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Diffuse reflectance mid-infrared spectroscopy is viable without fine milling 
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A B S T R A C T   

While diffuse reflectance Fourier transform mid-infrared spectroscopy (mid-DRIFTS) has been established as a 
viable low-cost surrogate for traditional soil analyses, the assumed need for fine milling of soil samples prior to 
analysis is constraining the commercial appeal of this technology. Here, we reevaluate this assumption using a 
set of 2380 soil samples collected across North American agricultural soils. Cross-validation indicated that the 
best preprocessing (standard normal variate) and model form (memory-based learning) resulted in very good and 
nearly identical predictions for the <2 mm preparation and fine-milled preparation of these soils for total organic 
carbon (TOC), clay, sand, pH and bulk density (BD). Application of larger models built from the USDA NRCS mid- 
DRIFTS library also resulted in minimal performance differences between the two sample preps. Lower predictive 
performance of the existing library was attributed to less-than-perfect spectral representativeness of the library. 
Regardless of model form, there was very little variability between replicates of the <2 mm prep, suggesting that 
the lack of fine milling did not lead to more heterogeneous subsamples. Additionally, there was no relationship 
between residual error and soil texture, implying these results should be robust across most soil types. Overall, in 
agreement with other recent findings, these results suggest that routine scanning of standard <2 mm preparation 
does not degrade predictive performance of mid-DRIFTS-based inference systems. With good standard operating 
procedures including quality control and traditional analysis on a small percent of samples, mid-DRIFTS can 
become a routine tool in commercial soil laboratories.   

1. Introduction 

Traditional soil analytical methods are labor-intensive and as result 
often costly. As the need for soil information rapidly expands, lower-cost 
higher-throughput methods are being sought. Diffuse reflectance spec
troscopy, in particular diffuse reflectance Fourier transform mid- 
infrared spectroscopy (mid-DRIFTS) is now a widely accepted comple
ment to traditional analytical methods (Nocita et al., 2015; Shepherd 
et al., 2022). When mid-DRIFTS is coupled with a high quality spectral 
library, such as the USDA NRCS National Soil Survey Center - Kellogg 
Soil Survey Laboratory (NSSC-KSSL) mid-DRIFTS spectral library, ac
curate and unbiased estimates of at least 20 soil properties can be made 
on hundreds of samples in a single day (Dangal et al., 2019; Sanderman 
et al., 2020; Ng et al., 2022), compared to at least a week of laboratory 
work for the traditional analytical methods. 

Results from mid-DRIFTS are highly encouraging even for 

applications such as detecting subtle management-induced changes in 
soil carbon (Sanderman et al., 2021); however, it is generally thought 
that samples need to be dried, sieved, and finely milled prior to spectral 
acquisition. The need for fine milling greatly reduces the commercial 
viability of mid-DRIFTS. The existing literature is decidedly mixed with 
respect to the need for fine milling with mid-DRIFTS. Working with a 
diverse set of 860 Irish soil samples, Bachion de Santana and Daly (2022) 
found no difference in predictive performance between ball-milled and 
<2 mm samples for a range of soil properties. However, Wijewardane 
et al. (2021), working with a set of 500 US soils, found that fine milling 
significantly improved the predictive performance for all eight of the 
different soil properties tested. In both of these studies, a Bruker FTIR 
with a HTS-XT accessory was utilized. In a study of approximately 400 
samples, Deiss et al. (2020) also found that fine milling improved pre
dictive performance for many but not all soil properties tested, but the 
improvement in predictive performance was marginal enough for the 
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authors to conclude that prediction accuracy on <2 mm samples would 
be adequate for many applications. This last point is important to 
consider: the objectives of a particular use case dictate the necessary 
accuracy and precision of analytical data or mid-DRIFTS-based pre
dictions, with higher uncertainties acceptable for applications such as 
soil resource mapping but not for tracking temporal changes (e.g., 
organic carbon accumulation) in response to management. 

The overall goal of this study was to better understand the limitations 
of mid-DRIFTS spectral inference without fine milling. Previous studies 
all found that good models could be built directly from <2 mm sieved 
samples, but results were conflicting as to whether better accuracy and 
precision could be achieved with fine milling. One limitation of these 
prior investigations was the sample size, which ranged from about 400 
to 850 samples. Here, we analyzed 2380 samples from across North 
American agricultural soils to address the following questions: 1) Can 
unbiased predictions be achieved from scanning samples that have been 
through standard sample preparation of sieving to 2 mm?; 2) Does fine 
milling improve the predictions of organic carbon, pH, clay, sand and 
bulk density?; 3) Is there more variability between replicates without 
fine milling?, 4) Are there specific soil parameters that control the 
performance of predictive models on <2 mm soils?, and, finally, 5) Can 
we use existing predictive models (i.e. USDA NRCS NSSC-KSSL data
base) built on finely milled samples or should we build models directly 

from the spectra collected on the non-finely milled samples? 

