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Abstract 23 

The organic fraction of soils is critically important to soil health and optimal ecosystem functioning. 24 

Traditional analysis of soil organic horizons (O horizons) has been dependent upon laboratory-25 

based instrumentation. Simultaneously, the use of proximal sensors such as portable X-ray 26 

fluorescence (PXRF) spectrometry along with visible near infrared diffuse reflectance spectroscopy 27 

(VisNIR DRS) have gained popularity for providing rapidly acquired spectral and elemental data 28 

useful for soil physicochemical property quantification. However, PXRF and VisNIR DRS have 29 

mostly been applied to the assessment of mineral soils. This preliminary study evaluated 136 30 

organic laden soil samples (most aptly described as upland, non-saturated O horizons) using both 31 

laboratory based instrumentation (CN analyzer) and proximal sensors to evaluate total carbon (TC) 32 

and total nitrogen (TN). Results revealed that combining model outcomes using model fusion 33 

improved TC and TN prediction accuracies relative to using an individual instrument (PXRF or 34 

VisNIR DRS) or model averaging with improvements in root mean square error (RMSE) on the 35 

order of 10-47% and 10-67% for TC and TN, respectively. Partial least squares + random forest 36 

(PLS+RF) approaches emerged as the best model for both predicting both TC and TN in organic 37 

laden soil samples. These results suggest that the strong predictive applications of proximal sensors 38 

extensively documented on mineral soils, may show similar promise for determination of a wide 39 

number of physicochemical properties on organic soil matrices, yet further exploration with a larger 40 

and more diverse dataset is recommended.41 

Key words: Spectroscopy; O horizons; proximal sensors 42 

43 

Abbreviations: SOM, soil organic matter; TC, total carbon; TN, total nitrogen; VisNIR-DRS, 44 

visible near infrared diffuse reflectance spectroscopy; PXRF, portable X-ray fluorescence45 

46 
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47 

1. Introduction 48 

Organic matter decomposition is a fundamental process for sustaining life on Earth (Gosz et al., 49 

1976). The term soil organic matter (SOM) refers to all organic material in soil, from freshly 50 

deposited detritus or litter to highly decomposed, stable forms such as humic and fulvic acid51 

(Stevenson, 1994). Organic matter cycling helps to maintain ecosystem functionality as several 52 

ecological functions are correlated to the decay processes of the organic layers of forest soils.53 

Indeed, decomposition and mineralization processes of organic residues affect nutrients cycling and54 

induce the release of elements that represent the principal resources for plants and microbes (Berger 55 

et al., 2002; Berg and McClaugherty, 2008), such as macro- and micro-nutrients, and essential 56 

molecules for energy metabolism, photosynthesis, and membrane transport (Huttl and Schaaf, 1997).57 

One of the main factors controlling the organic matter decomposition processes is the quality of the 58 

litter produced by plants (Ge et al., 2013). The specific chemical proprieties of the plant litter and its 59 

decay products, in turn, influence the underlying mineral soil (Wardle et al., 2004; Ball et al., 2014).60 

Six et al. (2004) noted that the decomposition of SOM has an impact on several important soil61 

properties as it improves soil aggregation (Bronick and Lal, 2005), enhances the activity of the soil 62 

microbial community (Ball et al., 2014; Carrillo et al., 2012; García-Palacios et al., 2013), and 63 

affects mineral weathering (Qafoku, 2015) and soil fertility (Kaiser et al., 2008). Thus, the64 

knowledge of the characteristics and composition of SOM, and in particular of the organic layers,65 

may help to ascertain certain soil ecosystem functions.66 

Current methods of SOM characterization are well established (Nelson and Sommers, 1996), 67 

but are largely laboratory based. Recently, several studies have investigated rapid, inexpensive, and 68 

non-destructive methods, such as visible near infrared diffuse reflectance spectroscopy (VisNIR-69 

DRS) and portable x-ray fluorescence spectrometry (PXRF) for soil analysis (Horta et al., 2015; 70 

Weindorf et al., 2014). These proximal sensing methods have become increasingly accurate and 71 
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widely accepted offering data in situ in seconds given virtually no pre-processing requirements 72 

(Viscarra Rossel et al., 2006a; 2006b), with substantive advantages over traditional laboratory-73 

based techniques. VisNIR-DRS is a spectrometric method which uses wavelengths across visible 74 

and near infrared regions (350-2500 nm) to explore the interaction between incident radiation and 75 

reflectance off of the soil surface; absorption is facilitated by C-H, N-H, or O-H bonds within the 76 

matrix (Chang et al., 2005). Due to this characteristic, it is highly applicable to C and N 77 

determination in soils. However, VisNIR-DRS spectra are generally weak, non-specific, and 78 

somewhat broad in their extent because of overlapping spectral signatures arising from variable soil 79 

components (Stenberg et al., 2010). As such, the instrument alone does not provide sufficient 80 

accuracy for complete soil characterization (Morgan et al., 2009). In fact, others have suggested the 81 

application of VisNIR-DRS in tandem with other sensing technologies (Brown et al., 2006; Fajardo 82 

et al., 2015). A complementary technique, PXRF, provides a multi-elemental analysis with a large83 

range of quantification from low mg kg-1 to 100% for many elements (Hettipathirana, 2004).84 

However, elements with stable electron configuration and low fluorescent energy (e.g., Na, N, H, Li,85 

C) are not detectable (Wang et al., 2015). Nonetheless, several recent studies (e.g., Aldabaa et al., 86 

2015; Chakraborty et al., 2015; Wang et al., 2015) have shown compelling predictive accuracy by 87 

combining the spectral signature of VisNIR-DRS with elemental data from PXRF, the latter used as 88 

auxiliary input data into the original advanced regression model. Individual or combined use of 89 

these two instruments allows for characterization of multiple soil parameters to include SOM90 

(Stenberg et al., 2010), total carbon, total nitrogen (Wang et al., 2015), total phosphorus (Hu, 2013),91 

cation exchange capacity (Sharma et al., 2015), pH (Sharma et al., 2014), salinity, (Swanhart et al., 92 

2014), texture (Zhu et al., 2011), and contaminants (Chakraborty et al., 2015; Horta et al., 2015;93 

Paulette et al., 2015). While the aforementioned studies offer wide-ranging application, most were 94 

conducted on mineral soils with limited organic content. Comparatively less information is 95 

available on the use of combined proximal sensors for soil organic layer (O horizon) 96 
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characterization. Wang et al. (2015) evaluated total carbon and nitrogen via combined PXRF and 97 

VisNIR-DRS approaches, but did so on mineral soils, lacking any analysis of true organic horizons. 98 

Similarly, Chang at al. (2002) have shown the efficacy of VisNIR-DRS to characterize soil carbon, 99 

but again, the soils evaluated were largely mineral soils. McWhirt et al. (2012) used a single sensor 100 

approach (VisNIR-DRS) to characterize the organic matter content of compost products. Whilst 101 

organic, composted products differ substantively in their physicochemical composition from that of 102 

organic soils. By contrast, the present study explicitly aims to evaluate the combined use of both 103 

proximal sensors (PXRF and VisNIR-DRS) in characterization of organic soil horizons in variable 104 

states of decay. As such, the objectives of this study were to: 1) quantify total carbon and nitrogen105 

in natural organic soils by VisNIR-DRS and PXRF individualistically and, 2) explore if there is a 106 

benefit in predictive accuracy from concatenating VisNIR-DRS spectra and PXRF elements. We107 

hypothesize that total carbon and nitrogen of largely organic horizons can be directly predicted from 108 

the reported PXRF elements and VisNIR-DRS spectra. We further hypothesize that either a fused 109 

model or model averaging approach will produce better predictability than either the VisNIR-DRS 110 

or PXRF approach independently.111 

112 

2. Materials and Methods 113 

2.1. General occurrences and features114 

In sum, 136 organic laden samples from non-saturated, uplands were collected in Italy and 115 

United States of America (Texas and New Mexico) during 2014 and 2015; a few mineral laden soils 116 

were also included as part of this dataset as a link to previously established work on mineral soils.117 

The sites differed substantively in their geological composition, soil development, climate, and118 

vegetation.119 

In Italy, a total of 39 organic horizons were collected from forest soils across three different 120 

sites on the Apennines chain (central Italy): Mount Acuto, Mount San Vicino, and Mount 121 



 
 

 

6 

Terminillo. The soils developed from limestone of different geological origin: Mount Acuto is 122 

characterized by limestone (Lower Cretaceous - Aptiano), Mount San Vicino is grey limestone with 123 

traces of flintstone and marl from the Jurassic (Lias) Pliensbachian Sinemurian and Mount 124 

Terminillo is grey limestone with trace amounts of flintstone (Jurassic Toarcian-Sinemurian)125 

(ISPRA, 2015). The soils of these areas are classified as Mollisols or Inceptisols (Soil Survey Staff, 126 

2014), characterized by a mesic soil temperature regime (10°C to 12°C) along with an udic soil 127 

moisture regime (from 825 mm to 1430 mm precipitation). In the three areas the cover vegetation 128 

was mainly composed of Fagus sylvatica from 80 to 99%, with Carpinus betulus at Mount Acuto,129 

Quercus cerris, Castanea sativa, and Sorbus aria at Mount San Vicino, Laburnum anagyroides and130 

Acer spp. at Mount Terminillo.131 

In Texas, 16 alluvial organic samples were collected in backwater areas along the North Fork of 132 

the Brazos River in Lubbock County in major land resource area (MLRA) 77C - Southern High 133 

Plains - Southern Part (Soil Survey Staff, 2006). Soils of this MLRA are generally developed by 134 

eolian deposits in the Blackwater Draw Formation of Pleistocene age, classified as Alfisols, 135 

Inceptisols, Mollisols, and Vertisols, and have a thermic soil temperature regime (13°C to 17°C)136 

and an ustic soil moisture regime (from 405 to 560 mm precipitation). Mostly short and mid prairie 137 

grasses and scanty tree and shrubs (e.g., Bouteloua gracilis, Bouteloua dactyloides, Bouteloua 138 

curtipendula) are prevalent. Separately, 27 various organic horizons were sampled in forested areas 139 

of the George Bush Intercontinental Airport, WG Jones State Forest, San Jacinto River, and Sam 140 

Houston National Forest; all generally in the vicinity of Houston, Texas. The WG Jones State 141 

Forest, San Jacinto River, and Sam Houston National Forest occur in MLRA 133B - Western 142 

Coastal Plain (Soil Survey Staff, 2006), where soils developed from Tertiary and Cretaceous marine 143 

sediments consisting of inter bedded sandstone, siltstone, shale and loose primary particles. In 144 

particular, the Reklaw and Weches Formations in the Claiborne Group form the Redland area of 145 

East Texas. The main soil orders in this MLRA are Alfisols and Ultisols with a thermic soil 146 
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temperature regime (16°C to 20°C), an udic or aquic soil moisture regime (990 to 1,600 mm 147 

precipitation). Vegetation of the area is typified by pine-hardwood species such as Pinus taeda,148 

Pinus echinata, Liquidambar styraciflua, Quercus falcate, and Cornus florida; Callicapra149 

americana, and Smilax spp. are common in the woody understory. Schizachyrium scoparium and 150 

