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A B S T R A C T

Soil nitrogen (N), phosphorus (P), and potassium (K) are vital nutrients that underpin plant health and agri
cultural productivity. Precise and rapid monitoring of soil NPK levels is crucial for promoting sustainable farming 
practices. Infrared spectroscopy (IR) has emerged as a promising non-invasive technology for real-time soil 
nutrient assessment. However, current predictive models face challenges in achieving high precision and 
robustness due to the inherent heterogeneity of soil and variations in environmental conditions. This review 
critically examines the latest advancements in infrared spectroscopy for NPK estimation, emphasizing in
novations in data acquisition, preprocessing, variable selection, and modelling techniques. The effects of soil 
heterogeneity and environmental factors on predictive accuracy are thoroughly evaluated, alongside advanced 
strategies proposed to address these limitations. Particular focus is placed on the role of soil components in 
influencing spectroscopy-based NPK estimation models, emphasizing the need for future research to refine 
characteristic NPK spectroscopy band selection. Furthermore, the development of correction sub-models that 
account for the interference patterns of soil components is recommended to improve model accuracy and sta
bility. Infrared spectroscopy holds great promise for precision agriculture by enabling real-time soil nutrient 
management, thereby contributing to global food security.

1. Introduction

Soil nutrient management plays a critical role in global food security 
and sustainable agricultural development [1]. As climate change and 
soil degradation intensify, global agriculture is facing unprecedented 
challenges [2,3]. According to the United Nations Food and Agriculture 
Organization (FAO), approximately 33 % of the world’s farmland is 
moderately to highly degraded [4]. Accurate and regular monitoring of 
soil nutrients is essential to ensure high crop productivity, reduce 
environmental pollution, and optimize fertilizer usage. However, 
traditional soil nutrient assessment methods are often time-consuming, 
labor-intensive, and reliant on harmful chemicals, highlighting the ur
gent need for rapid, efficient, and eco-friendly alternatives [5,6].

Infrared spectroscopy (IR) has emerged as a powerful, non- 
destructive tool for soil nutrient analysis, offering real-time data 

without the need for complex sample preparation. Its application in soil 
monitoring aligns with the FAO’s call for innovative and sustainable 
solutions to global soil health challenges [7]. Infrared spectroscopy 
identifies key soil components by detecting absorption bands corre
sponding to the vibrational modes of bonds like C–C, C–O, C–H, and 
N–H, and analyzing their distinct spectral signatures [8–10]. By estab
lishing robust regression models that correlate spectral data with spe
cific soil nutrient indices, IR spectroscopy has enabled the quantitative 
analysis of soil components [11]. Global research trends (Fig. S1) indi
cate growing interest and collaboration across institutions, underscoring 
its importance. However, challenges persist in addressing soil hetero
geneity and enhancing the accuracy and adaptability of models across 
different regions and scales.

The spatial and temporal variability of soil NPK (nitrogen (N), 
phosphorus (P), and potassium (K)) contents during crop growth 
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underscores the necessity for rapid monitoring to optimize fertilization 
and enhance precision agriculture [12]. However, most research on 
infrared spectroscopy for soil nutrient assessment has concentrated on 
organic matter and carbon due to the technique’s high sensitivity to 
organic molecular vibrations, yielding highly accurate models (Fig. S2). 
The successive application of various modelling methods has advanced 
the high-resolution spectral quantification of soil organic matter [11,13,
14]. While numerous studies have applied infrared spectroscopy to 
predict soil NPK contents, a universally accepted model has yet to 
emerge. Recent research has increasingly focused on developing NPK 
estimation models, driven by progress in variable selection techniques, 
machine learning algorithms, and the mitigation of spectral interference 
factors like water absorption (Fig. 1). Discrepancies in estimation ac
curacy arise from differences in preprocessing, modelling techniques, 
and soil properties. In particular, the weak absorption features of 
phosphorus and potassium in the visible/near-infrared range (VNIR) 
highlight the need for more accurate predictive models [15–17].

This review aims to (1) evaluate the methods for data acquisition, 
spectral data preprocessing, variable selection, and modelling in 
infrared spectroscopy for soil NPK estimation, (2) critically assess the 
performance and limitations of current NPK prediction models, and (3) 
identify key factors influencing feature extraction and model accuracy. 
Furthermore, novel strategies proposed to enhance spectral feature se
lection and model development to improve NPK prediction accuracy, 
supporting the advancement of precision agriculture.

2. Spectral data acquisition

Infrared spectroscopy data acquisition relies on two main tech
niques: proximal sensing and remote sensing (Fig. 2). Proximal sensing 
can be performed in two environments: laboratory spectroscopy for 
controlled settings and field in-situ spectroscopy for real-time, on-site 
measurements. Remote sensing primarily involves airborne and 
satellite-based methods, typically using image spectroscopy to cover 

larger areas (Table 1).
Laboratory infrared spectroscopy is widely used to determine soil 

properties, increasingly replacing traditional physicochemical methods 
[19,20]. Soil samples are typically preprocessed through steps like 
removing debris, drying, grinding, and sieving to a standard 2 mm 
particle size, which is sufficient for reliable spectral analysis [21]. 
Although finer particles can improve reflectance, further reduction in 
size beyond 2 mm shows minimal improvement in prediction accuracy. 
The measurement process involves irradiating the soil samples with a 
halogen lamp, followed by whiteboard correction to ensure consistent 
calibration [22,23]. Recent studies have established standard pre
processing protocols, enhancing the precision and repeatability of soil 
nutrient analysis using infrared spectroscopy [24].