2. Methods and materials 

2.1. Soil samples 

We used soil samples from two separate sampling efforts: the North 
American Project to Evaluate Soil Health Measurements (NAPESHM; 
Norris et al., 2020) and a subset of the 2021 samples from Indigo Ag’s 
soil carbon experiment (SCX) fields. The NAPESHM data set consists of 
1953 topsoil samples from 124 long-term agricultural research sites in 
the United States, Canada, and Mexico. Composite samples (0–7.6 cm 
depth for bulk density, 0–15 cm depth for all other properties and 
mid-DRIFTS spectra) were collected from multiple treatment replicates 
per site (Bagnall et al., 2022). The SCX dataset consists of 427 samples 
that fall within the US geographic range of the NAPESHM data (Fig. 1). 
Between one and four 1 m soil cores with an internal diameter of 3.5 cm 
were extracted from 73 SCX fields located in 11 states. Soil cores were 
divided into 0–15, 15–30, 30–60 and 60–100 cm depth increments. 

2.2. Laboratory data 

We have focused on five soil properties - total organic carbon (TOC, 

Fig. 1. SCX and NAPESHM site locations.  
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wt %), pH, bulk density (BD, g cm− 3), clay (wt %), and sand (wt %) - 
which vary in ease of mid-DRIFTS prediction, with TOC typically being 
extremely well predicted, pH and texture being predicted well, and BD 
sometimes being predicted with acceptable accuracy. 

For the SCX samples, TOC was determined by elemental analysis 
with carbonate removal, when necessary, by acidification. pH was 
measured in a 1:1 water solution. Clay and sand were determined by 
particle size analysis using the hydrometer method after dispersion with 
sodium hexametaphosphate (Gee and Bauder, 1979). Bulk density was 
determined as the dry mass of <2 mm fraction per unit volume from core 
samples (3.5 cm i.d.). Given difficulties in estimating BD from hydraulic 
cores, BD values < 0.6 and > 1.8 g cm− 1 were excluded from further 
analysis in this paper. 

For the NAPESHM samples, TOC was determined as the difference 
between total carbon via elemental analysis and inorganic carbon via 
pressure calcimeter. pH was measured in water, but with a 1:2 solution 
ratio. Bulk density was determined on the <2 mm fraction using a 
composite of two surface cores (7.6 cm length x 7.6 cm diameter). Clay 
and sand content were measured using the pipette method and wet 
sieving, respectively, after dispersion using a solution of sodium hex
ametaphosphate and sodium carbonate (Gee and Bauder, 1986). Despite 
small differences in methodologies for TOC, pH, texture, and BD, these 
two datasets have been combined for further analyses (Table 1). 

2.3. Spectral acquisition 

Mid-DRIFTS spectra were obtained on all samples after drying and 
sieving to 2 mm (henceforth referred to as <2 mm samples). A third of 
these samples were scanned in triplicate and the remainder scanned in 
duplicate. These <2 mm samples were then fine milled using a Retsch 
Mixer Mill 400 (Retsch GmbH, Germany), with hardened steel 50 ml 
vials and 1–3 grinding balls (sample dependent) set at a frequency of 25 
Hz for 3 min (Baldock et al., 2013), before scanning. Fine-milled samples 
were only scanned once each. All fine-milled and <2 mm samples were 
scanned at the Woodwell Climate Research Center (Falmouth, MA) on a 
Bruker Vertex 70 FTIR (Bruker Optics, Billerica, MA, USA) with a 
wide-range beamsplitter/detector combination using a Pike AutoDiff 
(Pike Technologies, Fitchburg, WI, USA) diffuse reflectance accessory. 
The instrument was purged with ultra-dry CO2-free air from a Parker 
Hannifin FTIR Purge Gas generator (Parker Hannifin Corp., Lancaster, 
NY, USA). Sixty scans from 6000 to 180 cm− 1 were collected at 2 cm− 1 

resolution and co-added for each sample to minimize noise. Background 
reflectance was collected on a mirror at the beginning of each set of 60 
samples and was subtracted from sample reflectance before converting 
spectra to pseudo-absorption units. After background correction, repli
cate spectra were averaged to produce one spectrum per sample except, 
as noted below, when we designed a test of inter-replicate variability. 