Bothriochloa barbinodis are the dominant herbaceous species. Of the 27 samples collected in this 151 

area, four were collected in densely wooded pine forests adjacent to George Bush Intercontinental 152 

Airport, which is a few kilometers beyond the aforementioned MLRA boundary, but quite similar in 153 

the organic horizons sampled.154 

In New Mexico, 54 samples were collected near the periphery of the Lincoln National Forest of 155 

Lincoln County; the horizons sampled were dominantly organic, but a few transitioned into organic 156 

laden mineral soils. The area is in MLRA 39-Arizona and New Mexico Mountains (Soil Survey 157 

Staff, 2006). The area is characterized by Cenozoic volcanic rock and various sedimentary sections158 

of the Colorado Plateau. The southern and eastern parts contain Permian and Cretaceous 159 

sedimentary rock over a Precambrian granite core. Main soil orders of this MLRA are Inceptisols, 160 

Mollisols, Alfisols, and Entisols, with mainly frigid or mesic soil temperature regimes (2°C to 13°C)161 

and an ustic/udic moisture regime (358 mm to 760 mm precipitation). Pinus ponderosa occurs is the 162 

dominant vegetation in the low and intermediate heights, while at higher altitudes, Picea abies and 163 

Pseudotsuga menziesii are commonplace.164 

2.2. Field Sampling 165 

For maintaining an extensive variation in terms of physicochemical characteristics, composition 166 

and origin, samples were randomly collected within morphologically established, organic laden 167 

horizons. Almost all samples were classified as O horizons according to Référentiel pédologique 168 

(2008). The different stages of degradation were classified as: i) OL, consisting of leaf debris with 169 

little or no degradation (<10% of fine organic matter) whereby the botanic origin was easily 170 

recognized; sub-horizons were recognized as OLn, fresh litter with minimal degradation, and OLv, 171 
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where the plant material were subject to initial degradation such as changes in color, volume, and 172 

inter-particle linkages; and ii) OH, with >70% of fine organic (humic) material following extensive 173 

decomposition (Table 1). The latter is homogenous, massive, and reddish-brown to black in color 174 

with an abundance of fine roots. These three states of decomposition are roughly akin to fibric, 175 

hemic, and sapric materials as defined by the Soil Survey Staff (2014), respectively.176 

2.3. Laboratory characterization and VisNIR scanning 177 

Soil samples were air dried and ground to < 1-mm prior to chemical analyses and spectral 178 

scanning. Total C (TC) and total N (TN) were determined by a TruSpec® dry combustion analyzer 179 

(LECO Corp., MI, USA) according to Dumas method combustion (Nelson and Sommers, 1996).180 

Spectral reflectance values of air dried and ground soil samples were measured proximally over 181 

the VisNIR region (350-2500 nm) by a portable PSR-3500® VisNIR spectroradiometer (Spectral 182 

Evolution, USA). The reflectance data were resampled to 1 nm output values. Scanning was done 183 

with a contact probe containing a 5W halogen lamp, minimizing errors associated with stray light 184 

during measurements. Each sample was uniformly tiled in a glass petri plate and scanned four times, 185 

physically repositioning the probe prior to each scan. The mean of 10 internal scan over 1.5 seconds 186 

produced one individual scan. The spectroradiometer was standardized after every two samples 187 

using a NIST certified white reference. The average spectral curve was calculated and further used 188 

for spectral preprocessing and subsequent predictive modeling.189 

Necessary treatments of raw average reflectance spectra were done in R version 2.11.0 (R 190 

Development Core Team, 2014) following the spline fitting methods outlined in Wang et al. (2015). 191 

The spectral preprocessing involved converting reflectance to absorbance by log(1/R) which was 192 

executed in the Unscrambler®X 10.3 software (CAMO Software Inc., Woodbridge, NJ). 193 

2.4. Scanning with PXRF  194 
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A DP-6000 Delta Premium portable X-ray fluorescence (PXRF) spectrometer (Olympus, 195 

Waltham, MA, USA) facilitated sample scanning. Configured with a Rh x-ray tube, the instrument 196 

was operated at 15 40 kV; an integrated ultra-high resolution (165 eV) silicon drift detector197 

quantified each element detected. Before scanning, a 316 alloy clip was used to standardize the 198 

instrument. Primary analysis was conducted in Soil Mode (three beams of 30 s each); it can detect 199 

the following: Ag, As, Ba, Ca, Cd, Cl, Co, Cr, Cu, Fe, Hg, K, Mn, Mo, Ni, P, Pb, Rb, S, Sb, Se, Sn, 200 

Sr, Ti, V, Zn, and Zr. A second scanning was performed with Geochem Mode (two beams of 30 s201 

each) in order to measure Mg, S, Al, and Si. Geochem and Soil Mode scans were done in duplicate, 202 

with the spectrometer physically repositioned between each scan. Sample homogeneity was ensured 203 

during the grinding step. Data were then averaged between scans to obtain a mean of elemental data 204 

for each sample. Data quality was ensured via the scanning of two NIST certified reference samples, 205 

with recovery percentage calculated as PXRF reported vs. NIST certified values. Results were as 206 

follows (PXRF reported/NIST certified [recovery]): Zn 4,263/4,180 mg kg-1 [1.02]; Cu 3,559/3,420 207 

mg kg-1 [1.04]; K 27,081/21,700 [1.25]; Ca 9,119/9,640 mg kg-1 [0.95]; Ti 3,540/3,110 mg kg-1208 

[1.14]; Mn 2,237/2,140 [1.05]; Fe 50,574/43,200 mg kg-1 [1.17]; As 1,639/1,540 mg kg-1 [1.06]; Sr 209 

269/255 [1.05]; Pb 5608/5520 [1.02].210 

2.5. Data mining 211 

We performed all statistical modeling via R version 2.11.0 (R Development Core Team, 2014) 212 

software. We also checked the normality of residuals by the Shapiro-Wilk test at a 5% significance 213 

level. In the present study, both original TC and TN values were negatively skewed (Pearson 214 

skewness coefficient -1.78 and -0.37 for TC and TN, respectively), while Box Cox conversion215 

(Box and Cox, 1964) 10 transformed) was unable to conform normal distribution.216 

Principal component analysis (PCA) was 217 

to visualize spectral behavior of soil samples from different geographical areas and organic 218 

horizons. Optimal number of principal components (PC) was decided from a screeplot.219 
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In this study, the whole dataset was split into 70% calibration (n=96) and 30% validation set 220 

(n=40) using the Kennard-Stone algorithm (Kennard and Stone, 1969), which is an adaptive 221 

procedure to select the most representative samples based on Euclidean distance. Calibration 222 

samples were used to establish a prediction model, whereas validation samples were used to assess 223 

the model's predictive ability (Chen et al., 2015). Initially, we targeted both TC and TN with 224 

VisNIR-DRS spectra only via partial least squares regression (PLS), elastic net regression (ENET), 225 

penalized spline regression (PSR), and random forest regression (RF) (Breiman, 2001; Guyon et al., 226 

2002; Viscarra Rossel et al., 2006b). Additionally, both TC and TN were predicted with PXRF 227 

elemental data via PLS, ENET, and RF models. 228 

Regularized methods, which play an important role in both statistical and data mining problems, can 229 

be described as Eq. 1:230 

      (1) 231 

where is a non-negative loss function, is a non-negative penalty on the model 232 

complexity and is the non-negative tuning parameter. The key idea for regularized methods is to 233 

balance between the goodness-of-fit on the training data and the complexity of the model. Usually, 234 

a complicated model always shows a good fit to the calibration data. Nonetheless, this commonly 235 

leads to problems of overfitting, where the model is too adapted to the training data and often has a 236 

poor prediction performance on new samples.237 

Elastic net, devised by Zou and Hastie (2005) is a regularized regression method that linearly 238 

combines the ridge penalty and the least absolute shrinkage and selection operator (LASSO) penalty 239 

(Eq. 2)240 

                (2)241 

where SSE is the sum of squared errors, is the LASSO penalty, and is the ridge penalty. 242 

In high dimensional data analysis where many predictors are correlated to each other, the LASSO 243 

penalty tends to pick a few of the predictors and discard the others (sparse model), while the ridge 244 
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penalty shrinks the coefficients of correlated predictors towards each other (dense model). The 245 

ENET penalty combines these two penalties so that when the predictors are correlated in groups, it 246 

will produce a sparse model with good prediction performance, while boosting a grouping effect. 247 

Another advantage of ENET is that it can handle the high dimension and low sample size problem. 248 

In this study, ENET was run duced by Friedman et al. (2015). 249 

Details of PSR and RF methodology are summarized in Wang et al. (2015).250 

2.6. Model Fusion and Model Averaging 251 

Model fusion and model averaging (model ensemble) were tested to determine if combination 252 

of the predictions for the VisNIR-DRS and PXRF models into a single composite score could 253 

improve predictive accuracy of TC and TN. Initially, three fused modeling approaches (PSR+RF),254 

(PLS+RF) and (ENET+RF) were employed where PSR/PLS/ENET were used to fit the training set 255 

(containing VisNIR-DRS spectra only). Next, we ran the RF using the PSR/PLS/ENET residual as 256 

the response and PXRF elements as the predictors (Chakraborty et al., 2015). Succinctly, the 257 

prediction value on the validation set using (PSR+RF), (PLS+RF) and (ENET+RF) contains two 258 

additive parts: the prediction from PSR/PLS/ENET model using the VisNIR-DRS spectra plus the259 

prediction from RF model using the PXRF data. An outline of this fused procedure is shown in Fig. 260 

1.261 

For model averaging we used Granger-Ramanathan averaging (GRA) (Granger and 262 

Ramanathan, 1984) with some modifications. The GRA approach requires fitting a multivariate 263 

linear regression model where lab measured soil property values are regressed against the 264 

corresponding predictions derived from VisNIR-DRS and PXRF models. Initially, the 265 

PSR/PLS/ENET model was fitted on the calibration set (n=96) using the VisNIR-DRS spectra.266 

Subsequently, the RF model was fitted using only PXRF elements as predictors and TC or TN as 267 

the response. Note that this RF model was not the same as the RF model in fused approaches 268 
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(PSR+RF, PLS/RF, or ENET+RF) as the latter used residual as a response. Next, a bivariate linear 269 

regression was fitted with Eq. 3:270 

Y = a + b*X + c*Z     (3) 271 

where Y is either TC or TN on calibration set; X is the fitted value (on calibration set) from the 272 

PSR/PLS/ENET model; Z is the fitted value (on the calibration set) from the RF model; a is the 273 

intercept; b is the estimated model weight for the PSR model; and c is the estimated weight for the 274 

RF model. To predict the validation set (n=40), we first generated the prediction value, X*, from 275 

the PSR/PLS/ENET model, and prediction value, Z*, from the RF model. The GRA prediction is 276 

given as Eq. 4:277 

Y* = a + bX*+cZ*     (4) 278 

We followed the Kennard-Stone splitting scheme for both fused models and GRA.  279 