Field in-situ spectroscopy provides the advantage of real-time, on- 
site data collection, making it highly suitable for large-scale soil moni
toring and precision agriculture [8]. Unlike laboratory-based methods, 
it captures soil properties in their natural state, reducing the need for 
sample preparation [25]. However, it is more susceptible to environ
mental variables like soil moisture, surface roughness, and atmospheric 
conditions, which can introduce noise into the data [26,27]. To address 
these challenges, advanced techniques such as external parameter 
orthogonalization (EPO) have been developed to minimize 
moisture-related interference, significantly improving the reliability of 
in-situ measurements [26].

Airborne and satellite-based remote sensing technologies provide 
wide coverage, frequent monitoring, and cost-effective solutions for 
large-scale soil analysis [28]. Traditional multispectral methods, such as 
Multispectral Scanner (MSS) and Thematic Mapper (TM), often face 
challenges in accurately predicting soil NPK content due to lower 
spectral resolution and the influence of atmospheric conditions and 
vegetation [29–31]. However, advances in hyperspectral remote 
sensing, with improved spectral resolution and signal-to-noise ratios, 
now allow for more precise detection of soil nutrient variations [32,33]. 
These technologies are increasingly applied to assess crop growth and 

Fig. 1. Burst analysis of keywords on the applications of infrared spectroscopy in soil NPK content during 1995–2023. Note: Publication literatures were collected 
from the Web of Science from January 1, 2001, to March 29, 2023. The query formula is “TS= (infrared spectroscopy AND (soil nitrogen OR soil phosphorus OR soil 
potassium))”. Burst analysis of keywords were created using citespace-6.2.2 software.
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estimate soil NPK levels through vegetation indices and spectral anal
ysis. For instance, Naveen et al. predicted soil labile nitrogen content by 
establishing a relationship between tidal vegetation reflectance from 
Hyperion remote sensing images and soil nitrogen content [34].

3. Spectroscopy data preprocessing, feature band selection, and 
modelling methods

The spectra collected by spectrometers contain both sample infor
mation and noise from background and stray light. Variations in spectral 
response across different energy bands result in non-smooth curves, 
while environmental factors like temperature and illumination can 
cause baseline shifts and increased scattering [35]. Therefore, spectral 
data undergo preprocessing to eliminate noise, optimize the range, and 
remove the effects of extraneous variables [36]. Furthermore, to address 
redundancy among spectroscopy variables, characteristic bands related 
to soil NPK content are selected, enhancing model predictive accuracy 
[37]. Ultimately, appropriate modelling techniques and evaluation 
systems are employed to develop an accurate soil NPK spectroscopy 
analysis model.

3.1. Spectral data preprocessing

Spectral data preprocessing is essential for enhancing the accuracy of 
soil NPK predictions. Common denoising and smoothing methods 
include Moving Average (MA), Savitzky-Golay (SG) convolution 
smoothing, Wavelet Transform (WT), Gaussian Smoothing (GS), and 
Median Filtering (MV) (Table 2). The MA method applies a sliding 

window to calculate averages across the data set, but an optimal window 
size must balance noise reduction and retention of key spectral features 
[10] (Fig. 3). SG smoothing, which uses polynomial least squares fitting, 
provides more accurate data preservation by emphasizing central data 
points [38]. WT offers both temporal and spectral analysis, effectively 
separating noise from meaningful signals [39]. GS, through convolution 
with a Gaussian kernel, reduces normally distributed noise, while 

Fig. 2. Schematic diagram of the spectroscopy acquisition equipment setup and spectroscopy acquisition (modified from Xiyue Jia, 2021 [18]). Note: VIRS refers to 
visible and infrared reflectance spectroscopy.

Table 1 
Spectroscopy data acquisition methods for soil NPK estimation.

Method Advantages Limitations Applications

Proximal 
Sensing 
(Laboratory)

High accuracy due 
to controlled 
environment

Time-consuming, 
sample preparation; 
small-scale

Detailed 
research 
analysis

Proximal 
Sensing (In- 
situ)

Real-time; on-site 
data; no need for 
sample preparation

Affected by moisture 
and surface 
conditions; less 
precision than lab 
methods

Large-scale 
field 
monitoring

Remote 
Sensing 
(Airborne)

Wide area coverage; 
frequent 
monitoring; cost- 
effective for large- 
scale

Lower resolution; 
affected by 
atmospheric

Regional soil 
nutrient 
mapping

Remote 
Sensing 
(Satellite)

Global data 
collection; long- 
term monitoring

Lower signal-to-noise 
ratio; interference 
from vegetation and 
atmospheric factors

Global 
agricultural 
management

Table 2 
A comparative review of spectral preprocessing techniques for precise soil NPK 
estimation.

Preprocessing Description Advantages Challenges Application 
Scenario

Moving 
Average 
(MA)

Applies a 
sliding 
window to 
compute the 
average

Simple and 
reducing 
random 
noise.

Requires 
balance in 
window size to 
avoid 
oversmoothing.

Simple 
signals with 
significant 
noise.

Savitzky- 
Golay (SG)

Uses 
polynomial 
fitting to 
smooth data

Retains 
signal 
details, 
especially 
sharp 
features.

Sensitive to 
polynomial 
order and 
window size

Complex 
spectral data 
that require 
shape 
preservation.

Wavelet 
Transform 
(WT)

Decomposes 
signal in 
time/ 
frequency 
domains

Handles 
both 
localized 
and broad 
spectral 
features.

More complex 
to implement 
and interpret.

Best for 
multi-scale 
noise 
handling and 
signal 
analysis.

Gaussian 
Smoothing 
(GS)

Convolves 
with a 
Gaussian 
kernel to 
reduce noise.

Smooths 
noise while 
preserving 
overall data 
trends.

May blur sharp 
transitions in 
the signal.

Suitable for 
spectra with 
evenly 
distributed 
noise.