2.4. Chemometrics 

First, outliers in the dataset were identified by building a partial least 

squares regression (PLSR) model to predict TOC, and any sample falling 
more than 3 standard deviations (z threshold) from the 1:1 line was 
flagged as a potential outlier and removed from further analysis. This 
exercise identified 27 samples as outliers in the <2 mm dataset and 24 
samples in the fine-milled dataset, with 15 of these samples being 
common between the <2 mm and fine-milled datasets. The outliers can 
be due to spurious analytical data or spurious spectral data. After 
removing these outliers, the initial sample set was trimmed to only 
include samples that were scanned both as fine-milled and <2 mm 
sample preparations resulting in a final number of 2380 unique samples 
being retained for all subsequent analyses. 

Second, a series of chemometric models to estimate TOC, pH, clay, 
sand and BD were built on both the <2 mm and fine-milled spectra using 
cross-validation to assess model performance. Data were randomly split 
into 10 folds and blocked based on site in order to ensure that very 
similar samples were not included in both the calibration and validation 
sets. Models were calibrated using 9 folds and validated against the 
remaining fold and this procedure was repeated 10 times for PLSR 
models but only once for memory-based learning (MBL) models due to 
the computational cost. For example, 10-fold CV repeated 10 times took 
about 20 min per model combination for PLSR while a single repeat of an 
ensemble MBL (details explained below) would take 1–2 h using a 1.8 
GHz, 4 core processor with 16 GB of RAM. Computing time of MBL 
depends on the test set size, training set size, and the range of hyper
parameters tested, as dissimilarity calculation and local fitting optimi
zation are run on-the-fly by the MBL algorithm. 

Models were built using both PLSR and Memory Based Learning 
(MBL), a local modeling approach which finds the most appropriate 
subset of the training data and then builds a PLSR model using only 
those most similar spectra for each sample to be predicted. PLSR models 
were optimized based on reduction in the cross-validation root mean 
square error (RMSE) using up to 20 principal components. MBL models 
were optimized by trying three different dissimilarity measures (prin
cipal component analysis (pca), partial least squares regression (pls) and 
correlation coefficient (cor)) combined with a dissimilarity distance 
threshold ranging from 0.5 to 3.0 (by increments of 0.5) with the 
number of minimum and maximum neighbors ranging from 50 to 200, 
along with weighted PLSR automatically tuned by nearest neighbor 
validation. Different spectral preprocessing including baseline offset 
correction (BOC), Savitzky-Golay smoothing with first derivative (SG- 
FD), and Savitzky-Golay smoothing with standard normal variate (SNV) 
were tested along with log transformation of analytical data where 
appropriate. For each MBL model, all combinations of dissimilarity 
method, distance threshold and range of neighbors were tested, and the 
highest performing combination was reported for each combination of 
training set and soil property. All spectral preprocessing and statistics 
were performed using R statistical software environment (R Core Team, 
2023) using the pls (v2.8–1; Liland et al., 2021), resemble (v2.2.1; 
Ramirez-Lopez et al., 2020), prospectr (v0.2.6; Stevens and Ramir
ez-Lopez, 2020), spatialsample (v0.2.1; Silge and Mahoney, 2022), and 
tidyverse (v1.3.2; (Wickham et al., 2019)) packages. 

Table 1 
Summary statistics for each dataset and for the combination of datasets.   

NAPESHM SCX Both Labs Together  

TOC BD Ph CLAY SAND TOC BD PH CLAY SAND TOC BD PH CLAY SAND 

Minimum 0.20 0.61 3.95 0.13 3.00 0.10 0.65 4.50 2.24 1.35 0.10 0.61 3.95 0.13 1.35 
1st Qa 1.09 1.09 5.53 13.25 18.00 0.46 1.08 6.10 22.64 8.46 0.98 1.09 5.61 1445 15.60 
Median 1.46 1.21 6.28 21.41 30.60 0.80 1.19 6.610 29.07 20.21 1.36 1.21 6.38 22.87 28.20 
Mean 1.63 1.20 6.42 22.26 34.78 0.97 1.18 6.73 27.80 24.80 1.51 1.20 6.47 23.23 32.99 
3rd Qb 2.04 1.33 7.33 28.04 46.80 1.31 1.28 7.50 34.05 30.24 1.94 1.33 7.36 30.24 45.23 
Max 6.01 1.70 9.03 61.94 90.50 3.44 1.78 8.60 51.35 94.69 6.01 1.78 9.03 61.94 94.69 
nc 1953 1942 1953 1953 1953 427 351 427 427 427 2380 2293 2380 2380 2380  

a first quartile. 
b third quartile. 
c number of samples with given soil property. 
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Further analysis was then conducted to understand the spectral di
versity among replicates and whether or not TOC model performance 
was impacted when a different sample preparation was used for model 
building versus prediction. Out of the subset of <2 mm samples that 
were scanned in triplicate, 200 individual samples were selected 
randomly for further analysis. Two PLSR models were built using the <2 
mm averaged data and the finely milled data, excluding the selected 200 
samples from both datasets. Data were randomly split into 10 folds using 
site as a grouping factor. These models were calibrated using 9 folds and 
validated against the remaining fold. The 200-sample subsets of both 
sample preparations and as individual versus averaged spectra for the <
2 mm preparation were then run as a test set for both models. Prediction 
performance was then compared between the two test sets. 