2.7. Whole geographical area and organic horizon holdout validation 280 

Further, whole geographical area and organic horizon holdout validations were executed for 281 

both TC and TN to determine how area to area and horizon to horizon heterogeneity affected 282 

prediction accuracies (Brown el al., 2005). Whole-geographical area holdouts were achieved by 283 

calibrating a model using the best performing algorithm with three geographical areas and then 284 

validated using the fourth area. Moreover, whole-organic horizon holdouts were achieved by 285 

calibrating a model using the best performing algorithm with two organic horizons and then 286 

validated using the third organic horizon. 287 

In this study, the root mean square error (RMSE), regression coefficient (R2), residual prediction 288 

deviation (RPD) (Eq. 5), bias, and ratio of performance to inter-quartile distance (RPIQ) (Eq. 6)289 

were used to evaluate model performance (Gauch et al., 2003 Bellon-Maurel et al., 2010). RPD 290 
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based model accuracy classification scheme devised by Chang et al. (2001) was followed for 291 

evaluating model accuracy. 292 

  (5) 293 

                               (6) 294 

where, Yobs and Ypred are the observed and predicted response variables, respectively, Ymean is 295 

the average of the Yobs values, and n denotes the sample number in the validation data set. RPIQ 296 

was defined as IQ/SEP, where SEP represents the standard error of prediction, and IQ denotes the 297 

interquartile distance of the validation set (IQ=Q3 Q1). In this study, optimal model performance 298 

featured low RMSE values along with high RPD, R2, and RPIQ.299 

3. Results and Discussion 300 

3.1. Soil properties and PCA 301

Statistical moments for TC and TN measured on the soil samples used in the regression models 302 

are listed in Table 2. Soil TC and TN showed negatively skewed distribution with mean 303 

concentrations of 39.05% and 1.10%, respectively for the whole dataset; 39.53% and 1.08%, 304 

respectively for the calibration set; and 37.90% and 1.14%, respectively for the validation set. Of 305 

the 13 elements obtained by the PXRF soil mode, only nine [Zn, S, K, Ca, Ti, Rb, Mn, Fe, Sr] were 306 

suitable for use in the multivariate predictive models with continuous data across all samples 307 

scanned. Within-region variability of TC and TN exhibited substantial variation. For instance, in 308 

Italy sample TC ranged from 28.06% to 45.94%. Showing similar variation, Lubbock samples 309 

showed TC ranging from 25.93% to 41.20%. Comparatively higher variability was observed for 310 

Houston samples (11.42-48.54%), while maximum TC variability was observed in samples from311 

New Mexico region (0.06-51.30%). Lubbock samples showed TN ranging from 1.13-1.60%. 312 

Comparatively higher variability was observed for Italy (0.80-1.87%) and Houston samples (0.30-313 

1.47%). Following a similar trend of TC, maximum variability in TN was observed from New 314 
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Mexico soils (0.04-1.87%). Overall, variability in estimated TC and TN was due largely to the 315 

variability in the parent material, climate, C source, land use, and vegetation cover. However, the 316 

extent of variability appeared related with the range of the mean annual soil temperature of the 317 

considered sampling area, the highest in the New Mexico soils (2-13°C), the lowest in the Italy soils 318 

(10-12°C), intermediate in the other two subsets (16-20°C in the Houston soils, and 13-17°C in the 319 

Lubbock soils).320 

Levene's test yielded equality of variance of TC and TN values among the training and test sets 321 

(p=0.65 and 0.55 for TC and TN, respectively). Moreover, t-test could not establish a significant 322 

difference between mean TC (p=0.53) and TN (p=0.51) for these two data sets. These results 323 

indicated that the validation samples based on the Kennard-Stone method can properly represent the 324 

studied population. The first two leading PCs constituted over 95% of the spectral variation (Fig. 325 

2a). Although some overlapping among samples from four regions were discernible from the PC1 326 

vs. PC2 plot, these regions had different range, shape, and distributions in the spectral space,327 

indicating variable SOM composition from different organic input sources (Fig. 2b). Moreover, the 328 

PCA plot indicating samples from three different organic horizons (OH, OLn and OLv) (Fig. 2c) 329 

indicated that OH horizon samples were quite different from the samples from OLn and OLv330 

horizons. The OH horizon samples tended to have larger values on the PC1 scores. Contrarywise,331 

the samples from the OLn and OLv horizons were relatively close. Notably, the samples from the 332 

OLv horizon tended to have relatively larger PC2 values while there was an obvious outlying 333 

sample with the largest PC1 value and smallest PC2 value.334 

3.2. Validation results and model parsimony 335 

In fused models, both TC and TN were estimated with good RPIQ values, better than using an 336 

individual instrument or GRA (Table 3), which has been noted before elsewhere (Wang et al., 2015).337 

Fused (PLS+RF) and (PSR+RF) models yielded the highest RPDs for TC (2.84) and TN (2.62), 338 

respectively. While RPD values for both tested soil properties dropped in (ENET+RF) fused models,339 
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they still explained nearly 80% of the TC and TN variability. Overall, all three fused models of TC 340 

showed similar accuracies (Table 3), as reported for soil organic C in the review of Soriano-Disla et 341 

al. (2014) where the median R2 of validations was calculated as 0.83 (33 studies).342 

Wavelength selection not only enhances the stability of the model but also makes the model 343 

more parsimonious. Although (PSR+RF) yielded the lowest RMSE for TN (0.160%), both PSR and 344 

RF are not parsimonious models since they do not select the subset of important variables.345 

Although for RF it is possible to select different mtry values, which is the size of the candidate 346 

subset for each splitting, models with different mtry values still select all the variables. Despite 347 

348 

important wavelengths. Figure 3 illustrates parsimony features of ENET for TC (Fig. 3a) and TN349 

(Fig. 3b) where cross-validation error, test error (mean squared error or MSE), and the degrees of 350 

freedom (DF) (the number of selected wavelengths in the ENET model) were plotted against log of 351 

the parameter to tune the ENET parsimony. Note that the larger the , the more 352 

parsimonious the model. -353 

validation error. The bottom plot shows the ENET coefficient plot against the VisNIR wavelengths.354 

For both soil properties, most of the coefficients were zero, indicating that they were not selected 355 

into the model. Additionally, based on the DF plots, it was evident that the optimal TC and TN 356 

models selected only ~300-350 out of 2151 wavelengths. Conversely, using a fused (PLS+RF) 357 

model on the reduced feature sets (14 and 13 latent factors for TC and TN, respectively) returned 358 

the best result for TC and slightly higher RMSE for TN (0.191%) than (PSR+RF) (0.160%) (Table 359 

3). Based on these observations, we conclude that while considering both model precision and 360 

parsimony, (PLS+RF) emerged as the best model for both TC and TN.361 

For both TC and TN, while utilizing VisNIR-DRS or PXRF alone, RF and PLS models yielded 362 

the largest validation RMSE values, respectively, and were therefore the least precise (Table 3). In363 

general, PXRF measurements were poorly correlated to both TC and TN, suggesting its limitation 364 
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to make full geochemical assessment alone due to its inability to handle low concentrations and 365 

light elements (Z 11) (Weindorf et al., 2008). Among nine elements used in predictive models, 366 

only Al (1.48%), Ca (2.53%) and Si (4.83%) were present in high concentrations, while the other 367 

six elements were present at low levels (<1%). Thus, it seemed prudent to calibrate using PXRF 368 

spectra instead of elements if high accuracy is desired. While GRA substantially worsen the 369 

validation results for TC, (PSR+RF) model averaging for TN yielded close RMSE (0.197%) to 370 

those produced by fused models. The reasonably good performance of PSR in all three approaches 371 

(VisNIR only, fused, and GRA) can be attributed to the fact that 372 

of dimensions and small sample size) PSR uses all samples and smooths constraints on the 373 

coefficient. Therefore, PSR often works well on signal regression problems which are usually 374 

strongly dimensional and have a relatively small sample size. 375 

As coefficients of determinations of TN were rather similar to those of TC using VisNIR-DRS 376 

in isolation, we conclude that VisNIR-DRS sensed a grouping of soil components comprising377 

organic functional groups that contain organic N fractions (Wang et al., 2015) (Table 3). Moreover,378 

both TC and TN are spectrally active components or chromophores, which absorb incident energy 379 

at discrete energy levels and show broad and weak absorption features in the VisNIR region (Ben-380 

Dor, 2011) Although intense VisNIR-DRS spectral bands cannot be directly ascribed to metals or 381 

other components, Song et al. (2012) revealed that metals can interact with chromophores such as 382 

soil C. -0.48); likely since S is very light with an 383 

atomic mass of 16 and was present in low concentrations (max=0.43%).384 

Plots of observed vs. model predicted (VisNIR-DRS only and fused) TC and TN values are 385 

presented in Figs. 4 and 5, respectively. In general, all models showed overestimation at lower TC 386 

or TN values and underestimation at higher values. Several of these overestimations occurred387 

because of the relative scarcity of observations with low values, which was expected since the 388 

samples came dominantly from organic horizons. Another possible explanation for TC and TN 389 
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prediction errors is undecomposed organic matter and variable C sources, as noted before elsewhere 390 

(Henderson et al., 1992). Indeed, the VisNIR-DRS spectra for SOM have not been fully defined yet,391 

because of the complexity or unclear definitions of these materials (Brown et al., 2006). Probably 392 

the TC and TN predictability could have been enhanced by using soil management or vegetation 393 

specific models (Morgan et al., 2009); nonetheless, exploring this notion was beyond the scope of 394 

this study.395 

3.3. Model fusion vs. model averaging 396 

It was apparent that GRA model averaging by combining the VisNIR-DRS and PXRF 397 

predictions for consolidated use could not produce better accuracy than model fusion. In practice,398 

model averaging should contain the models that complement each other. In fused models, 399 

RF was fitted based on the PLS/PSR/ENET residuals. The sequential fitting in PLS/PSR/ENET + 400 

RF allowed the RF model to complement the former. Conversely, combining PLS/PSR/ENET and 401 

RF in parallel fashion through GRA (namely, separately on VisNIR-DRS and PXRF) produced 402 

incompatibility. Succinctly, they perhaps made the same mistake on the same sample. To justify 403 

this postulation and clearly visualize the prediction improvement by using the fused models, Fig. 6404 

represents a scatterplot matrix produced in R using the spm function in the car library, taking the405 

PLS+RF model as an example. The diagonal elements are the density plots for the four competitors 406 

[observed TC values (OBS), RF in (PLS+RF) fused model (RF1), and RF in GRA (RF2)]. For 407 

example, the upper left one is the density plot of TC while the tickmarks at the bottom axis show 408 

the observed values in the data. The off-diagonal elements are the pairwise scatter plots of four 409 

competitors, together with the best linear and nonlinear smoothers. For example, Fig. 6e shows the 410 

scatter plot of observed TC (on the vertical axis) and predicted TC values from PLS model (on the 411 

horizontal axis) using spectral data. The green and red solid lines are the fitted linear regression line 412 

and the loess smoother (a popular nonlinear smoother using local linear regression) fit, respectively. 413 