Median 
Filtering 
(MV)

Replaces 
each point 
with the 
median of its 
neighbors

Effective at 
removing 
spike noise 
and 
preserving 
edges.

Less effective 
for continuous 
noise and small 
variations.

Best for 
signals with 
impulsive 
spike noise.

Formula

MA : yi,smooth =
1

2k + 1
∑k

i=− k
yi+j

SG : yi,smooth =
∑k

i=− k
cj⋅yi+jcj : The coefficients of the Savitzky-Golay filter

WT : W(a,b) =
1̅
̅̅
a

√

∫ ∞

− ∞
y(t)ψ*

(
t − b

a

)

dta/b: Scale/Translation parameter; ψ*: 

Complex conjugate

GS : yi,smooth =
∑k

j=− k
G(j)⋅yi+jG(j) is the Gaussian function

MA : yi,smooth = median
{
yi− k,…,yi,…,yi+k

}

Note: yi represents original data value at position; yi,smooth defines smoothed 
data value at position; k represents half the window width.
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Median Filtering preserves edges by replacing values with neighborhood 
medians [40].

Multivariate scatter correction (MSC) and standard normal variate 
(SNV) transformations are crucial for augmenting spectroscopy by 
elucidating complex features such as steps, peaks, and valleys, which 
correlate significantly with soil nutrient content while minimizing 
environmental and instrumental influences [41] (Fig. 4B and C). MSC 
employs regression analysis between measured and reference spectra, 
using derived regression coefficients (slope and intercept) to correct the 
measured data and eliminate scattering effects due to irregular soil 
particle sizes and distribution. In contrast, SNV standardizes the sample 
by calculating the standard deviation across all variables and normal
izing accordingly. Research suggests that MSC and SNV typically exhibit 
linear correlation and yield similar results [42].

Selecting the appropriate preprocessing technique is crucial and 
depends on soil characteristics, environmental conditions, and specific 
spectral data features. SG smoothing combined with MSC has proven 
highly effective in predicting soil nutrients [43,44]. Additionally, WT 
has demonstrated significant advantages for improving nitrogen pre
diction accuracy [45,46]. By choosing the most suitable methods, the 
shape and characteristic features of the spectral curve can be preserved, 
leading to more reliable predictions.

3.2. Spectral data transformation and feature bands selection

Spectral transformation techniques, such as derivative processing, 
are extensively employed to enhance spectral information by removing 
baseline shifts and improving the identification of key absorption fea
tures (Fig. 4D and E). First-order derivatives effectively correct baseline 
variations and minimize linear background interference, making them 
particularly advantageous for predicting soil nutrients with low con
centrations or weak absorption peaks [47,48]. However, derivative 
processing inherently retains noise while attenuating the signal, poten
tially reducing the signal-to-noise ratio. Higher-order derivatives (e.g., 
third or fourth) can improve spectral resolution but significantly amplify 
noise, complicating data interpretation and reducing reliability.

After transforming the spectral data, feature band selection is critical 
to improving model accuracy and efficiency by eliminating irrelevant 
spectral bands. Common methods include correlation coefficient anal
ysis, stepwise regression, competitive adaptive reweighted sampling 
(CARS), uninformative variable elimination (UVE), and genetic algo
rithms (GA). Each method has strengths depending on the complexity of 
the dataset and the relationships between variables.

Variable selection methods vary significantly in their effectiveness. 
CARS and UVE are especially useful for simplifying models by removing 
redundant information, while GA offer a robust approach for selecting 
optimal wavelengths [49–51]. These methods help improve model 
performance by focusing on the most informative spectral bands, 
reducing model complexity, and enhancing predictive power.

3.3. Quantitative modelling methods for soil nitrogen, phosphorus, and 
potassium

Quantitative modelling methods establish mathematical relation
ships between infrared spectral data and soil NPK content. Commonly 
used techniques include multivariate linear regression (MLR), partial 
least squares regression (PLSR), and principal component regression 
(PCR). Nonlinear methods, such as support vector machines (SVM), 
random forests (RF), artificial neural networks (ANN), and Gaussian 
process regression (GPR), are gaining popularity due to their ability to 
model complex relationships in spectral data.

PLSR, a widely used linear approach, integrates principal component 
analysis to decompose spectral data and select the most informative 
components for regression [52]. It has shown consistent performance for 
predicting soil NPK levels. Nonlinear methods, such as SVM and RF, 
leverage kernel functions to handle non-linearities and can provide 
higher accuracy, especially in heterogeneous soil environments [53]. 
ANN, inspired by biological neural networks, excels in capturing com
plex patterns and has been increasingly applied in NPK modelling [54].

Recent advances in deep learning, particularly in backpropagation 
neural networks (BPNN) and convolutional neural networks (CNN), 
have enhanced model accuracy for soil nutrient prediction. BPNN op
timizes prediction by adjusting network weights through gradient 
descent, while CNN captures spatial relationships in spectral data [55]. 
These methods often outperform simpler techniques due to their ability 
to capture nonlinear relationships. However, they typically require 
larger datasets and precautions to avoid misleading results [56]. For 
small and simple datasets, simpler models are advisable, as they enhance 
interpretability by focusing on practical and meaningful predictor var
iables rather than relying solely on model capabilities to "choose the best 
variables [57].

4. Accuracy and applicability of different soil nitrogen, 
phosphorus, and potassium spectroscopy models

Progress has been made in developing infrared spectroscopy models 
that, with improved feature extraction, preprocessing, and robust 
regression, better predict soil NPK concentrations. Models for total and 
available nitrogen show high accuracy due to clearer absorption bands 
and strong spectral correlations. However, modelling phosphorus and 
potassium remains challenging due to weaker absorption features, 
leading to lower prediction accuracy. Advancing feature band selection 
and regression techniques is key to improving these models. Future 
research should focus on refining these methods to enhance prediction 
reliability and robustness, particularly for phosphorus and potassium.