Finally, predictions for all soil properties (TOC, pH, clay, sand and 
BD) were made using models built with the USDA NRCS NSSC-KSSL 
spectral library (hereafter denominated KSSL). The KSSL mid-DRIFTS 
spectral library has been steadily increasing in size and spectral di
versity, being one of the largest publicly available mid-DRIFTS soil 
spectral libraries that represent the major soil types of the United States 
and other territories (Wijewardane et al., 2018; Ng et al., 2022). In 
combination with regional datasets, it is being used to develop global 
estimation services of soil properties (Shepherd et al., 2022). In this 
study, two different subsets of the KSSL library were used for model 
building. First, a subset of 15,000 samples was selected using the 
conditioned Latin hypercube sampling (cLHS) algorithm (Minasny and 
McBratney, 2006) to obtain a subset of samples that were representative 
of the entire 80,000+ sample library. This is the same subset that was 
used in Sanderman et al. (2021). Second, a similar sized subset that was 
more spectrally comparable to the samples scanned in this study was 
selected. For this second subset, prospectr R package was used to search 
the 100 closest spectral neighbors of each fine-milled sample (n = 2380) 
with the search_neighbor function. Principal component analysis (PCA), 
with column centering and scaling, was run before the neighbor search 
to reduce spectral dimensionality while accounting for 99.99 % of the 
original cumulative variance. This procedure yielded 18,000 unique 
samples. This second subset is subsequently called the nearest neighbor 
(NN) subset. 

PLSR models were then built using both subsets by randomly split
ting the KSSL data into 10 folds for defining the best number of factors 
(tested up to 20) that minimized the cross-validation RMSE. The 
NAPESHM & SCX spectra that were shared across both the fine-milled 
and <2 mm scans (n = 2380) were then run through the models as 
test sets. MBL models were also built using the KSSL subsets as the 
calibration set used for neighbors search and the NAPESHM & SCX 
datasets as the test sets, again for <2 mm average and fine-milled sets 
using the same optimization options as for the cross validation. In 
addition to SNV pretreatment, the spectra acquired at Woodwell were 
also transformed using Spectral Space Transformation (Du et al., 2011), 
a calibration transfer technique where the spectra on a secondary in
strument are mathematically transformed to “look” like they were ac
quired on the primary instrument to minimize differences of the 
scanning instrument and environment. The method is based on the 
transformation of a secondary instrument onto the spectral space of the 
primary one by estimating a transformation matrix with singular value 
decomposition, the same algorithm employed in PCA. A set of standard 
samples measured in both laboratories (n = 493) was used to construct 
the transformation matrix. The KSSL Vertex was set as the primary in
strument while the Woodwell Vertex was treated as secondary. The 
number of orthogonal features used by SST was set to retain 99.99 % of 
the original cumulative variance. Detailed information about SST can be 
found in Pittaki-Chrysodonta et al. (2021). 

Model performance was reported using multiple goodness of fit tests 
including root mean square error (RMSE), bias, coefficient of determi
nation (R2), Lin’s concordance correlation coefficient (CCC), and ratio 
of performance to interquartile range (RPIQ = (Q3-Q1)/RMSE). 

3. Results and discussion 

3.1. Can good unbiased predictions be achieved from scanning samples 
that have been through standard sample preparation of sieving to 2 mm? 
Does fine milling improve the predictions of key soil properties? 

Before exploring predictive model results, it is informative to 
examine the similarity or dissimilarity between spectra acquired with 
and without fine milling. There were only very minor differences in 
spectral shape between the fine-milled and <2 mm samples with a very 
small offset between the average spectra below 1200 cm− 1 (Fig. 2A and 
S3) but little differentiation between the two sets of samples in principal 
component space (Fig. 2B). 