The red dash lines represent one standard error above and below the estimated function. It can be 414 
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observed that PLS tended to underestimate the samples with TC values between 30 to 45% and 415 

overestimate the samples with TC values < 20% through the bending shape of the red loess 416 

smoother (Fig. 6e)417 

underestimated area (30-45% TC) and lowering the overestimated region (<20% TC) (Fig. 6i), this 418 

was not totally unexpected owing to the non-linear and contingent relationships among VisNIR-419 

DRS reflectance and soil constituents (Brown et al., 2006). However,420 

as PLS by underestimating and overestimating in the same regions (Fig. 6d). These trends clearly 421 

explained why sequentially fitting (PLS+RF) in fused model improves prediction accuracy relative 422 

to parallel fitting of PLS and RF through GRA. Note that, the same argument is applicable to423 

(PSR+RF) or (ENET+RF) in predicting TC and TN. Model averaging even could not outperform 424 

VisNIR-DRS only model performance (Table 3). Thus, the postulations of Abbott (2014), who 425 

reported that model averaging nearly always improves model predictive accuracy and rarely 426 

predicts worse than single models, may not be generalized. 427 

3.4. Relative improvement of soil property predictions after model fusion 428 

Table 4 demonstrates that fused models had relative improvements on the prediction accuracy 429 

of TC and TN from GRA or VisNIR-DRS and PXRF used in isolation. Notably, RMSE 430 

improvements of 10-47% for TC and 10-67% for TN were achieved by the PLS+RF and PSR+RF 431 

model, respectively, demonstrating the potential of the synergistic use of VisNIR-DRS and PXRF 432 

for the estimation of soil attributes. On average, the PLS+RF model for TC and the PSR+RF model 433 

for TN produced almost a one fourth reduction in RMSE from using VisNIR-DRS in isolation. 434 

While the PLS+RF fused model increased RPIQ values ranging between 11 to 97% for TC, the435 

PSR+RF model for TN yielded three times higher RPIQ than using PXRF in isolation. Also, the 436 

PSR+RF approach for TC produced substantively better results (R2 0.87; RMSE 3.01%; RPD 2.75) 437 

than those obtained by McWhirt et al. (2012) (R2 0.82; RMSE 10.1%; RPD 1.72) who used 438 

VisNIR-DRS in isolation when evaluating the organic fraction of composted products. 439 
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3.5 Whole geographical area and organic horizon holdout validations 440 

Holding out a whole geographical area or organic horizon reduced prediction accuracies in all 441 

cases where the soils of the geographical area or horizon held out were not represented by another 442 

area or horizon, creating extrapolation (Tables 5 and 6). Validation with an individual geographical 443 

area or horizon exhibited increases in RMSEs and a reduction in RPDs relative to the best 444 

performing models (PLS+RF and PSR+RF for TC and TN, respectively) using all 136 samples. As 445 

expected, when principal component analysis was implemented on the VisNIR spectrum only, it 446 

clearly demonstrated different spectral behaviors of the four geographical areas (Fig. 2b). Further, 447 

while executing Principal Component Regression (PCR, data not shown) to calculate the actual 448 

number of PCs required to represent VisNIR spectral variability, results indicated the need for at 449 

least 12 PCs in PCR based on full cross validation. In other words, although some overlap among 450 

the four areas was apparent in the PC1 vs. PC2 plot, that only reflected the first two PCs. 451 

Summarily, it can be concluded that since the four geographical areas had different VisNIR spectra, 452 

using all samples in a single prediction model is preferred over the area-holdout scheme since the 453 

latter involves extrapolation in predicting samples from different areas.454 

Moreover, based on the whole organic horizon-holdout results, all models predicted poorly on 455 

holding out OH and OLn samples. For OH, the main reason of poor model performance was that 456 

OH samples were quite different from OLn and OLv samples because of variable rates of 457 

decomposition.  Hence the fitted models using OLn and OLv samples could not predict OH samples 458 

well. Conversely, since the OLn horizon represented most of the samples (i.e 64 out of 136 459 

samples), the sample size for fitting the model using the OLv and OH was the smallest. In addition, 460 

the OH samples in the training data made the fitted model poor in predicting OLn samples in the 461 

validation set. 462 

3.6 Some practical concerns 463 
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The fused PSR+RF model had some limitations too. Initially, PSR was applied on VisNIR-DRS 464 

spectra with the assumption that the underlying PSR coefficient curve is smooth. Secondly, RF was 465 

used to fit the residuals of the PSR model on the PXRF elemental data assuming that both VisNIR-466 

DRS and PXRF data contain some information on the response variable. In particular, PXRF 467 

contains some extra information about TC and TN that were not explained (or covered) by the 468 

VisNIR-DRS spectra. We have examined the feasibility of the approach in this research and have469 

provided a preliminary contribution to the issue of validation, however, further intensive research is 470 

recommended to confirm our results. Nonetheless, the combined use of PXRF and VisNIR data 471 

show strong potential for the accurate assessment of soil organic horizons. The spectral and 472 

elemental data produced by proximal sensor analysis has previously been shown to be useful in the 473 

prediction of a wide number of physicochemical properties in mineral soils. With regard to TC and 474 

TN content of organic soil horizons, similar impressive predictability from proximal sensor data 475 

was observed. 476 

477 

4. Conclusions 478 

Summarily, this preliminary study of 136 organic laden soil samples from non-saturated uplands 479 

of Italy and the United States were evaluated by standard laboratory analysis as well as proximal 480 

sensor (PXRF + VisNIR DRS) scans. Our results show that: 481 

(i) Combining model outcomes using model fusion improved TC and TN prediction accuracies 482 

relative to using an individual instrument (PXRF or VisNIR DRS) or model averaging. Overall, the 483 

relative improvement in % RMSE ranged from 10-47% and 10-67% for TC and TN, respectively.484 

(ii) Considering both model precision and parsimony, PLS+RF emerged as the best model for 485 

predicting both TC and TN in organic laden soil samples. Conversely, while using all spectral 486 

variables, PSR+RF yielded the best model results (lowest RMSE and highest RPIQ) for TN.487 
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(iii) Specifically, GRA model averaging by combining the VisNIR-DRS and PXRF predictions 488 

could not produce better accuracy than model fusion or individual instrument use, possibly due to 489 

model incompatibility while fitting them in parallel fashion. 490 

(iv) The poor predictability with unreliable RPIQs while using PXRF in isolation underlines the 491 

need for using PXRF spectra instead of elemental data. 492 
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FIGURE CAPTIONS 647 

Fig. 1. Schematic diagram of fused PSR + RF, PLS+RF and ENET + RF prediction models used in 648 

the study.649 

Fig. 2. Plots showing a) pal components (PCs), b) pairwise PC plots 650 

of the first two components using VisNIR DRS first derivative spectra indicating four different 651 

geographical areas and c) pairwise PC plots of the first two components using VisNIR DRS first 652 

derivative spectra indicating three different organic horizons. Lines represent convex hulls and 653 

colored dots represent centroids of datasets from four different geographic areas. ITA, LBB, HOU 654 

and NMX represent samples from Italy, Lubbock, Houston and New Mexico regions, respectively. 655 

Fig. 3. cross-656 

validation error, test error, the number of selected wavelengths and the parameter to tune the 657 

parsimony of the model, respectively.658 

Fig. 4. Plots of observed vs. model predicted (VisNIR DRS only and fused) TC values using the 659 

validation set (with dotted 1:1 line). 660 

Fig. 5. Plots of observed vs. model predicted (VisNIR DRS only and fused) TN values using the 661 

validation set (with dotted 1:1 line). 662 

Fig.6. Diagnostic scatter plot matrix showing density plots for four competitors: observed TC 663 

values (OBS), RF in (PLS+RF) fused model (RF1) and RF in GRA (RF2). Black circles represent 664 

validation samples. The green and red solid lines are the fitted linear regression line and the loess 665 

smoother fit, respectively. The red dash lines represent one standard error above and below the 666 

estimated function. For diagonal plots, the vertical axis shows the density function for its 667 

corresponding values. For example, Fig. 6a is the density plot of TC while the tickmarks at the 668 

bottom axis show the observed values in the data. In the off-diagonal plots, their axes are all in the669 

% unit. For example, Fig. 6e shows the scatter plot of observed TC % (on the vertical axis) and 670 

predicted TC % values from PLS model (on the horizontal axis) using spectral data.671 



 
 

 

1 

NON-SATURATED SOIL ORGANIC HORIZON CHARACTERIZATION VIA1 

ADVANCED PROXIMAL SENSORS 2 

Valeria Cardellia*, David C. Weindorfb*, Somsubhra Chakrabortyc, Bin Lid, Mauro De Feudise,3 

Stefania Coccoa, Alberto Agnellic, Ashok Choudhuryc, Deb Prasad Rayf, Giuseppe Cortia4 

5 

aDepartment of Agricultural, Food and Environmental Sciences, Università Politecnica delle 6 

Marche, Ancona, AN, Italy7 

bDepartment of Plant and Soil Sciences, Texas Tech University, Lubbock, TX, USA 8 

cUttar Banga Krishi Viswavidyalaya, Cooch Behar, India 9 

dDepartment of Experimental Statistics, Louisiana State University, Baton Rouge, LA, USA 10 

eDepartment of Agricultural, Food and Environmental Sciences, Università degli Studi di Perugia, 11 

Perugia, PG, Italy12 

fNational Institute of Research on Jute and Allied Fibre Technology, Kolkata, India 13 

14 

15 

*Corresponding author:16 

David C. Weindorf, Ph.D. 17 

Department of Plant and Soil Science 18 

Box 42122  19 

Lubbock, TX 79409, USA20 

E-mail: david.weindorf@ttu.edu 21 

22 



 
 

 

2 

Abstract 23 

The organic fraction of soils is critically important to soil health and optimal ecosystem functioning. 24 

Traditional analysis of soil organic horizons (O horizons) has been dependent upon laboratory-25 

based instrumentation. Simultaneously, the use of proximal sensors such as portable X-ray 26 

fluorescence (PXRF) spectrometry along with visible near infrared diffuse reflectance spectroscopy 27 

(VisNIR DRS) have gained popularity for providing rapidly acquired spectral and elemental data 28 

useful for soil physicochemical property quantification. However, PXRF and VisNIR DRS have 29 

mostly been applied to the assessment of mineral soils. This preliminary study evaluated 136 30 

organic laden soil samples (most aptly described as upland, non-saturated O horizons) using both 31 

laboratory based instrumentation (CN analyzer) and proximal sensors to evaluate total carbon (TC) 32 

and total nitrogen (TN). Results revealed that combining model outcomes using model fusion 33 

improved TC and TN prediction accuracies relative to using an individual instrument (PXRF or 34 

VisNIR DRS) or model averaging with improvements in root mean square error (RMSE) on the 35 

order of 10-47% and 10-67% for TC and TN, respectively. Partial least squares + random forest 36 

(PLS+RF) approaches emerged as the best model for both predicting both TC and TN in organic 37 

laden soil samples. These results suggest that the strong predictive applications of proximal sensors 38 

extensively documented on mineral soils, may show similar promise for determination of a wide 39 

number of physicochemical properties on organic soil matrices, yet further exploration with a larger 40 

and more diverse dataset is recommended.41 

Key words: Spectroscopy; O horizons; proximal sensors 42 

43 

Abbreviations: SOM, soil organic matter; TC, total carbon; TN, total nitrogen; VisNIR-DRS, 44 

visible near infrared diffuse reflectance spectroscopy; PXRF, portable X-ray fluorescence45 