4.1. Soil nitrogen spectroscopy model

Numerous studies have demonstrated the potential of using infrared 
spectroscopy to analyze total nitrogen (TN) content in soil (Table 3). 
PLSR combined with near-infrared (NIR) or mid-infrared (MIR) spec
troscopy is widely used, showing reliable accuracy across different soil 
types and conditions [58–64]. With a higher number of spectral bands, 
MIR typically outperforms NIR in predicting TN due to its enhanced 
sensitivity to nitrogen-related molecular vibrations [65,66]. However, 
in certain cases, NIR has shown comparable accuracy, particularly when 
paired with advanced regression models such as SVM and ANN [66–70].

Recent studies have shown that nonlinear methods, including SVM 
and ANN, provide more accurate predictions than linear methods like 

Fig. 3. Illustration of moving average and Savitzky-Golay smoothing methods.
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PLSR, particularly in heterogeneous soil conditions. These models cap
ture complex nonlinear relationships in spectral data, leading to 
improved TN prediction performance. For example, Shao et al. found 
that combining infrared spectroscopy with SVM models resulted in 
higher predictive accuracy for TN compared to traditional PLSR models 
[91].

In addition to TN, infrared spectroscopy has been applied to estimate 
soil available nitrogen (AN). Viscarra Rossel et al. summarized studies 
on soil AN spectroscopy conducted between 1986 and 2002, reporting 
that the validation R2 for predicting AN using laboratory-acquired 
spectra ranged from 0.72 to 0.92 [93]. Typically, the accuracy of 
in-situ spectroscopy for predicting AN is significantly lower than that of 
laboratory spectroscopy [70]. Shao et al. using 280 soil samples from 
Zhejiang, China, established an available nitrogen model by applying a 

least squares support vector machine (LS-SVM) to NIR, MIR, and 
NIR-MIR data [91]. The study revealed that SVM combined with NIR 
data led to high predictive accuracy for AN. Additionally, Paz-Kagan 
et al. utilized NIR and PLSR models to predict the concentrations of 
ammonium nitrogen (N–NH4

+) (R2 = 0.83 and ratio of performance to 
deviation (RPD) = 2.43) and nitrate nitrogen (N–NO3

- ) (R2 = 0.81 and 
RPD = 2.68), yielding satisfactory results.

4.2. Soil phosphorus spectroscopy model

Research on soil total phosphorus (TP) modelling using infrared 
spectroscopy has faced challenges due to the complex chemical forms of 
phosphorus in soil and its weak absorption features (Table 4). Unlike 
nitrogen, phosphorus is present in both organic and inorganic forms, 

Fig. 4. Changes in spectral curves after preprocessing of mid-infrared spectroscopy. A: raw spectra, B: multiplicative scatter correction, C: standard normal variate, 
D: First derivative, E: Second derivative.
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Table 3 
Summary of soil nitrogen content estimations using VNIR and MIR spectroscopy. Soil properties assessed include total nitrogen (TN, g kg− 1), available nitrogen (AN, 
mg kg− 1), ammonium nitrogen (N–NH4

+, mg kg− 1), and nitrate nitrogen (NO3
− N, mg kg− 1). Prediction quality is categorized as: A (well predicted, R2 

> 0.8), B 
(acceptable prediction, 0.6 < R2 ≤ 0.8) and C (poor prediction, R2 ≤ 0.6). RPD refers to the ratio of performance to deviation. The R2 and RPD values presented are 
validation R2 and validation RPD. MBL refers to memory-based learning. M-PLSR refers to Modified-PLSR.

Predicted properties Regression technique (R2; RPD) IR technique Measure Samples Concentration range References

