c, and 4f) and this required the 

availability of at least one year of yield data. This is significantly less challenging compared to 

collecting multiple years of yield data for a single crop. Locations where d-values were low had a 

successful RF model estimation of the spatial yield pattern and areas where the d-values were high 

suggest further assessment. For example, on the Coastal Plain, CR4 was better predicted than CR5 

although they shared the same soil series. There are several possibilities for the mismatch of the 

model predicted values including (i) errors in the measured yield data (Arslan and Colvin, 2002), (ii) 

errors with the elevation and proximal sensor measurement (Erskine et al., 2007; Kweon et al., 

2013), and (iii) yield constraints that were not represented by the predictors (van Ittersum et al., 

2013). The potential errors associated with the yield monitor were minimized using the Yield Editor 

software and the removal of the 18 m field borders. Errors associated with elevation and proximal 
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sensing data collection were partly addressed by using the mean centered data for the proximal 

sensor values and calculating both the ECR and OMR on the mean centered data. Nevertheless, in 

situ soil moisture variations in each field could affect the results (Corwin & Lesch, 2003). The yield 

constraints including pests and diseases could affect the results and could be significant because of 

the limited yield data used for independent-site validation. Also, CR5 had thicker loess silt deposition 

and relatively higher water holding capacity making water less significant as a yield limiting factor for 

maize. The mean yield of CR5 was the highest among the rainfed fields on the Coastal Plain and also 

the within-field yield variation was the lowest (CV = 17.9 %; Table S1).  

 

Site-Specific Yield Limiting Factors 

The identification of within-field location specific yield constraints is important because they 

provide information on whether it is ameliorable (Oliver et al., 2010) and the appropriateness and 

cost (Plant, 2001). Yield data allowed for the determination of the spatial pattern of characteristic 

yield for all seasons on the Piedmont Plateau and moisture-limited growing seasons on the Coastal 

Plain. The extraction of spatial patterns of moisture-limited yield is important because the 

relationship between soil and topographic properties are known to be more significant under 

extreme weather conditions (Jiang & Thelen, 2004; Kravchenko & Bullock, 2000). Second, the 

verification of the correlation between each proximal sensor value and measured soil properties 

infers the underlying yield constraints where the RF models perform adequately. 

Judgment sampling could be carried out in the locations where d-values of the RF model were 

high and the measured yields were low and samples are assessed for a wide array of soil properties 

that allow for the identification of soil health constraints (Idowu et al., 2008; Sojka et al., 2003). It is 

also important to confirm that measured low yields are not affected by pests or diseases through 

farmer knowledge (Calviño et al., 2003; Oliver et al., 2010) or remote sensing information. In this 
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study, soil constraints were looked at for sites where a deep sample set was available and had high 

d-values (d > 0.30) and relatively low yields for each field. The penetrometer measurements were 

useful in many locations especially on the Piedmont Plateau (Fig. 5). In PR3, PR8, and PR11, the high 

d-value and low yield locations had very shallow penetrable soil layers (PR3 and PR11) or the highest 

penetration resistance within the field (PR8). In other Piedmont Plateau fields (PR2 and PR6), the 

selected locations exceeded 2000 kPa (300 psi) in the subsoils known to restrict root growth 

(Magdoff & van Es, 2021). On the Piedmont Plateau the RF model used to predict yield variation 

used topographical properties as important predictor variables while the proximal sensor values 

were less useful (Table 4). The ECR was selected but it was most indicative of bulk density (Table 2). 

Limitation in root growth by hard layers appears to be the major yield constraints, which could 

either be ameliorated or managed through site-specific input management (Kinoshita et al., 2021).  