46 
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47 

1. Introduction 48 

Organic matter decomposition is a fundamental process for sustaining life on Earth (Gosz et al., 49 

1976). The term soil organic matter (SOM) refers to all organic material in soil, from freshly 50 

deposited detritus or litter to highly decomposed, stable forms such as humic and fulvic acid51 

(Stevenson, 1994). Organic matter cycling helps to maintain ecosystem functionality as several 52 

ecological functions are correlated to the decay processes of the organic layers of forest soils.53 

Indeed, decomposition and mineralization processes of organic residues affect nutrients cycling and54 

induce the release of elements that represent the principal resources for plants and microbes (Berger 55 

et al., 2002; Berg and McClaugherty, 2008), such as macro- and micro-nutrients, and essential 56 

molecules for energy metabolism, photosynthesis, and membrane transport (Huttl and Schaaf, 1997).57 

One of the main factors controlling the organic matter decomposition processes is the quality of the 58 

litter produced by plants (Ge et al., 2013). The specific chemical proprieties of the plant litter and its 59 

decay products, in turn, influence the underlying mineral soil (Wardle et al., 2004; Ball et al., 2014).60 

Six et al. (2004) noted that the decomposition of SOM has an impact on several important soil61 

properties as it improves soil aggregation (Bronick and Lal, 2005), enhances the activity of the soil 62 

microbial community (Ball et al., 2014; Carrillo et al., 2012; García-Palacios et al., 2013), and 63 

affects mineral weathering (Qafoku, 2015) and soil fertility (Kaiser et al., 2008). Thus, the64 

knowledge of the characteristics and composition of SOM, and in particular of the organic layers,65 

may help to ascertain certain soil ecosystem functions.66 

Current methods of SOM characterization are well established (Nelson and Sommers, 1996), 67 

but are largely laboratory based. Recently, several studies have investigated rapid, inexpensive, and 68 

non-destructive methods, such as visible near infrared diffuse reflectance spectroscopy (VisNIR-69 

DRS) and portable x-ray fluorescence spectrometry (PXRF) for soil analysis (Horta et al., 2015; 70 

Weindorf et al., 2014). These proximal sensing methods have become increasingly accurate and 71 
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widely accepted offering data in situ in seconds given virtually no pre-processing requirements 72 

(Viscarra Rossel et al., 2006a; 2006b), with substantive advantages over traditional laboratory-73 

based techniques. VisNIR-DRS is a spectrometric method which uses wavelengths across visible 74 

and near infrared regions (350-2500 nm) to explore the interaction between incident radiation and 75 

reflectance off of the soil surface; absorption is facilitated by C-H, N-H, or O-H bonds within the 76 

matrix (Chang et al., 2005). Due to this characteristic, it is highly applicable to C and N 77 

determination in soils. However, VisNIR-DRS spectra are generally weak, non-specific, and 78 

somewhat broad in their extent because of overlapping spectral signatures arising from variable soil 79 

components (Stenberg et al., 2010). As such, the instrument alone does not provide sufficient 80 

accuracy for complete soil characterization (Morgan et al., 2009). In fact, others have suggested the 81 

application of VisNIR-DRS in tandem with other sensing technologies (Brown et al., 2006; Fajardo 82 

et al., 2015). A complementary technique, PXRF, provides a multi-elemental analysis with a large83 

range of quantification from low mg kg-1 to 100% for many elements (Hettipathirana, 2004).84 

However, elements with stable electron configuration and low fluorescent energy (e.g., Na, N, H, Li,85 

C) are not detectable (Wang et al., 2015). Nonetheless, several recent studies (e.g., Aldabaa et al., 86 

2015; Chakraborty et al., 2015; Wang et al., 2015) have shown compelling predictive accuracy by 87 

combining the spectral signature of VisNIR-DRS with elemental data from PXRF, the latter used as 88 

auxiliary input data into the original advanced regression model. Individual or combined use of 89 

these two instruments allows for characterization of multiple soil parameters to include SOM90 

(Stenberg et al., 2010), total carbon, total nitrogen (Wang et al., 2015), total phosphorus (Hu, 2013),91 

cation exchange capacity (Sharma et al., 2015), pH (Sharma et al., 2014), salinity, (Swanhart et al., 92 

2014), texture (Zhu et al., 2011), and contaminants (Chakraborty et al., 2015; Horta et al., 2015;93 

Paulette et al., 2015). While the aforementioned studies offer wide-ranging application, most were 94 

conducted on mineral soils with limited organic content. Comparatively less information is 95 

available on the use of combined proximal sensors for soil organic layer (O horizon)96 
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characterization. Wang et al. (2015) evaluated total carbon and nitrogen via combined PXRF and 97 

VisNIR-DRS approaches, but did so on mineral soils, lacking any analysis of true organic horizons. 98 

Similarly, Chang at al. (2002) have shown the efficacy of VisNIR-DRS to characterize soil carbon, 99 

but again, the soils evaluated were largely mineral soils. McWhirt et al. (2012) used a single sensor 100 

approach (VisNIR-DRS) to characterize the organic matter content of compost products. Whilst 101 

organic, composted products differ substantively in their physicochemical composition from that of 102 

organic soils. By contrast, the present study explicitly aims to evaluate the combined use of both 103 

proximal sensors (PXRF and VisNIR-DRS) in characterization of organic soil horizons in variable 104 

states of decay. As such, the objectives of this study were to: 1) quantify total carbon and nitrogen105 

in natural organic soils by VisNIR-DRS and PXRF individualistically and, 2) explore if there is a 106 

benefit in predictive accuracy from concatenating VisNIR-DRS spectra and PXRF elements. We107 

hypothesize that total carbon and nitrogen of largely organic horizons can be directly predicted from 108 

the reported PXRF elements and VisNIR-DRS spectra. We further hypothesize that either a fused 109 

model or model averaging approach will produce better predictability than either the VisNIR-DRS 110 

or PXRF approach independently.111 

112 

2. Materials and Methods 113 

2.1. General occurrences and features114 

In sum, 136 organic laden samples from non-saturated, uplands were collected in Italy and 115 

United States of America (Texas and New Mexico) during 2014 and 2015; a few mineral laden soils 116 

were also included as part of this dataset as a link to previously established work on mineral soils.117 

The sites differed substantively in their geological composition, soil development, climate, and118 

vegetation.119 

In Italy, a total of 39 organic horizons were collected from forest soils across three different 120 

sites on the Apennines chain (central Italy): Mount Acuto, Mount San Vicino, and Mount 121 
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Terminillo. The soils developed from limestone of different geological origin: Mount Acuto is 122 

characterized by limestone (Lower Cretaceous - Aptiano), Mount San Vicino is grey limestone with 123 

traces of flintstone and marl from the Jurassic (Lias) Pliensbachian Sinemurian and Mount 124 

Terminillo is grey limestone with trace amounts of flintstone (Jurassic Toarcian-Sinemurian)125 

(ISPRA, 2015). The soils of these areas are classified as Mollisols or Inceptisols (Soil Survey Staff, 126 

2014), characterized by a mesic soil temperature regime (10°C to 12°C) along with an udic soil 127 

moisture regime (from 825 mm to 1430 mm precipitation). In the three areas the cover vegetation 128 

was mainly composed of Fagus sylvatica from 80 to 99%, with Carpinus betulus at Mount Acuto,129 

Quercus cerris, Castanea sativa, and Sorbus aria at Mount San Vicino, Laburnum anagyroides and130 

Acer spp. at Mount Terminillo.131 

In Texas, 16 alluvial organic samples were collected in backwater areas along the North Fork of 132 

the Brazos River in Lubbock County in major land resource area (MLRA) 77C - Southern High 133 

Plains - Southern Part (Soil Survey Staff, 2006). Soils of this MLRA are generally developed by 134 

eolian deposits in the Blackwater Draw Formation of Pleistocene age, classified as Alfisols, 135 

Inceptisols, Mollisols, and Vertisols, and have a thermic soil temperature regime (13°C to 17°C)136 

and an ustic soil moisture regime (from 405 to 560 mm precipitation). Mostly short and mid prairie 137 

grasses and scanty tree and shrubs (e.g., Bouteloua gracilis, Bouteloua dactyloides, Bouteloua 138 

curtipendula) are prevalent. Separately, 27 various organic horizons were sampled in forested areas 139 

of the George Bush Intercontinental Airport, WG Jones State Forest, San Jacinto River, and Sam 140 

Houston National Forest; all generally in the vicinity of Houston, Texas. The WG Jones State 141 

Forest, San Jacinto River, and Sam Houston National Forest occur in MLRA 133B - Western 142 

Coastal Plain (Soil Survey Staff, 2006), where soils developed from Tertiary and Cretaceous marine 143 

sediments consisting of inter bedded sandstone, siltstone, shale and loose primary particles. In 144 

particular, the Reklaw and Weches Formations in the Claiborne Group form the Redland area of 145 

East Texas. The main soil orders in this MLRA are Alfisols and Ultisols with a thermic soil 146 
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temperature regime (16°C to 20°C), an udic or aquic soil moisture regime (990 to 1,600 mm147 

precipitation). Vegetation of the area is typified by pine-hardwood species such as Pinus taeda,148 

Pinus echinata, Liquidambar styraciflua, Quercus falcate, and Cornus florida; Callicapra149 

americana, and Smilax spp. are common in the woody understory. Schizachyrium scoparium and 150 

Bothriochloa barbinodis are the dominant herbaceous species. Of the 27 samples collected in this 151 

area, four were collected in densely wooded pine forests adjacent to George Bush Intercontinental 152 

Airport, which is a few kilometers beyond the aforementioned MLRA boundary, but quite similar in 153 

the organic horizons sampled.154 

In New Mexico, 54 samples were collected near the periphery of the Lincoln National Forest of 155 

Lincoln County; the horizons sampled were dominantly organic, but a few transitioned into organic 156 

laden mineral soils. The area is in MLRA 39-Arizona and New Mexico Mountains (Soil Survey 157 

Staff, 2006). The area is characterized by Cenozoic volcanic rock and various sedimentary sections158 

of the Colorado Plateau. The southern and eastern parts contain Permian and Cretaceous 159 

sedimentary rock over a Precambrian granite core. Main soil orders of this MLRA are Inceptisols, 160 

Mollisols, Alfisols, and Entisols, with mainly frigid or mesic soil temperature regimes (2°C to 13°C)161 

and an ustic/udic moisture regime (358 mm to 760 mm precipitation). Pinus ponderosa occurs is the 162 

dominant vegetation in the low and intermediate heights, while at higher altitudes, Picea abies and 163 

Pseudotsuga menziesii are commonplace.164 

2.2. Field Sampling 165 

For maintaining an extensive variation in terms of physicochemical characteristics, composition 166 

and origin, samples were randomly collected within morphologically established, organic laden 167 

horizons. Almost all samples were classified as O horizons according to Référentiel pédologique168 