To determine if standard sample preparation (i.e. the < 2 mm or fine 
earth fraction) without fine milling can produce unbiased and accurate 
predictions, predictive models were built from the assembled spectral 
libraries using a cross validation scheme where all samples from entire 
sites were withheld to assess model performance. Pretreatment options 
all had fairly similar performance with SNV slightly outperforming BOC 
and SG-FD pretreatments (Table S1). Because of this finding, only the 
results from SNV pretreatment are highlighted onwards. Additionally, 
there were only small differences in predictive performance between 
PLSR and MBL models with MBL producing marginally better results for 
all properties except TOC (Tables S2 & S3). Overall, as seen in Fig. 3, 
there was very little difference in the performance between the models 
built using the fine-milled and <2 mm spectra. Focusing on the <2 mm 
spectra using MBL and SNV pretreatment, RMSEs were 0.13 g cm− 3, 
0.46, 0.34 %, 4.8 % and 8.4 % for BD, pH, TOC, clay and sand, 
respectively, with negligible bias (Table S3). Utilizing Ng et al. (2022)’s 
accuracy categorization scheme, clay, pH, sand and TOC when predicted 
from the <2 mm spectra would be considered highly accurate models 
and BD would be considered to have medium accuracy. Performance for 
these five soil properties were generally similar to prior studies (Sor
iano-Disla et al., 2014), even studies using much larger datasets 
(Sanderman et al., 2020; Ng et al., 2022). Bulk density is a soil property 
that is hard to predict because there are no direct spectral features for BD 
and as such model performance tends to vary from medium to unac
ceptable across studies with the results from this study falling in the 
middle. 

A second test of the impact of sample preparation is to apply models 
built on scans of the finely milled samples to the averaged <2 mm scans 
and vice versa. A set of 200 samples (the same set used in Section 3.2) 
was withheld from both sample preparation datasets, then PLSR models 
were built to estimate TOC on the remaining samples. Each of these two 
models were then applied to spectra obtained on both sample prepara
tions. These PLSR models performed very similarly to the full subset 
regardless of sample preparation (Table 2). When the model was trained 
on the finely milled samples, the Lin’s CCC of the held-out test sets were 
0.86 and 0.85 for the averaged <2 mm and finely milled samples, 
respectively. When the model was trained on the averaged <2 mm 
samples, the Lin’s CCC of the held-out test sets were 0.87 and 0.86 for 
the averaged <2 mm and finely milled samples, respectively. Table 2 
suggests that there was a very minor drop in performance (i.e., RMSE 
increased by 0.01 – 0.03 %) when the different sample preparation was 
predicted primarily because a small amount of bias was found. Despite 
these small differences, the upshot of this analysis is that sample prep
aration doesn’t impact model performance. 

3.2. Is there more variability between replicates without fine milling? 

A subset of 200 <2 mm samples were scanned in triplicate to better 
understand if there was additional heterogeneity introduced by skipping 
the fine milling step (Fig. 4). As described above, these samples were 
withheld from the library and a new PLSR model was built with the 
remaining <2 mm average spectra. The average error between predicted 
TOC value from each replicate and the predicted TOC value from the 
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average of the replicate scans was 0.08 %. The RMSE of the predictions 
from the averaged spectra compared to observed laboratory data was 
0.31 %, while the RMSE of the prediction from each replicate relative to 
the prediction from the averaged spectra was only 0.13 % suggesting 
that the replicate-to-replicate variance is significantly smaller than the 
prediction uncertainty. This finding suggests that replication may not be 
necessary to overcome the additional heterogeneity in the <2 mm 
samples compared to fine-milled samples. 

3.3. Are there specific soil parameters that control the performance of 
predictive models? 

We hypothesized that if there were significant differences in spectral 
model performance between the fine-milled and <2 mm spectra, these 
differences would be greatest with high sand content because the lower 
wavenumbers (higher wavelengths) would be most impacted by particle 
size. We did not find any difference in performance between the two 
sample preparations, but this question was still worth exploring to see if 
texture controls residuals of TOC predictive performance. The <2 mm 
TOC model error was found to be unrelated to sand content (Fig. 5) 
across a sand content range of 1.1 - 95.1 % (interquartile range of 15.3 - 
45.4 %). Predictive performance, measured as relative absolute model 
error (100*abs(obs - pred)/obs)), did not vary across sand content 
quartiles averaging 19.8 % relative absolute error. The RPIQ actually 
improves with increasing sand quartile from 2.2 to 3.3 (data not shown), 
mostly because there is more variance in TOC at high sand levels. 

While soil texture does not appear to control TOC model perfor
mance, we did notice a systematic difference in model performance 
between the two sample sets. It is well known that the quality of the 

Fig. 2. (A) Average spectra with shading showing 5–95th percentile of data for the <2 mm and fine-milled samples. (B) Principal Component Analysis of the same 
samples. Figure S3 gives examples of 4 contrasting spectra. 