For the Coastal Plain, there were no common soil constraints where d-values were high and 

yields were low. In CR1, surface hardness was the highest among the sampling locations and 

exceeded 2000 kPa (Fig. 5) and the soil nutrients in 15-30 cm depth was the lowest among the 

locations indicating the accumulation of the nutrients at the very surface (data not shown). In CR5, 

the cause of the low yield at the location was not clear but the RF model did not perform well at this 

site with only one year of yield data to validate the model (Table 5). A separate RF model might be 

needed for this region with thick loess layers. In CR 6, the high d-value and low yielding location had 

low penetrometer readings among the sampling locations - although it exceeded 2000 kPa (Fig. 5) - 

possibly associated with low SOM levels (0.1 %) and very sandy texture. For the Coastal Plain, the RF 

model used the proximal sensor values more effectively than the Piedmont Plateau (Tables 2, 4, and 

5), and therefore the additional benefits of targeted soil sampling appeared less. A question remains, 

whether water holding capacity can be altered in these fields. The -100 water content is known to 

be the water potential associated with initial crop drought stress, which also was well correlated to 
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SOM (Table 3). Soil management strategies to increase SOM content may therefore be effective in 

low yielding areas not just for the topsoils but also for the subsoils (Kinoshita et al., 2017).  

 

CONCLUSIONS 

This study built a framework to identify spatio-temporally variable yield constraints using various 

sensor technologies in the Mid-Atlantic US. The apparent electrical conductivity sensor (ECa) was the 

most successful in estimating soil properties. The optical sensors showed low correlation to 

measured soil properties, and their performance for soil organic matter estimation was poor in some 

regions. The pH sensor was useful but only applicable in rock-free fields. The ratio of shallow to deep 

ECa sensor values (ECR) had a strong correlation to subsoil texture change related to soil water 

holding capacity on the Coastal Plain, which is usually very costly and difficult to measure. The ECR 

value was also the most important in predicting maize yield variation under moisture-limited 

conditions in the region when used as part of the random forest (RF) model. For the Piedmont 

Plateau, aspect and slope information from digital elevation models were important yield predictors 

in the RF model for all weather conditions but the overall predictability was lower than for the 

Coastal Plain. Overall, the application of the RF model using ECa sensor and topographical properties 

was effective in revealing within-field yield constraints, especially on the Coastal Plain where there 

was one soil characteristic area. A question remains whether soil water holding capacity can be 

improved in this region. For the Piedmont Plateau, calibration of proximal sensor information could 

be improved with more sites within each soil characteristic area. Soil compaction or shallow topsoil 

revealed by a penetrometer appeared to be an important yield limiting factor. 
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FIGURE CAPTIONS 

Fig. 1. Map of the study site with field locations and soil regions. 
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Fig. 2. Typical flat topography of the Coastal Plain (CR1; a) and the undulating topography of the 

Piedmont Plateau (PR3; b). 

 

Fig. 3. Maps of a) and d) standardized principal component analysis (stdPCA) derived score values 

from measured yield data, b and e) stdPCA score values predicted using random forest models, and c 

and f) taxonomic distance indicating the spatial pattern similarity of the measured and predicted 

stdPCA scores. The d value of 0.3 was used as a threshold for adequate spatial pattern similarity 

(Gandah et al., 2000). 
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Fig. 4. Maps of a and d) measured yield data, b and e) stdPCA score values predicted using random 

forest models, and c and f) taxonomic distance indicating the spatial pattern similarity of the 

measured yield data and predicted stdPCA scores. The d value of 0.3 was used as a threshold for 

adequate spatial pattern similarity (Gandah et al., 2000). 
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Fig. 5. Penetration resistance measured by a cone penetrometer at 0-45 cm depth for fields with soil 

profile samples and high d value. The first location is shown in open circle and the second location is 

shown in closed circle. 

 

TABLES 

Table 1. Summary soil statistics of the shallow sample set (0-to-15 cm depth) 

  

Coastal Plain (n = 64) 

   

Piedmont Plateau (n =78) 

 Soil parameter Mean Range CV (%) 

 

Mean Range CV (%) 

SOM (%)† 1.11 0.300-2.20 37.1 

 

1.54 0.40-3.30 41.9 

pH 6.32 5.40-7.10 5.3 

 

6.36 5.10-7.20 7.1 

P (mg kg-1) 81.1 13.0-226 68.8 

 

59.5 7.00-269 93.9 

K (mg kg-1) 130 58.0-269 33.3 

 