(2008). The different stages of degradation were classified as: i) OL, consisting of leaf debris with 169 

little or no degradation (<10% of fine organic matter) whereby the botanic origin was easily 170 

recognized; sub-horizons were recognized as OLn, fresh litter with minimal degradation, and OLv, 171 
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where the plant material were subject to initial degradation such as changes in color, volume, and 172 

inter-particle linkages; and ii) OH, with >70% of fine organic (humic) material following extensive 173 

decomposition (Table 1). The latter is homogenous, massive, and reddish-brown to black in color 174 

with an abundance of fine roots. These three states of decomposition are roughly akin to fibric, 175 

hemic, and sapric materials as defined by the Soil Survey Staff (2014), respectively.176 

2.3. Laboratory characterization and VisNIR scanning 177 

Soil samples were air dried and ground to < 1-mm prior to chemical analyses and spectral 178 

scanning. Total C (TC) and total N (TN) were determined by a TruSpec® dry combustion analyzer179 

(LECO Corp., MI, USA) according to Dumas method combustion (Nelson and Sommers, 1996).180 

Spectral reflectance values of air dried and ground soil samples were measured proximally over 181 

the VisNIR region (350-2500 nm) by a portable PSR-3500® VisNIR spectroradiometer (Spectral 182 

Evolution, USA). The reflectance data were resampled to 1 nm output values. Scanning was done 183 

with a contact probe containing a 5W halogen lamp, minimizing errors associated with stray light 184 

during measurements. Each sample was uniformly tiled in a glass petri plate and scanned four times, 185 

physically repositioning the probe prior to each scan. The mean of 10 internal scan over 1.5 seconds 186 

produced one individual scan. The spectroradiometer was standardized after every two samples 187 

using a NIST certified white reference. The average spectral curve was calculated and further used 188 

for spectral preprocessing and subsequent predictive modeling.189 

Necessary treatments of raw average reflectance spectra were done in R version 2.11.0 (R 190 

Development Core Team, 2014) following the spline fitting methods outlined in Wang et al. (2015).191 

The spectral preprocessing involved converting reflectance to absorbance by log(1/R) which was 192 

executed in the Unscrambler®X 10.3 software (CAMO Software Inc., Woodbridge, NJ). 193 

2.4. Scanning with PXRF  194 
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A DP-6000 Delta Premium portable X-ray fluorescence (PXRF) spectrometer (Olympus, 195 

Waltham, MA, USA) facilitated sample scanning. Configured with a Rh x-ray tube, the instrument 196 

was operated at 15 40 kV; an integrated ultra-high resolution (165 eV) silicon drift detector197 

quantified each element detected. Before scanning, a 316 alloy clip was used to standardize the 198 

instrument. Primary analysis was conducted in Soil Mode (three beams of 30 s each); it can detect 199 

the following: Ag, As, Ba, Ca, Cd, Cl, Co, Cr, Cu, Fe, Hg, K, Mn, Mo, Ni, P, Pb, Rb, S, Sb, Se, Sn, 200 

Sr, Ti, V, Zn, and Zr. A second scanning was performed with Geochem Mode (two beams of 30 s201 

each) in order to measure Mg, S, Al, and Si. Geochem and Soil Mode scans were done in duplicate, 202 

with the spectrometer physically repositioned between each scan. Sample homogeneity was ensured 203 

during the grinding step. Data were then averaged between scans to obtain a mean of elemental data 204 

for each sample. Data quality was ensured via the scanning of two NIST certified reference samples, 205 

with recovery percentage calculated as PXRF reported vs. NIST certified values. Results were as 206 

follows (PXRF reported/NIST certified [recovery]): Zn 4,263/4,180 mg kg-1 [1.02]; Cu 3,559/3,420 207 

mg kg-1 [1.04]; K 27,081/21,700 [1.25]; Ca 9,119/9,640 mg kg-1 [0.95]; Ti 3,540/3,110 mg kg-1208 

[1.14]; Mn 2,237/2,140 [1.05]; Fe 50,574/43,200 mg kg-1 [1.17]; As 1,639/1,540 mg kg-1 [1.06]; Sr 209 

269/255 [1.05]; Pb 5608/5520 [1.02].210 

2.5. Data mining 211 

We performed all statistical modeling via R version 2.11.0 (R Development Core Team, 2014) 212 

software. We also checked the normality of residuals by the Shapiro-Wilk test at a 5% significance 213 

level. In the present study, both original TC and TN values were negatively skewed (Pearson 214 

skewness coefficient -1.78 and -0.37 for TC and TN, respectively), while Box Cox conversion215 

(Box and Cox, 1964) 10 transformed) was unable to conform normal distribution.216 

Principal component analysis (PCA) was executed217 

to visualize spectral behavior of soil samples from different geographical areas and organic 218 

horizons. Optimal number of principal components (PC) was decided from a screeplot.219 
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In this study, the whole dataset was split into 70% calibration (n=96) and 30% validation set 220 

(n=40) using the Kennard-Stone algorithm (Kennard and Stone, 1969), which is an adaptive 221 

procedure to select the most representative samples based on Euclidean distance. Calibration 222 

samples were used to establish a prediction model, whereas validation samples were used to assess 223 

the model's predictive ability (Chen et al., 2015). Initially, we targeted both TC and TN with 224 

VisNIR-DRS spectra only via partial least squares regression (PLS), elastic net regression (ENET), 225 

penalized spline regression (PSR), and random forest regression (RF) (Breiman, 2001; Guyon et al., 226 

2002; Viscarra Rossel et al., 2006b). Additionally, both TC and TN were predicted with PXRF 227 

elemental data via PLS, ENET, and RF models.228 

Regularized methods, which play an important role in both statistical and data mining problems, can 229 

be described as Eq. 1:230 

      (1) 231 

where is a non-negative loss function, is a non-negative penalty on the model 232 

complexity and is the non-negative tuning parameter. The key idea for regularized methods is to 233 

balance between the goodness-of-fit on the training data and the complexity of the model. Usually, 234 

a complicated model always shows a good fit to the calibration data. Nonetheless, this commonly 235 

leads to problems of overfitting, where the model is too adapted to the training data and often has a 236 

poor prediction performance on new samples. 237 

Elastic net, devised by Zou and Hastie (2005) is a regularized regression method that linearly 238 

combines the ridge penalty and the least absolute shrinkage and selection operator (LASSO) penalty 239 

(Eq. 2)240 

                (2)241 

where SSE is the sum of squared errors, is the LASSO penalty, and is the ridge penalty. 242 

In high dimensional data analysis where many predictors are correlated to each other, the LASSO 243 

penalty tends to pick a few of the predictors and discard the others (sparse model), while the ridge 244 
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penalty shrinks the coefficients of correlated predictors towards each other (dense model). The 245 

ENET penalty combines these two penalties so that when the predictors are correlated in groups, it 246 

will produce a sparse model with good prediction performance, while boosting a grouping effect. 247 

Another advantage of ENET is that it can handle the high dimension and low sample size problem. 248 

In this study, ENET was run duced by Friedman et al. (2015). 249 

Details of PSR and RF methodology are summarized in Wang et al. (2015).250 

2.6. Model Fusion and Model Averaging 251 

Model fusion and model averaging (model ensemble) were tested to determine if combination 252 

of the predictions for the VisNIR-DRS and PXRF models into a single composite score could 253 

improve predictive accuracy of TC and TN. Initially, three fused modeling approaches (PSR+RF),254 

(PLS+RF) and (ENET+RF) were employed where PSR/PLS/ENET were used to fit the training set 255 

(containing VisNIR-DRS spectra only). Next, we ran the RF using the PSR/PLS/ENET residual as 256 

the response and PXRF elements as the predictors (Chakraborty et al., 2015). Succinctly, the257 

prediction value on the validation set using (PSR+RF), (PLS+RF) and (ENET+RF) contains two 258 

additive parts: the prediction from PSR/PLS/ENET model using the VisNIR-DRS spectra plus the259 

prediction from RF model using the PXRF data. An outline of this fused procedure is shown in Fig. 260 

1.261 

For model averaging we used Granger-Ramanathan averaging (GRA) (Granger and 262 

Ramanathan, 1984) with some modifications. The GRA approach requires fitting a multivariate 263 

linear regression model where lab measured soil property values are regressed against the 264 

corresponding predictions derived from VisNIR-DRS and PXRF models. Initially, the 265 

PSR/PLS/ENET model was fitted on the calibration set (n=96) using the VisNIR-DRS spectra.266 

Subsequently, the RF model was fitted using only PXRF elements as predictors and TC or TN as 267 

the response. Note that this RF model was not the same as the RF model in fused approaches 268 
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(PSR+RF, PLS/RF, or ENET+RF) as the latter used residual as a response. Next, a bivariate linear 269 

regression was fitted with Eq. 3:270 

Y = a + b*X + c*Z     (3) 271 

where Y is either TC or TN on calibration set; X is the fitted value (on calibration set) from the 272 

PSR/PLS/ENET model; Z is the fitted value (on the calibration set) from the RF model; a is the 273 

intercept; b is the estimated model weight for the PSR model; and c is the estimated weight for the 274 

RF model. To predict the validation set (n=40), we first generated the prediction value, X*, from 275 

the PSR/PLS/ENET model, and prediction value, Z*, from the RF model. The GRA prediction is 276 

given as Eq. 4:277 

Y* = a + bX*+cZ*     (4) 278 

We followed the Kennard-Stone splitting scheme for both fused models and GRA.  279 

2.7. Whole geographical area and organic horizon holdout validation 280 

Further, whole geographical area and organic horizon holdout validations were executed for 281 

both TC and TN to determine how area to area and horizon to horizon heterogeneity affected 282 

prediction accuracies (Brown el al., 2005). Whole-geographical area holdouts were achieved by 283 

calibrating a model using the best performing algorithm with three geographical areas and then 284 

validated using the fourth area. Moreover, whole-organic horizon holdouts were achieved by 285 

calibrating a model using the best performing algorithm with two organic horizons and then 286 

validated using the third organic horizon. 287 

In this study, the root mean square error (RMSE), regression coefficient (R2), residual prediction 288 

deviation (RPD) (Eq. 5), bias, and ratio of performance to inter-quartile distance (RPIQ) (Eq. 6)289 

were used to evaluate model performance (Gauch et al., 2003 Bellon-Maurel et al., 2010). RPD 290 
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based model accuracy classification scheme devised by Chang et al. (2001) was followed for 291 

evaluating model accuracy. 292 

  (5) 293 

                               (6) 294 

where, Yobs and Ypred are the observed and predicted response variables, respectively, Ymean is 295 

the average of the Yobs values, and n denotes the sample number in the validation data set. RPIQ 296 

was defined as IQ/SEP, where SEP represents the standard error of prediction, and IQ denotes the 297 

interquartile distance of the validation set (IQ=Q3 Q1). In this study, optimal model performance 298 

featured low RMSE values along with high RPD, R2, and RPIQ.299 

3. Results and Discussion 300 

3.1. Soil properties and PCA 301

Statistical moments for TC and TN measured on the soil samples used in the regression models 302 

are listed in Table 2. Soil TC and TN showed negatively skewed distribution with mean 303 

concentrations of 39.05% and 1.10%, respectively for the whole dataset; 39.53% and 1.08%, 304 

respectively for the calibration set; and 37.90% and 1.14%, respectively for the validation set. Of 305 

the 13 elements obtained by the PXRF soil mode, only nine [Zn, S, K, Ca, Ti, Rb, Mn, Fe, Sr] were 306 

suitable for use in the multivariate predictive models with continuous data across all samples 307 

scanned. Within-region variability of TC and TN exhibited substantial variation. For instance, in 308 