TN PLSR (0.86; -)B NIR Lab 165 0.06-0.08 [58]
TN PLSR (0.80; 2.77)B NIR Lab 400 0.08–12.56 [71]
TN PLSR (0.93; -)A NIR Lab 60 – [59]
TN PLSR (0.98; 7.56)A NIR Lab 431 0.47-3.10 [60]
TN PLSR (0.79; 2.21)A NIR Lab 308 0.7–12.2 [72]
TN PLSR (0.74; 2.0)B NIR Lab 70 0.6-3.5 [73]
TN PLSR (0.77; 2.00)B NIR Lab 360 0.74-4.67 [74]
TN PLSR (0.87; 2.60)A NIR In suit 130 0.7-2.4 [61]
TN PLSR (0.86; 2.66)A NIR In suit 131 0.18-10.12 [62]
TN PLSR (0.69; 1.78)A NIR In suit 130 – [75]
TN PLSR (0.72; 1.89)B VNIR Lab 62 0.43-2.18 [76]
TN PLSR (0.89; 3.0)B VNIR Lab 122 1.5–5.5 [63]
TN PLSR (0.86; 1.96)A MIR Lab 291 – [77]
TN PLSR (0.95; -)A MIR Lab 180 10.2–126.0 [64]
TN PLSR (0.35; 1.30)C MIR Lab 68 0.5–20.6 [78]
TN PLSR (0.85; 4.12)A NIR Lab 544 0.3-2.2 [65]
​ PLSR (0.93; 4.39)A MIR ​ ​ ​ ​
TN PLSR (0.95; 4.12)A NIR Lab 217 0.6-2.8 [79]
​ PLSR (0.96; 4.39)A MIR ​ ​ ​ ​
TN PLSR (0.54; -)C NIR Lab ​ – [15]
​ PLSR (0.30; -)C MIR ​ ​ ​ ​
TN PLSR (0.73; 1.89)B VNIR Lab 458 0–3.8 [80]
​ PLSR (0.71; 1.82)B MIR ​ ​ ​ ​
TN PLSR (0.75; -)B NIR Lab 2825 0.05–7.50 [81]
​ PLSR (0.74; -)B MIR ​ ​ ​ ​
​ PLSR (0.75; -)B NIR–MIR ​ ​ ​ ​
TN M-PLSR (0.89; 3.0)A VNIR In suit 201 0.04-0.46 [82]
TN ANN (0.86; 2.54)A NIR Lab 151 0.8-2.8 [67]
TN RF (0.86; -)A MIR Lab 700 0.1–10.0 [83]
TN PLSR (0.73; -)B VNIR Lab 701 0.10-3.62 [66]
​ SVM (0.75; -)B ​ ​ ​ ​ ​
​ PLSR (0.90; -)A MIR ​ ​ ​ ​
​ SVM (0.86; -)A ​ ​ ​ ​ ​
TN PLSR (0.86; -)A MIR Lab 20153 0–6.91 [69]
​ ANN (0.97; -)A ​ ​ ​ ​ ​
TN PLSR (0.87; 2.81)A VNIR Lab 183 0.3–3.7 [70]
​ PLSR (0.86; 2.68)A ​ In suit ​ ​ ​
​ SVM (0.88; 3.05)A ​ In suit ​ ​ ​
TN PLSR (0.92; 3.56)B VNIR Lab 105 0.6-3.9 [84]
​ MLR (0.96; 5.16)C ​ ​ ​ ​ ​
TN PLSR (0.71; 1.82)B MIR Lab 458 0–3.8 [85]
​ GPR (0.85; 2.52)A ​ ​ ​ ​ ​
TN PLSR (0.82; 2.35)A VNIR Lab 148 0.39-4.25 [86]
​ PCR (0.78; 2.13)B ​ ​ ​ ​ ​
​ BPNN (0.83; 2.44)A ​ ​ ​ ​ ​
​ SVM (0.86; 2.69)A ​ ​ ​ ​ ​
TN PLSR (0.95; -)A MIR Lab 54211 0–419 [87]
​ MBL (0.97; -)A ​ ​ ​ ​ ​
AN PLSR (0.69; 1.60)B NIR In suit 130 1.5–15.4 [61]
AN BPNN (0.90; -)A VNIR Lab 144 74.5–181.2 [88]
AN PLSR (0.44; 1.32)C MIR In suit 300 25.6–133.5 [89]
AN PLSR (0.71; -)B VNIR Lab 100 14.04–60.41 [90]
AN PLSR (0.86; 2.49)A VNIR Lab 183 15.8–295.0 [70]
​ PLSR (0.76; 1.91)B ​ In suit ​ ​ ​
​ SVM (0.76; 1.91)B ​ In suit ​ ​ ​
AN PLSR (0.85; -)A NIR Lab 280 32.26–208.30 [91]
​ SVM (0.90; -)A ​ ​ ​ ​ ​
​ PLSR (0.83; -)A MIR ​ ​ ​ ​
​ SVM (0.87; -)A ​ ​ ​ ​ ​
​ PLSR (0.84; -)A NIR–MIR ​ ​ ​ ​
​ SVM (0.88; -)A ​ ​ ​ ​ ​
N–NH4

+ PLSR (0.83; 2.43)A VNIR Lab 220 – [92]
N–NH4

+ PLSR (0.92; 3.40)A VNIR Lab 105 0.45–110.99 [84]
​ MLR (0.92; 3.49)A ​ ​ ​ ​ ​
N–NO3

- PLSR (0.81; 2.68)A VNIR Lab 220 – [92]
N–NO3

- PLSR (0.73; 1.89)B VNIR Lab 105 1.32–126.56 [84]
​ MLR (0.53; 1.37)C ​ ​ ​ ​ ​
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complicating its spectral detection [94]. PLSR combined with VNIR 
spectroscopy has been used to achieve moderate success in predicting TP 
content, but the accuracy remains suboptimal due to the poor correla
tion between phosphorus’s spectral characteristics and its concentration 
in the soil [15,60,86,95,96].

Machine learning models, such as SVM and ANN, show promise in 
improving the predictive power of phosphorus models by capturing 
nonlinear relationships in the data [68,91,107,108]. However, the 
generalization ability of these models still needs improvement, partic
ularly when dealing with diverse soil types and varying phosphorus 
availability [75,77,95,101–104]. Furthermore, MIR spectroscopy, 
which provides more detailed molecular information, has shown po
tential for enhancing phosphorus predictions but requires further 

research to optimize its application. The introduction of feature selec
tion methods, such as CARS and UVE, has contributed to better identi
fication of phosphorus-related spectral bands. However, the challenge of 
extracting reliable spectral information from weak phosphorus absorp
tion signals remains a key area for future research [68,100,106].

4.3. Soil potassium spectroscopy model

PLSR has also been applied to determine the total potassium content 
in soil (Table 5). The weak and dispersed infrared absorption features of 
total soil potassium pose challenges for PLSR models in extracting suf
ficient information for accurate predictions [75,111]. Despite the 
inherent advantage of neural network models in managing complex 

Table 4 
Summary of soil phosphorus content estimations using VNIR and MIR spectroscopy. Soil properties assessed include total phosphorus (TP, mg kg− 1), available 
phosphorus (P-avl, mg kg− 1). Prediction quality is categorized as: A (well predicted, R2 

> 0.8), B (acceptable prediction, 0.6 < R2 
≤ 0.8) and C (poor prediction, R2 

≤

0.6). RPD refers to the ratio of performance to deviation. The R2 and RPD values presented are validation R2 and validation RPD. M-PLSR refers to Modified-PLSR. The 
units in references 15 and 98 are cmolc dm− 3 and kg ha− 1, respectively.