Fig. 3. Plots of observed versus predicted data for best MBL models built from finely milled spectra (top panels) and <2 mm spectra (bottom panels) for BD (g cm− 3), 
pH and TOC (%), sand (%) and clay (%). Model performance reported in Table S3. 

Table 2 
Partial least squares regression models for total organic carbon (TOC) built on 
each sample preparation and applied to 200 held-out spectra of both sample 
preparations.  

Training set Test set RMSE Bias R2 CCC RPIQ 

fine milled fine milled 0.30 0.00 0.86 0.92 3.52 
fine milled avg <2 mm 0.31 0.02 0.85 0.92 3.35 
avg <2 mm avg <2 mm 0.29 0.00 0.87 0.93 3.63 
avg <2 mm fine milled 0.32 − 0.06 0.85 0.90 3.20  
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analytical data will have a large impact upon model performance 
(Shepherd et al., 2022), both when building models with 
cross-validation but especially when using an existing spectral library 
that was built on analytical data collected in a different lab. Dividing the 
cross-validation <2 mm averaged soil spectra PLSR model performance 
for TOC (Table S2) into the two datasets, Lin’s CCC was 0.92 and 0.86 for 
NAPESHM and SCX, respectively. When breaking down the prediction 
performance of the KSSL PLSR models on the <2 mm spectra reported in 
Table 3, Lin’s CCC = 0.85 and R2 = 0.81 for the NAPESHM samples and 
these same statistics were lower at 0.81 and 0.68, respectively, for the 
SCX samples. Similar differences were seen for all soil properties. The 
outlier screening may also suggest a difference in data quality. For the 
NAPESHM dataset, the outlier rate was just under 1 % while in the SCX 
dataset, the outlier rate was 3.4 %. 

3.4. Can existing predictive models (i.e. USDA NRCS NSSC-KSSL 
database) built on finely milled samples be used on <2 mm preparation 
samples? 

To test this question, we first subset the full KSSL library into a 
generally representative subset using cLHS (n ~ 15,000) and a subset of 
the most spectrally similar samples (n = 18,000) before model building. 
Two model types (PLSR and MBL) were applied using two pretreatment 
methods (SNV and SST). Generally, the best model performance 
regardless of sample preparation or KSSL subset was found using the 
MBL model with SNV standardization (Table 3). Calibration transfer 
using SST rarely improved model results. Similar to the findings with 
cross-validation (Section 3.1), there was little difference in predictive 
performance between the two sample preparation methods with the 
exception of TOC and sand where the best fine-milled sample perfor
mance was about 7 % higher than for the <2 mm samples (Table 3). The 

Fig. 4. Predictions of TOC from individual replicates for 200 samples. Samples are indexed from lowest to highest observed TOC on x-axis.  

Fig. 5. Relative model error was unrelated to sand content of the <2 mm sample.  
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finding of a Lin’s CCC of 0.85 for TOC was similar to the findings in 
Sanderman et al. (2021), who implemented a nearly identical modeling 
approach using the cLHS subset of the KSSL on finely milled samples 
from various US long-term agricultural trials scanned on the same in
strument used in this current study, where Lin’s CCC was 0.92 for TOC 
across all 1377 samples in that study. 

While the results on the <2 mm averaged spectra were fairly good for 
TOC, pH, clay and sand, performance for BD was not acceptable (Lin’s 
CCC varied from 0.25 to 0.51 depending on model choice for BD). 
Additionally, these results were in all cases inferior to the cross- 
validation performance (Tables S2 & S3) where Lin’s CCC was 5, 15, 
12, 14 and 40 % higher for TOC, pH, clay, sand and BD, respectively. 

Here we further explore some of the reasons for the lower perfor
mance of the KSSL models. When applying a model built from a preex
isting library there are several sources of variability that need to be 
considered. First, the spectra were acquired on different instruments and 
in the case of this study with different sample preparations as well. 
Second, the geographic or spectral distribution of the library might not 
match the sample set. Third, the analytical data were also acquired in 
different laboratories. The third point was discussed in more detail in 
section 3.3; here, we discuss points one and two in more detail. 