Italy sample TC ranged from 28.06% to 45.94%. Showing similar variation, Lubbock samples 309 

showed TC ranging from 25.93% to 41.20%. Comparatively higher variability was observed for 310 

Houston samples (11.42-48.54%), while maximum TC variability was observed in samples from311 

New Mexico region (0.06-51.30%). Lubbock samples showed TN ranging from 1.13-1.60%. 312 

Comparatively higher variability was observed for Italy (0.80-1.87%) and Houston samples (0.30-313 

1.47%). Following a similar trend of TC, maximum variability in TN was observed from New 314 
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Mexico soils (0.04-1.87%). Overall, variability in estimated TC and TN was due largely to the 315 

variability in the parent material, climate, C source, land use, and vegetation cover. However, the 316 

extent of variability appeared related with the range of the mean annual soil temperature of the 317 

considered sampling area, the highest in the New Mexico soils (2-13°C), the lowest in the Italy soils 318 

(10-12°C), intermediate in the other two subsets (16-20°C in the Houston soils, and 13-17°C in the 319 

Lubbock soils).320 

Levene's test yielded equality of variance of TC and TN values among the training and test sets 321 

(p=0.65 and 0.55 for TC and TN, respectively). Moreover, t-test could not establish a significant 322 

difference between mean TC (p=0.53) and TN (p=0.51) for these two data sets. These results 323 

indicated that the validation samples based on the Kennard-Stone method can properly represent the 324 

studied population. The first two leading PCs constituted over 95% of the spectral variation (Fig. 325 

2a). Although some overlapping among samples from four regions were discernible from the PC1 326 

vs. PC2 plot, these regions had different range, shape, and distributions in the spectral space,327 

indicating variable SOM composition from different organic input sources (Fig. 2b). Moreover, the 328 

PCA plot indicating samples from three different organic horizons (OH, OLn and OLv) (Fig. 2c) 329 

indicated that OH horizon samples were quite different from the samples from OLn and OLv330 

horizons. The OH horizon samples tended to have larger values on the PC1 scores. Contrarywise,331 

the samples from the OLn and OLv horizons were relatively close. Notably, the samples from the 332 

OLv horizon tended to have relatively larger PC2 values while there was an obvious outlying 333 

sample with the largest PC1 value and smallest PC2 value.334 

3.2. Validation results and model parsimony 335 

In fused models, both TC and TN were estimated with good RPIQ values, better than using an 336 

individual instrument or GRA (Table 3), which has been noted before elsewhere (Wang et al., 2015).337 

Fused (PLS+RF) and (PSR+RF) models yielded the highest RPDs for TC (2.84) and TN (2.62), 338 

respectively. While RPD values for both tested soil properties dropped in (ENET+RF) fused models,339 
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they still explained nearly 80% of the TC and TN variability. Overall, all three fused models of TC 340 

showed similar accuracies (Table 3), as reported for soil organic C in the review of Soriano-Disla et 341 

al. (2014) where the median R2 of validations was calculated as 0.83 (33 studies).342 

Wavelength selection not only enhances the stability of the model but also makes the model 343 

more parsimonious. Although (PSR+RF) yielded the lowest RMSE for TN (0.160%), both PSR and 344 

RF are not parsimonious models since they do not select the subset of important variables.345 

Although for RF it is possible to select different mtry values, which is the size of the candidate 346 

subset for each splitting, models with different mtry values still select all the variables. Despite 347 

controlling the smoothness of the neighboring coefficients through , PSR is also unable to select 348 

important wavelengths. Figure 3 illustrates parsimony features of ENET for TC (Fig. 3a) and TN349 

(Fig. 3b) where cross-validation error, test error (mean squared error or MSE), and the degrees of 350 

freedom (DF) (the number of selected wavelengths in the ENET model) were plotted against log of 351 

which is the parameter to tune the ENET parsimony. Note that the larger the , the more 352 

parsimonious the model. The vertical dash line shows the optimal that minimizes the cross-353 

validation error. The bottom plot shows the ENET coefficient plot against the VisNIR wavelengths.354 

For both soil properties, most of the coefficients were zero, indicating that they were not selected 355 

into the model. Additionally, based on the DF plots, it was evident that the optimal TC and TN 356 

models selected only ~300-350 out of 2151 wavelengths. Conversely, using a fused (PLS+RF) 357 

model on the reduced feature sets (14 and 13 latent factors for TC and TN, respectively) returned 358 

the best result for TC and slightly higher RMSE for TN (0.191%) than (PSR+RF) (0.160%) (Table 359 

3). Based on these observations, we conclude that while considering both model precision and 360 

parsimony, (PLS+RF) emerged as the best model for both TC and TN.361 

For both TC and TN, while utilizing VisNIR-DRS or PXRF alone, RF and PLS models yielded 362 

the largest validation RMSE values, respectively, and were therefore the least precise (Table 3). In363 

general, PXRF measurements were poorly correlated to both TC and TN, suggesting its limitation 364 
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to make full geochemical assessment alone due to its inability to handle low concentrations and 365 

light elements (Z 11) (Weindorf et al., 2008). Among nine elements used in predictive models, 366 

only Al (1.48%), Ca (2.53%) and Si (4.83%) were present in high concentrations, while the other 367 

six elements were present at low levels (<1%). Thus, it seemed prudent to calibrate using PXRF 368 

spectra instead of elements if high accuracy is desired. While GRA substantially worsen the 369 

validation results for TC, (PSR+RF) model averaging for TN yielded close RMSE (0.197%) to 370 

those produced by fused models. The reasonably good performance of PSR in all three approaches 371 

(VisNIR only, fused, and GRA) can be attributed to the fact that 372 

of dimensions and small sample size) PSR uses all samples and smooths constraints on the 373 

coefficient. Therefore, PSR often works well on signal regression problems which are usually 374 

strongly dimensional and have a relatively small sample size. 375 

As coefficients of determinations of TN were rather similar to those of TC using VisNIR-DRS 376 

in isolation, we conclude that VisNIR-DRS sensed a grouping of soil components comprising377 

organic functional groups that contain organic N fractions (Wang et al., 2015) (Table 3). Moreover,378 

both TC and TN are spectrally active components or chromophores, which absorb incident energy 379 

at discrete energy levels and show broad and weak absorption features in the VisNIR region (Ben-380 

Dor, 2011) Although intense VisNIR-DRS spectral bands cannot be directly ascribed to metals or 381 

other components, Song et al. (2012) revealed that metals can interact with chromophores such as 382 

soil C. However, S was negatively -0.48); likely since S is very light with an 383 

atomic mass of 16 and was present in low concentrations (max=0.43%).384 

Plots of observed vs. model predicted (VisNIR-DRS only and fused) TC and TN values are 385 

presented in Figs. 4 and 5, respectively. In general, all models showed overestimation at lower TC 386 

or TN values and underestimation at higher values. Several of these overestimations occurred387 

because of the relative scarcity of observations with low values, which was expected since the 388 

samples came dominantly from organic horizons. Another possible explanation for TC and TN 389 
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prediction errors is undecomposed organic matter and variable C sources, as noted before elsewhere 390 

(Henderson et al., 1992). Indeed, the VisNIR-DRS spectra for SOM have not been fully defined yet,391 

because of the complexity or unclear definitions of these materials (Brown et al., 2006). Probably 392 

the TC and TN predictability could have been enhanced by using soil management or vegetation 393 

specific models (Morgan et al., 2009); nonetheless, exploring this notion was beyond the scope of 394 

this study.395 

3.3. Model fusion vs. model averaging 396 

It was apparent that GRA model averaging by combining the VisNIR-DRS and PXRF 397 

predictions for consolidated use could not produce better accuracy than model fusion. In practice,398 

model averaging should contain the models that complement each other. In fused models,399 

RF was fitted based on the PLS/PSR/ENET residuals. The sequential fitting in PLS/PSR/ENET + 400 

RF allowed the RF model to complement the former. Conversely, combining PLS/PSR/ENET and 401 

RF in parallel fashion through GRA (namely, separately on VisNIR-DRS and PXRF) produced 402 

incompatibility. Succinctly, they perhaps made the same mistake on the same sample. To justify 403 

this postulation and clearly visualize the prediction improvement by using the fused models, Fig. 6404 

represents a scatterplot matrix produced in R using the spm function in the car library, taking the405 

PLS+RF model as an example. The diagonal elements are the density plots for the four competitors 406 

[observed TC values (OBS), RF in (PLS+RF) fused model (RF1), and RF in GRA (RF2)]. For 407 

example, the upper left one is the density plot of TC while the tickmarks at the bottom axis show408 

the observed values in the data. The off-diagonal elements are the pairwise scatter plots of four 409 

competitors, together with the best linear and nonlinear smoothers. For example, Fig. 6e shows the 410 

scatter plot of observed TC (on the vertical axis) and predicted TC values from PLS model (on the 411 

horizontal axis) using spectral data. The green and red solid lines are the fitted linear regression line 412 

and the loess smoother (a popular nonlinear smoother using local linear regression) fit, respectively. 413 

The red dash lines represent one standard error above and below the estimated function. It can be 414 
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observed that PLS tended to underestimate the samples with TC values between 30 to 45% and 415 

overestimate the samples with TC values < 20% through the bending shape of the red loess 416 

smoother (Fig. 6e)417 

underestimated area (30-45% TC) and lowering the overestimated region (<20% TC) (Fig. 6i), this 418 

was not totally unexpected owing to the non-linear and contingent relationships among VisNIR-419 

DRS reflectance and soil constituents (Brown et al., 2006). However,420 

as PLS by underestimating and overestimating in the same regions (Fig. 6d). These trends clearly 421 

explained why sequentially fitting (PLS+RF) in fused model improves prediction accuracy relative 422 

to parallel fitting of PLS and RF through GRA. Note that, the same argument is applicable to423 

(PSR+RF) or (ENET+RF) in predicting TC and TN. Model averaging even could not outperform 424 

VisNIR-DRS only model performance (Table 3). Thus, the postulations of Abbott (2014), who 425 

reported that model averaging nearly always improves model predictive accuracy and rarely 426 

predicts worse than single models, may not be generalized.427 

3.4. Relative improvement of soil property predictions after model fusion 428 

Table 4 demonstrates that fused models had relative improvements on the prediction accuracy 429 

of TC and TN from GRA or VisNIR-DRS and PXRF used in isolation. Notably, RMSE 430 

improvements of 10-47% for TC and 10-67% for TN were achieved by the PLS+RF and PSR+RF 431 

model, respectively, demonstrating the potential of the synergistic use of VisNIR-DRS and PXRF 432 

for the estimation of soil attributes. On average, the PLS+RF model for TC and the PSR+RF model 433 

for TN produced almost a one fourth reduction in RMSE from using VisNIR-DRS in isolation. 434 