Predicted properties Regression technique (R2; RPD) IR technique Measure Samples Concentration range References

TP PLSR (0.26; -)C VNIR Lab 36 211–1232 [97]
TP PLSR (0.61; 1.60)B VNIR Lab 146 10–7490 [95]
TP PLSR (0.69; 2.82)B VNIR Lab 448 0.01–2870 [96]
TP PLSR (0.07; 0.93)C NIR In suit 216 – [75]
TP PLSR (0.36; 1.26)C VNIR Lab 450 7.00–591.96 [94]
​ RF (0.25; 1.16)C ​ ​ ​ ​ ​
​ PLSR (0.39; 1.29)C MIR ​ ​ ​ ​
​ RF (0.20; 1.13)C ​ ​ ​ ​ ​
TP PCR (0.69; 1.78)B VNIR Lab 148 220–1100 [86]
​ PLSR (0.72; 1.90)B ​ ​ ​ ​ ​
​ BPNN (0.74; 1.95)B ​ ​ ​ ​ ​
​ SVM (0.76; 2.03)B ​ ​ ​ ​ ​
TP PLSR (0.55; -)C VNIR Lab 379 130–913 [98]
​ Cubist (0.65; -)B ​ ​ ​ ​ ​
​ SVM (0.85; -)C ​ ​ ​ ​ ​
​ XGBoost (0.77; -)C ​ ​ ​ ​ ​
AP PLSR (0.26;-)C VNIR Lab 798 12–1660 [99]
AP PLSR (0.56; 1.51)C VNIR Lab 146 0.06–124.89 [95]
AP PLSR (0.69; 1.80)B VNIR In suit 175 19.90–121.91 [100]
AP PLSR (0.25; 1.1)C NIR Lab 148 0–69.6 [101]
AP PLSR (0.69; 2.2)B NIR Lab 70 6–212 [73]
AP PLSR (0.95; 4.53)A NIR Lab 431 0–64 [60]
AP PLSR (0.72; 1.80)B NIR In suit 130 – [61]
AP PLSR (0.10; 1.02)C NIR In suit 216 – [75]
AP PLSR (0.48; 0.50)C MIR Lab 291 – [77]
AP PLSR (0.50; 0.81)C MIR Lab 1456 3.15–33.20 [102]
AP PLSR (0.07; -)C MIR Lab 186 50–900 [103]
AP PLSR (0.43; 1.31)C MIR In suit 300 60.0–289.0 [89]
AP PLSR (0.62; -)B MIR Lab 54211 0–224 [87]
AP PLSR (0.05; 0.01)C VNIR Lab 198 2.0–117.0 [104]
​ PLSR (0.23; 1.9)C MIR ​ ​ ​ ​
AP PLSR (0.90; -)A NIR Lab 100 4.0–540.0 [15]
​ PLSR (0.84; -)A MIR ​ ​ ​ ​
AP PCR (0.80; -)B NIR In suit 108 13.2–248.1 [105]
AP ANN (0.81; -)A VNIR Lab 41 – [106]
AP BPNN (0.81; 2.23)A VNIR Lab 153 – [107]
AP BPNN (0.82; -)A VNIR Lab 144 6.0–304.7 [88]
AP M-PLSR (0.70; 1.80)B VNIR In suit 201 17.5–177.5 [82]
AP SVM (0.80; 2.27)A VNIR Lab 235 0.47-46.14 [108]
AP SVM (0.24; -)C VNIR Lab 1259 – [109]
​ SVM (0.38; -)C MIR ​ ​ ​ ​
AP MLR (0.52; -)C NIR Lab 118 0.42–161.00 [110]
AP PLSR (0.39; 1.17)C VNIR Lab 105 2.15–337.52 [84]
​ MLR (0.48; 1.33)C ​ ​ ​ ​ ​
AP PLSR (0.14; 1.08)C MIR Lab 20000 0–595 [69]
​ ANN (0.16; 1.09)C ​ ​ ​ ​ ​
AP PLSR (0.82; -)A NIR Lab 280 25.26–343.50 [91]
​ SVM (0.83; -)A ​ ​ ​ ​ ​
​ PLSR (0.85; -)A MIR ​ ​ ​ ​
​ SVM (0.88; -)A ​ ​ ​ ​ ​
​ PLSR (0.83; -)A NIR–MIR ​ ​ ​ ​
​ SVM (0.85; -)A ​ ​ ​ ​ ​
AP PLSR (0.29; 1.17)C VNIR Lab 183 0.7–108.0 [70]
​ PLSR (0.43; 1.33)C ​ In suit ​ ​ ​
​ SVM (0.36; 1.27)C ​ ​ ​ ​ ​
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nonlinear relationships and their demonstrated improvements over 
PLSR and PCR models in predicting soil total potassium content, their 
accuracy remains suboptimal and requires further enhancement to 
achieve satisfactory levels [86,112].

Whether using near-infrared or mid-infrared spectroscopy, the ac
curacy of PLSR models for predicting soil available potassium, including 
exchangeable potassium, remains generally low [70,80,81,101,103,97,
99]. The introduction of neural network models has significantly 
improved the prediction accuracy for soil AK and K-exch, with the R2 

value for soil available potassium exceeding 0.8 [68,106]. SVM models 
demonstrate high prediction accuracy for soil available potassium but 
show lower accuracy for exchangeable potassium [91,108,109].

5. Factors influencing NPK spectroscopy model accuracy and 
directions for future research

Soil spectral reflectance is influenced by measurement conditions 
and intrinsic properties like moisture, organic matter, and minerals 
(Fig. 5). At specific wavelengths, soil spectral characteristics is tied to 
molecular vibrations and electronic transitions, directly impacting NPK 
quantification [118]. Accurately identifying and correcting for inter
ference factors, such as moisture and surface roughness, is crucial for 
enhancing the precision and stability of NPK spectral models.