135 45.0-343 58.1 

Mg (mg kg-1) 120 67.0-193 25.6 

 

204 77.0-409 35.2 

Ca (mg kg-1) 685 322-1542 37.8 

 

1148 334-2298 35.9 
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Al (mg kg-1) 806 472-1232 21.7 

 

762 505-1076 15.9 

CEC (cmolc kg-1) 4.51 2.10-9.90 37.3 

 

7.69 3.60-14.3 33.9 

Clay (%) 7.43 1.27-16.1 40.1 

 

15.8 6.09-27.4 27.7 

Silt (%) 46.3 11.9-76.2 36.5 

 

50.9 24.3-69.4 20.8 

Sand (%) 46.3 10.8-85.6 41.7 

 

33.3 10.7-64.2 38.4 

ρb (Mg m-3) 1.29 0.900-1.63 11.2 

 

1.13 0.886-1.52 13.2 

-10 (kg kg-1) 0.243 0.115-0.355 25.5 

 

0.335 0.203-0.475 17 

-33 (kg kg-1) 0.173 0.0680-0.313 33.5 

 

0.25 0.137-0.370 20.8 

-100 (kg kg-1) 0.127 0.0550-0.239 28.9 

 

0.205 0.121-0.315 21.8 

-1500 (kg kg-1) 0.0502 0.0170-0.115 37.1 

 

0.11 0.0580-0.194 23.9 

AWC (kg kg-1) 0.193 0.0970-0.280 24.2 

 

0.225 0.133-0.309 17.1 

† SOM, soil organic matter; CEC, cation exchange capacity; ρb, dry bulk density; -10, water content 

at -10 kPa; -33, water content at -33 kPa; -100, water content at -100 kPa; -1500, water content 

at -1500 kPa; AWC, available water capacity. 

 

Table 2. Pearson correlation coefficients of apparent electrical conductivity values and measured soil 

samples of the deep sample set.  

 

 ECsh† 

 

ECdp 

 

ECR 

ID n r property 

 

r Property 

 

r Property 

Coastal Plain 36 0.78 

0.78 

0.77 

Clay at 0-45cm 

Clay at 45-60cm 

Clay at 15-30cm 

 

0.76 

0.76 

0.75 

Clay at 30-45 cm 

-1500 at 30-45cm 

Clay 0-60cm 

 

0.77 

-0.76 

0.74 

-100 at 60-90cm 

Sand at 60-90cm 

Clay at 60-90cm 

Piedmont 

Plateau 

30 0.70 

0.67 

-0.67 

Clay at 30-45 cm 

Clay at 0-45 cm 

Sand 0-45 cm 

 

0.65 

0.64 

0.63 

-1500 at 30-45 cm 

-33 at 30-45 cm 

Ca at 0-15 cm 

 

0.33 

0.32 

0.32 

ρb at 30-45 cm 

Ca at 0-15 cm 

ρb at 0-45 cm 

All 66 0.77 

0.75 

0.74 

Clay at 0-45 cm 

Clay at 30-45 cm 

-1500 at 30-45 cm 

 

0.75 

0.71 

0.70 

-1500 at 30-45 cm 

Clay at 30-45 cm 

-33 at 30-45 cm 

 

0.31 

0.29 

0.28 

Silt at 30-45 cm 

Silt at 0-45 cm 

Silt at 15-30 cm 

† ECsh, shallow apparent electrical conductivity at 0-to-45 cm; ECdp, deep apparent electrical 

conductivity at 0-to-90 cm; ECR, the ratio of ECsh and ECdp 
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‡ -100:  water content at -100 kPa; -1500:  water content at -1500 kPa; Pen, penetration 

resistance; -33: water content at -33 kPa; -10: water content at -10 kPa; Soil moisture, gravimetric 

soil moisture content; ρb, dry bulk density; AWC, available water capacity; SOM, soil organic matter  

 

Table 3. Pearson correlation coefficients of optic sensor values and measured soil properties of the 

shallow sample set and the surface increment (0-to-15 cm depth) of the deep sample set. 