While the PLS+RF fused model increased RPIQ values ranging between 11 to 97% for TC, the435 

PSR+RF model for TN yielded three times higher RPIQ than using PXRF in isolation. Also, the 436 

PSR+RF approach for TC produced substantively better results (R2 0.87; RMSE 3.01%; RPD 2.75) 437 

than those obtained by McWhirt et al. (2012) (R2 0.82; RMSE 10.1%; RPD 1.72) who used 438 

VisNIR-DRS in isolation when evaluating the organic fraction of composted products. 439 
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3.5 Whole geographical area and organic horizon holdout validations 440 

Holding out a whole geographical area or organic horizon reduced prediction accuracies in all 441 

cases where the soils of the geographical area or horizon held out were not represented by another 442 

area or horizon, creating extrapolation (Tables 5 and 6). Validation with an individual geographical 443 

area or horizon exhibited increases in RMSEs and a reduction in RPDs relative to the best 444 

performing models (PLS+RF and PSR+RF for TC and TN, respectively) using all 136 samples. As 445 

expected, when principal component analysis was implemented on the VisNIR spectrum only, it 446 

clearly demonstrated different spectral behaviors of the four geographical areas (Fig. 2b). Further, 447 

while executing Principal Component Regression (PCR, data not shown) to calculate the actual 448 

number of PCs required to represent VisNIR spectral variability, results indicated the need for at 449 

least 12 PCs in PCR based on full cross validation. In other words, although some overlap among 450 

the four areas was apparent in the PC1 vs. PC2 plot, that only reflected the first two PCs. 451 

Summarily, it can be concluded that since the four geographical areas had different VisNIR spectra, 452 

using all samples in a single prediction model is preferred over the area-holdout scheme since the 453 

latter involves extrapolation in predicting samples from different areas.454 

Moreover, based on the whole organic horizon-holdout results, all models predicted poorly on 455 

holding out OH and OLn samples. For OH, the main reason of poor model performance was that 456 

OH samples were quite different from OLn and OLv samples because of variable rates of 457 

decomposition.  Hence the fitted models using OLn and OLv samples could not predict OH samples 458 

well. Conversely, since the OLn horizon represented most of the samples (i.e 64 out of 136 459 

samples), the sample size for fitting the model using the OLv and OH was the smallest. In addition, 460 

the OH samples in the training data made the fitted model poor in predicting OLn samples in the 461 

validation set. 462 

3.6 Some practical concerns463 
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The fused PSR+RF model had some limitations too. Initially, PSR was applied on VisNIR-DRS 464 

spectra with the assumption that the underlying PSR coefficient curve is smooth. Secondly, RF was 465 

used to fit the residuals of the PSR model on the PXRF elemental data assuming that both VisNIR-466 

DRS and PXRF data contain some information on the response variable. In particular, PXRF 467 

contains some extra information about TC and TN that were not explained (or covered) by the 468 

VisNIR-DRS spectra. We have examined the feasibility of the approach in this research and have 469 

provided a preliminary contribution to the issue of validation, however, further intensive research is 470 

recommended to confirm our results. Nonetheless, the combined use of PXRF and VisNIR data 471 

show strong potential for the accurate assessment of soil organic horizons. The spectral and 472 

elemental data produced by proximal sensor analysis has previously been shown to be useful in the 473 

prediction of a wide number of physicochemical properties in mineral soils. With regard to TC and 474 

TN content of organic soil horizons, similar impressive predictability from proximal sensor data 475 

was observed. 476 

477 

4. Conclusions 478 

Summarily, this preliminary study of 136 organic laden soil samples from non-saturated uplands479 

of Italy and the United States were evaluated by standard laboratory analysis as well as proximal 480 

sensor (PXRF + VisNIR DRS) scans. Our results show that: 481 

(i) Combining model outcomes using model fusion improved TC and TN prediction accuracies 482 

relative to using an individual instrument (PXRF or VisNIR DRS) or model averaging. Overall, the 483 

relative improvement in % RMSE ranged from 10-47% and 10-67% for TC and TN, respectively.484 

(ii) Considering both model precision and parsimony, PLS+RF emerged as the best model for 485 

predicting both TC and TN in organic laden soil samples. Conversely, while using all spectral 486 

variables, PSR+RF yielded the best model results (lowest RMSE and highest RPIQ) for TN.487 
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(iii) Specifically, GRA model averaging by combining the VisNIR-DRS and PXRF predictions 488 

could not produce better accuracy than model fusion or individual instrument use, possibly due to 489 

model incompatibility while fitting them in parallel fashion. 490 

(iv) The poor predictability with unreliable RPIQs while using PXRF in isolation underlines the 491 

need for using PXRF spectra instead of elemental data. 492 
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648 

649 

FIGURE CAPTIONS 650 

Fig. 1. Schematic diagram of fused PSR + RF, PLS+RF and ENET + RF prediction models used in 651 

the study.652 

Fig. 2. Plots showing a) principal components (PCs), b) pairwise PC plots 653 

of the first two components using VisNIR DRS first derivative spectra indicating four different 654 

geographical areas and c) pairwise PC plots of the first two components using VisNIR DRS first 655 

derivative spectra indicating three different organic horizons. Lines represent convex hulls and 656 

colored dots represent centroids of datasets from four different geographic areas. ITA, LBB, HOU 657 

and NMX represent samples from Italy, Lubbock, Houston and New Mexico regions, respectively. 658 

Fig. 3. Parsim cross-659 

validation error, test error, the number of selected wavelengths and the parameter to tune the 660 

parsimony of the model, respectively.661 

Fig. 4. Plots of observed vs. model predicted (VisNIR DRS only and fused) TC values using the 662 

validation set (with dotted 1:1 line).663 

Fig. 5. Plots of observed vs. model predicted (VisNIR DRS only and fused) TN values using the 664 

validation set (with dotted 1:1 line).665 

Fig.6. Diagnostic scatter plot matrix showing density plots for four competitors: observed TC 666 

values (OBS), RF in (PLS+RF) fused model (RF1) and RF in GRA (RF2). Black circles represent 667 

validation samples. The green and red solid lines are the fitted linear regression line and the loess 668 

smoother fit, respectively. The red dash lines represent one standard error above and below the 669 

estimated function. For diagonal plots, the vertical axis shows the density function for its 670 

corresponding values. For example, Fig. 6a is the density plot of TC while the tickmarks at the 671 
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bottom axis show the observed values in the data. In the off-diagonal plots, their axes are all in the 672 

% unit. For example, Fig. 6e shows the scatter plot of observed TC % (on the vertical axis) and 673 

predicted TC % values from PLS model (on the horizontal axis) using spectral data.674 

675 

676 



Table 1. General description of the different type of organic horizons collected divided by 
study sites. For symbols see legend.

ITALY
Study site: Central Apennines - Mount Acuto, Mount San Vicino, and Mount Terminillo. 

Classification Description
Horizona Horizonb

Easily recognizable beech cupules, leaves, twigs and bark. 
Thickness of 2 to 5 cm. Absence of tree roots and micelia. 
Very few and few presence of small macrofauna and 
mesofauna.

OLn Fibric

OLv Hemic Brownish and degraded beech cupules, leaves, twigs and 
partially degraded bark and beechnuts. Thickness of 2 to 
11 cm. General absence of tree roots; where present they 
are very few or few. Micelia is present from few to 
plentiful. Presence of small macrofauna and mesofauna 
from few to abundant.

OH Sapric Extensive decomposition, plant parts are not recognizable. 
Darkish beechnuts. Reduced thickness of 1 to 4 cm. Dark 
horizon. Tree roots vary from absent to abundant. Micelia 
are generally abundant. Small macrofauna and mesofauna 
are plentiful to abundant.

TEXAS 
Study site: Lubbock - North Fork of the Brazos River; Houston - George Bush Intercontinental Airport, 
WG Jones State Forest, San Jacinto River and Sam Houston National Forest.

Classification Description
Lubbock

Horizona Horizonb Organic layer originated by deposition after an alluvial 
event. Recognizable branches, leaves, with a 
predominance of twigs and bark. Spot with accumulation 
of grass leaves. Thickness of 4 to 6 cm. No roots and 
micelia. No small macrofauna or mesofauna activities.

OLn Fibric

OLv Hemic Brownish and darkish degraded vegetal material made by 
not easily recognizable leaves, twigs, and bark. Thickness 
from 5 to 10 cm. Roots and micelia are not present. Very 
few and few presence of small macrofauna and mesofauna.

Houston
OLn Fibric Non-decomposed pine leaves, pine cones, twigs and bark. 

Thickness of 1 to 5 cm. Absence of root and micelia. Few 
presence of small macrofauna and mesofauna

 



OLv Hemic Brownish and pressed recognizable pine leaves, bark, and 
twigs. Thickness of 2 to 6 cm. General presence of tree 
roots from very few to few. Micelia generally goes from 
very few to abundant, with spots of very abundant 
presence. Considerable small macrofauna and mesofauna 
activities.

OH Sapric Extensive decomposition, plant parts are not recognizable. 
Thickness of 1 to 2 cm. Tree roots vary from absent to 
few. Micelia is reduced from very few to plentiful. Small 
macrofauna and mesofauna are plentiful to abundant.

NEW MEXICO
Lincoln County - Lincoln National Forest.

Classification Description
Horizona Horizonb

Not decomposed pine and deciduous leaves, pine cones, 
twigs, and bark. In spots, woody parts of bark from 
degradation of dead trees. Thickness of 1 to 7 cm. Absence 
of roots and micelia. The presence of degraded tree parts 
induce a considerable presence of small macrofauna and 
mesofauna, in general absent or few.

OLn Fibric

OLv Hemic Degraded pine leaves and deciduous twigs, presence of 
pine cones. Degraded barks reduced in fine dust, structure 
not recognizable. Brownish horizons. Thickness of 1 to 8
cm. Few roots. Micelia generally goes from few to 
plentiful. Considerable small macrofauna and mesofauna 
activities.

OH Sapric Vegetal material completely decomposed, only pine cones 
are still recognizable. Thickness from 2 to 3 cm. Generally 
few tree roots. Micelia is few to plentiful. Small 
macrofauna and mesofauna are plentiful to abundant.

ahorizon designation per (2008).
bhorizon designation per Soil Survey Staff (2014). 
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Fig. 1 

 

PSR/ PLS/ ENET modelling RF modelling 

Response: TC and 
TN values 

Input: Spectral data Input: PXRF data 

Response: 
Residuals

Y PSR/PLS/ENET         Y RF 

Final predicted value: Y PSR/PLS/ENET + Y RF 
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Fig. 4 

 

RMSE=3.46 % RMSE=3.01 % 

RMSE=3.27 % RMSE=2.94 % 

RMSE=4.24 % RMSE=3.73 % 



 

 

Fig. 5 

RMSE=0.178 % RMSE=0.160 % 

RMSE=0.214 % RMSE=0.191 % 

RMSE=0.221 % RMSE=0.203 % 



 

 

Fig. 6 
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