Table 5 
Summary of soil potassium content estimations using VNIR and MIR spectroscopy. Soil properties assessed include total potassium (TK, g kg− 1), available potassium 
(K-avl, mg kg− 1) and exchangeable potassium (K-exch, mg kg− 1). Prediction quality is categorized as: A (well predicted, R2 

> 0.8), B (acceptable prediction, 0.6 < R2 
≤

0.8) and C (poor prediction, R2 ≤ 0.6). RPD refers to the ratio of performance to deviation. The R2 and RPD values presented are validation R2 and validation RPD. M- 
PLSR refers to Modified-PLSR. The units in references 79, 93, 87, 74, 75, and 116 are cmolc kg⁻1. The units in references 60 and 98 are cmolc dm− 3 and kg ha− 1, 
respectively.

Predicted properties Regression technique (R2; RPD) IR technique Measure Samples Concentration range References

TK PLSR (0.72; 1.68)B VNIR Lab 146 2.7–46.0 [95]
TK PLSR (0.39; 1.26)C NIR In suit 216 – [75]
TK PLSR (0.12; -)C VNIR In suit 134 – [111]
TK M-PLSR (0.72; -)B VNIR Lab 317 0.13-1.40 [113]
TK PCR (0.54; 1.78)C VNIR Lab 148 4.97-29.94 [86]
​ PLSR (0.58; 1.90)C ​ ​ ​ ​ ​
​ BPNN (0.65; 1.95)B ​ ​ ​ ​ ​
​ SVM (0.63; 2.03)B ​ ​ ​ ​ ​
TK PCR (0.29; 1.19)C VNIR Lab 178 – [112]
​ PLSR (0.34; 1.23)C ​ ​ ​ ​ ​
​ LS-SVM (0.22; 1.14)C ​ ​ ​ ​ ​
​ BPNN (0.45; 1.34)C ​ ​ ​ ​ ​
AK PLSR (0.34;-)C VNIR Lab 798 40–2050 [99]
AK PLSR (0.79; 2.27)B NIR Lab 431 0.05-1.60 [60]
AK PLSR (0.01; 1.02)C NIR In suit 216 – [75]
AK PLSR (0.34; -)C MIR Lab 186 – [103]
AK RF (0.51; -)C MIR Lab 700 0.1–90.0 [83]
AK PCR (0.6; -)B NIR Lab 106 114–849 [105]
AK ANN (0.8; -)A VNIR Lab 41 – [106]
AK BPNN (0.94; -)A VNIR Lab 144 80.2–866.5 [68]
AK PLSR (0.07; 0.77)C VNIR Lab 183 32.5–105.0 [70]
​ PLSR (0.03; 0.89)C ​ In suit ​ ​ ​
​ SVM (0.14; 0.91)C ​ ​ ​ ​ ​
AK PLSR (0.71; 1.59)B VNIR Lab 105 25.89–6600.24 [84]
​ MLR (0.95; 4.26)C ​ ​ ​ ​ ​
AK PLSR (0.80; -)A NIR Lab 280 41.52–343.5 [91]
​ SVM (0.83; -)A ​ ​ ​ ​ ​
​ PLSR (0.85; -)A MIR ​ ​ ​ ​
​ SVM (0.89; -)A ​ ​ ​ ​ ​
​ PLSR (0.83; -)A NIR–MIR ​ ​ ​ ​
​ SVM (0.85; -)A ​ ​ ​ ​ ​
K-exch PLSR(0.62;-)C VNIR Lab 36 0–3.1 [97]
K-exch PLSR (0.70; 1.5)B NIR Lab 70 210–890 [73]
K-exch PLSR(0.28; 1.1)C NIR Lab 148 0–1.4 [101]
K-exch PLSR (0.18; 1.09)C MIR In suit 300 35–360 [89]
K-exch PLSR (0.33; -)C MIR Lab 183 – [103]
K-exch PLSR (0.45; 1.32)C VNIR Lab 458 0.1–4.2 [80]
​ PLSR (0.39; 1.27)C MIR ​ ​ ​ ​
K-exch PLSR (0.47; -)C NIR Lab 2825 0.04-1.78 [81]
​ PLSR (0.54; -)C MIR ​ ​ ​ ​
​ PLSR (0.59; -)C NIR–MIR ​ ​ ​ ​
K-exch MPLS (0.90; 3.2)A VNIR In suit 201 31–684 [82]
K-exch PCR (0.55; -)C VNIR Lab 149 16.2–1757.2 [114]
K-exch BPNN (0.82; -)B VNIR Lab 168 70–780 [115]
K-exch SVM (0.32; 1.22)C VNIR Lab 233 14–438 [108]
K-exch SVM (0.21; -)C VNIR Lab 1259 – [109]
​ SVM (0.25; -)C MIR ​ ​ ​ ​
K-exch MLR (0.48; -)C NIR Lab 118 – [110]
K-exch PLSR (0.63; 1.44)B VNIR Lab 168 26–93 [116]
​ BPNN (0.68; 1.52)B ​ ​ ​ ​ ​
K-exch PLSR (0.50; -)C MIR Lab 54211 0–1150 [87]
​ MBL (0.72; -)B ​ ​ ​ ​ ​
K-exch PLSR (0.64; -)B MIR Lab 40000 0–32.33 [117]
​ CNN (0.79; -)B ​ ​ ​ ​ ​
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5.1. Spectroscopy measurements

Laboratory factors affecting analysis mainly include geometric con
ditions like light sources, probe-to-soil distance, and angles. Increased 
distance between soil samples and sensors significantly affects sensor 
output due to external light [119]. In situ measurements are primarily 
influenced by the relative movement between the soil surface and the 
spectroscopy probe. Studies indicate that after baseline correction, this 
relative movement is the main source of error, rather than the variation 
in distance between the soil surface and the probe [120]. In addition, in 
situ spectroscopy is influenced by environmental factors such as light, 
humidity, and soil surface properties (e.g., roughness, clods, slope) 
[121]. Soil moisture also significantly affects in situ measurements. 
Rossel et al. compared spectra of air-dried, ground, and sieved soil 
samples in the lab with untreated field samples, identifying key differ
ences at 1400 nm and 1900 nm [122].