  

Red† 

 

IR 

 

OMR 

Area n r property 

 

r Property 

 

r Property 

Coastal 

Plain 100 -0.51/-0.47/-0.27 P/Ca/pH 

 

-0.44/0.30/0.30 Al/Sand/SOM 

 

0.43/0.31/-0.28 P/Ca/Al 

Piedmont 

Plateau 
108 

-0.49/-0.49/0.40 CEC‡/Ca/Clay 

 

-0.47/0.44/-

0.40 Ca/Clay/CEC 

 

-0.36/-0.35/-0.33 ρb /P/K 

All 208 
-0.41/-0.35/-0.23 Ca/CEC/SOM   

0.30/-0.27/-

0.21 Clay/Ca/CEC   -0.22/0.20/0.19 Al/Ca/CEC 

† Red, reflectance at 660 nm; IR, infra-red reflectance at 940 nm; OMR, the ratio of Red and IR 

‡ CEC, cation exchange capacity; SOM, soil organic matter, ρb, dry bulk density 

 

Table 4. Statistical results of the random forest models for the whole region (All), the Coastal Plain, 

and the Piedmont Plateau with stdPCA scores of crop yield as the response variable, and 

topographical properties or the combination of topographical properties and proximal sensing 

information as predictors.  

    Topographical properties only   Topographical properties + proximal sensing 

ID % variance 

explained 

Important 

variables 

%IncMSE† R2 RMSE   % variance 

explained 

Important 

variables 

%IncMSE R2 RMSE 

All 60.4 ASP‡ 

TWI 

Slope 

176 

131 

108 

0.59 0.845  75.5 ECR 

ASP 

OMR 

129 

120 

109 

0.74 0.697 

Coastal 

Plain 

61 ASP 

TWI 

Slope 

172 

113 

97.9 

0.60 0.885  80 ECR 

pH 

TWI 

160 

110 

102 

0.78 0.68 

Piedmont 

Plateau 

69.8 ASP 119 0.68 0.67  78.1 ASP 108 0.76 0.59 
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† %IncMSE, percentage increase in mean square error by dropping one of the important variables; 

RMSE, root mean square error of prediction 

‡ ASP, aspect; TWI, topographic wetness index; PROF, profile curvature; ECR, ratio of shallow and 

deep apparent electrical conductivity; OMR, ratio of the reflectance at 660 and 940 nm. 

 

Table 5. Validation of random forest model for stdPCA scores for full-site cross validation and 

comparing predicted stdPCA scores to mean crop yield scores for independent site validation . 

 

Cross-validation   Independent-validation 

Field ID R2 RMSE†  ̅   n R2 RMSE  ̅ 

CR1 0.17 1.09 0.257 

 

na na na na 

CR2 0.07 1.21 0.281 

 

na na na na 

CR3 0.28 0.974 0.209 

 

na na na na 

CR4 0.15 1.11 0.250 

 

na na na na 

CR5 na na na 

 

1 0.02 1.32 0.292 

CR6 na na na 

 

2 0.29 0.957 0.196 

CR7 na na na 

 

2 0.22 1.03 0.214 

PR1 0.02 1.3 0.300  na na na na 

PR2 0.03 1.28 0.278  na na na na 

PR3 0.09 1.18 0.280  na na na na 

PR4 <0.01 1.38 0.300  na na na na 

PR5 0.28 0.97 0.200  na na na na 

PR6 na na na 

 

1 0.17 1.08 0.209 

PR7 na na na 

 

1 <0.01 1.45 0.292 

PR8 na na na 

 

2 <0.01 1.43 0.289 

PR9 na na na 

 

2 0.01 1.35 0.227 

PR10 na na na 

 

1 0.11 1.16 0.197 

PR11 na na na 

 

1 0.01 1.34 0.269 

Slope 

PROF 

102 

88.9 

Slope 

ECR 

96.2 

72.2 
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PR12 na na na 

 

2 0.34 1.28 0.261 

PR13 na na na   1 0.10 1.17 0.214 

† RMSE, root mean square error of prediction; d, mean taxonomic distance; n, number of yield data 

available 

 

 