The representation of the test samples in the training space is a factor 
of both the instrument the spectra were acquired on and the geographic/ 
spectral representativeness of the library relative to the test samples. If 
there is a systematic offset between the Woodwell instrument and the 
KSSL instrument as Dangal and Sanderman (Dangal and Sanderman, 
2020) suggested, then the projection of the test set into the spectral 
space of the training library will be biased and the nearest neighbors in 
the library will not necessarily be representative of that test sample. In 
Fig. 6, we have projected the <2 mm SNV transformed spectra before 
and after SST calibration transfer onto the scores of the PLSR model for 
TOC built on the cLHS subset of the KSSL library (the same projections 
done on the nearest neighbor subset are shown in Fig. S1). The projec
tion of the fine-milled samples appears almost identical in both cases 
(data not shown). Before SST, the SNV-transformed <2 mm spectra 
mostly fall within the PLS scores for factors 1–4; however, after SST, 
many of the samples are sitting on the edge or outside of the KSSL 
spectral space (Fig. 6). Assuming that SST did properly correct system
atic differences in spectra, which our prior research 

(Pittaki-Chrysodonta et al., 2021; Sanderman et al., 2023) suggests, then 
the library isn’t actually capturing the variability in our test data. The 
poorer performance of the KSSL models before SST transfer is likely due 
to spectral misalignment with the training set. After SST, the PLSR 
models improved significantly, with RMSE dropping by 50 % (Table S5), 
despite the fact that a proportion of samples now fall outside of the 
calibration space. However, the MBL models did not improve. Prediction 
performance of large PLSR models is less sensitive to the location of the 
spectra within the calibration space, so with proper alignment, the PLSR 
models improved greatly. The MBL models did not improve likely 
because there weren’t enough KSSL spectra close to the test samples that 
were falling outside of the calibration space. 

An examination of the geographic representativeness of these sam
ples supports the notion, seen in Fig. 6, that the KSSL library does not 
capture the soil variability of the samples in this study. Out of the 2380 
samples, only 1147 and 1074 overlapped at the county level with the 
cLHS and NN subsets of the full KSSL library, respectively. The 
NAPESHM dataset contains 558 samples from Canada and Mexico, but 
many samples from typical agricultural regions of the US are also un
derrepresented (Fig. S2). 

3.5. Potential implications of adoption 

Given the moderate to high variance of most soil properties, soil 
sampling protocols often require large sample sizes for measurement 
confidence and to assess field-scale soil heterogeneity (Pennock et al., 
2007). Additionally, to account for seasonal variation and ensure con
sistency (Franzluebbers et al., 1995; Alletto and Coquet, 2009), soil 
samples are also typically collected in the same season each year, 
leading to a high volume of samples requiring processing concurrently. 
As ecosystem services and soil carbon markets mature, and the demand 
for consistent soil testing grows, commercial labs could reach functional 
capacity and become strained. The body of evidence suggests that 
mid-DRIFTS spectroscopy is a cost-effective and practical complement 
to traditional methods of soil analysis for numerous soil properties 
(Baldock et al., 2013; Gomez et al., 2020; Sanderman et al., 2021; 
Summerauer et al., 2021; Ng et al., 2022), and multiple commercial labs 
are increasingly exploring or already adopting this technology. Criti
cally, the additional uncertainty introduced by mid-DRIFTS estimation 
of many soil properties is minor compared to the field-scale variance in 
these same properties (Viscarra Rossel et al., 2016; Li et al., 2022). Since 
mid-DRIFTS estimates are typically unbiased, especially when some 
local samples are included in the training set (Seidel et al., 2019), the 
cost savings that mid-DRIFTS spectroscopy affords can allow for more 
samples to be analyzed and thus a more precise estimate of a field can be 
achieved. Eliminating fine milling from spectroscopy protocols, which 
we found in this study, in agreement with other recent work (Bachion de 
Santana and Daly, 2022), did not measurably impact accuracy or vari
ance of predictions for TOC, pH, clay and sand, can further expedite soil 
analysis, reduce overall costs, and fit better into the typical workflow of 
a commercial laboratory where fine milling is often seen as a time 
prohibitive step. Just focusing on TOC as an example, a typical 
elemental analyzer can analyze about 80 unknown samples in a day, 
after a full day of fine milling, but a FTIR spectrometer with an auto
sampler attachment can analyze at least 400 samples for the same 
amount of technician time. If carbonates are present, this comparative 
advantage is increased further since a second measurement of carbon
ates or pretreatment to remove carbonates would be required for the 
traditional analyses. 

Ultimately, the quality of predictions will largely depend on the 
spectral library used. The libraries need to be representative of the range 
of soil properties that will be encountered, and care needs to be taken to 
ensure that newly scanned samples are compatible with the library. 
Additionally, it is important that laboratories follow strict quality con
trol and quality assurance procedures for acquisition of spectra (e.g., 
ICRAF, 2021; Soil Survey Staff, 2022) and for determination of the 

Table 3 
Performance, measured by Lin’s Concordance Correlation Coefficient (CCC), of 
KSSL models for bulk density (BD, g cm-3)), clay (wt%), pH, sand (wt%) and 
total organic carbon (TOC, wt%) applied to the fine-milled and <2 mm samples 
in this study. Other performance metrics including R2, RMSE, bias, and RPIQ are 
given in Tables S4-S7.  

Preparation Subseta Modelb BD Clay pH Sand TOC 

fine milled NN MBL_SNV 0.34 0.74 0.79 0.81 0.85 
fine milled cLHS MBL_SNV 0.38 0.78 0.77 0.81 0.78 
fine milled NN MBL_SST 0.21 0.70 0.49 0.56 0.66 
fine milled cLHS MBL_SST 0.16 0.60 0.46 0.49 0.67 
fine milled NN PLSR_SNV 0.49 0.81 0.76 0.69 0.57 
fine milled cLHS PLSR_SNV 0.46 0.73 0.79 0.72 0.60 
fine milled NN PLSR_SST 0.35 0.64 0.69 0.71 0.68 
fine milled cLHS PLSR_SST 0.41 0.64 0.69 0.78 0.69 
<2mm NN MBL_SNV 0.24 0.73 0.80 0.76 0.69 
<2mm cLHS MBL_SNV 0.32 0.75 0.77 0.74 0.79 
<2mm NN MBL_SST 0.28 0.66 0.48 0.57 0.68 
<2mm cLHS MBL_SST 0.25 0.62 0.47 0.55 0.67 
<2mm NN PLSR_SNV 0.51 0.78 0.69 0.71 0.43 
<2mm cLHS PLSR_SNV 0.50 0.67 0.74 0.73 0.52 
<2mm NN PLSR_SST 0.48 0.62 0.64 0.69 0.73 
<2mm cLHS PLSR_SST 0.52 0.58 0.67 0.77 0.72  

a NN refers to the nearest-neighbor KSSL subset and cLHS refers to the subset 
of the KSSL chosen using conditioned Latin hypercube sampling. 

b Two models (MBL = memory-based learning, PLSR = partial least squares 
regression) and two preprocessing methods (SNV = standard normal variate, 
SST = spectral space transformation) were tested in combination. 
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accompanying wet chemical data. As part of good practice for soil 
spectroscopy, we recommend routinely running a small percentage of 
soils through traditional analyses which would serve three important 
purposes: 1) it would allow for rigorous evaluation of the spectral-based 
estimates; 2) model predictions can be improved through spiking with 
local samples from that project; and 3) in the longer-term, a more 
complete library will be built. 

4. Conclusions 

The results from this investigation using 2380 soil samples from 
across North American agricultural soils support the conclusions of 
Bachion de Santana and Daly (2022) and Deiss et al. (2020) that fine 
milling of soil samples prior to spectral analysis is not needed for soil 
properties that are typically well predicted. Model performance for TOC, 

pH, clay and sand were quite good when spectra were collected on the 
<2 mm soil samples. There was little improvement in predictive results 
for these properties when models were built on finely milled samples. 
Models trained on one sample preparation and applied to the other 
performed almost equally as well. Additionally, there was generally only 
small variability between replicate aliquots of the same <2 mm sample. 
These findings support the notion that a laboratory can build their own 
spectral library based upon scans of <2 mm samples and be able to 
produce accurate and unbiased estimates of TOC, pH, clay and sand 
content. However, BD was more difficult to predict and is likely not a 
good candidate for analysis via mid-DRIFTS spectroscopy. 

This research also demonstrated that <2 mm spectra could be pre
dicted using an existing spectral library built on finely milled samples. In 
contrast with the findings of Wijewardane et al. (2021), who found 
lower predictive performance for the <2 mm preparation, the <2 mm 

Fig. 6. Fine-milled SNV-transformed spectra before (left) and after SST calibration transfer (right) projected onto the scores of the PLSR model for TOC built on the 
cLHS subset of the KSSL library. Percent of spectral variance (x) and TOC variance (y) explained for each factor shown in parentheses on the axes. 
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soil spectra in this investigation performed as well or better than the 
fine-milled soil spectra for four key soil properties (TOC, pH, clay and 
sand). The overall predictive performance using the KSSL models was 
slightly lower than when models were built from the samples used in this 
study alone; however, given that there are multiple reasons for the 
performance of the existing KSSL library-based models to suffer when 
applied to new soils scanned on a different instrument using a different 
preparation method, these results are still encouraging. Given the 
inconsistent findings across studies, the performance of any 
spectroscopy-based inference system using an existing library needs to 
be thoroughly tested before routine application to new samples, 
regardless of sample preparation method. 
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