Methods like EPO, spectral transformation (DS), and orthogonal 
signal correction (OSC) are used to eliminate environmental influences 
such as soil moisture and surface characteristics. EPO, introduced by 
Roger et al. for removing temperature effects in fruit sugar content 
prediction, projects spectra onto a space orthogonal to the influencing 
factors [123]. This approach has since been applied to soil moisture and 
roughness. DS analyses the difference spectra between field and lab 
measurements to establish a correlation and remove environmental 
factors [27]. Despite receiving limited attention, OSC demonstrates 
potential advantages over conventional methods, as it decouples labo
ratory sample requirements from field locations and effectively elimi
nates extraneous variability, such as environmental noise and 
instrumental artifacts, from the data [124].

5.2. Feature band selection

Since soil spectra are the result of the comprehensive inversion of soil 
components, the selection of soil NPK spectroscopy features are influ
enced by other soil parameters. Therefore, it is essential to identify the 
key factors that interfere with NPK feature extraction and understand 
their patterns. Mitigating the impact of interference factors remains a 
key focus for future research aimed at improving the accuracy of pre
diction models.

5.2.1. Soil minerals
Soil minerals constitute more than 90 % of dry soil, and the parent 

material of the soil determines the fundamental shape (skeleton) of the 
soil reflectance spectroscopy [125]. Clay minerals (e.g., montmoril
lonite, kaolinite, illite) exhibit distinct infrared absorption bands. These 

mineral-specific bands can overlap or interfere with the characteristic 
absorption bands of NPK, reducing quantification accuracy [126]. For 
instance, the O–H group in clay minerals displays prominent absorption 
peaks in the near and mid-infrared regions, which may coincide with 
phosphate absorption peaks, potentially complicating the prediction of 
phosphorus content [127,128]. The particle size, morphology, and 
surface properties of soil minerals can affect their infrared spectral 
performance. For example, finer particles have larger specific surface 
areas, leading to stronger scattering effects, which may weaken or 
enhance absorption intensity at specific wavelengths, thereby impacting 
the spectral identification of NPK characteristics [129]. Iron oxides can 
significantly affect the soil’s reflective and absorptive spectra, leading to 
characteristic absorption peaks in specific bands, such as the visible 
region (500–700 nm) and the near-infrared region (900–1100 nm) [130,
131]. Soils with higher iron oxide content typically exhibit lower 
reflectance [132]. The strong absorptive capacity of iron oxides can 
interfere with the spectral signals of NPK, causing their characteristic 
absorption peaks to be obscured or shifted. This interference may reduce 
the accuracy of spectral models in predicting soil nutrient content. 
Additionally, carbonates (such as calcite and dolomite) exhibit specific 
absorption features in the NIR and MIR spectral regions, which can 
overlap or interfere with the absorption peaks of NPK elements. This 
overlap can hinder the accurate identification and quantification of the 
characteristic absorption peaks of NPK in soil spectra [133].

5.2.2. Soil organic matter
Soil spectral reflectance is significantly negatively correlated with 

soil organic matter content [134]. The removal of soil organic matter 
can enhance the soil reflectance within the 400–2500 nm range [163]. 
Ben-Dor et al. demonstrates that the decrease in reflectance is particu
larly significant in soils with high organic matter content [135]. Studies 
indicate that organic matter exhibits absorption peaks between 1100 nm 
and 2500 nm [135,136], which overlap with the characteristic absorp
tion regions of soil NPK. This overlap can obscure the spectral signals of 
NPK, making them difficult to distinguish and thus reducing the accu
racy of predictive models. Furthermore, organic matter may cause shifts 
or distortions in NPK absorption peaks due to potential physical or 
chemical interactions between organic matter and NPK elements [135]. 
For instance, acidic functional groups in organic matter might react with 
soil phosphates, altering the chemical environment of phosphorus and 
causing slight shifts in its spectral absorption peaks [137,138]. The 
presence of organic matter complicates the effective modelling of soil 
NPK spectral signals using simple linear regression, necessitating the use 
of more advanced multivariate analysis methods, such as SVM.

Fig. 5. Factors influencing the accuracy of soil NPK spectral models under in situ and laboratory conditions.
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5.2.3. Mitigation of interference effects
Soil spectra encapsulate the intricate interactions among various soil 

components, with the spectral characteristics of NPK being significantly 
influenced by minerals, organic matter, and iron oxides [8]. Enhancing 
the accuracy of NPK prediction models necessitates the mitigation of 
interference from these non-target components [139]. Although spectral 
preprocessing can reduce some interference, its effectiveness is limited. 
A more promising strategy involves excluding spectral bands signifi
cantly affected by other soil components (such as clay minerals, iron 
oxides, and organic matter), while selecting those closely related to NPK. 
In this context, the selection of an appropriate calibration set plays a 
vital role in mitigating interference [140,141]. A diverse and repre
sentative calibration set can ensure that the model effectively distin
guishes between target NPK features and interfering factors, such as 
overlapping absorption bands of organic matter or minerals. A 
well-designed calibration set not only enhances the robustness of 
correction models but also improves the reliability of spectral band se
lection by elucidating key patterns in spectral data [142,143]. For 
instance, by including samples spanning a wide range of organic matter 
and clay contents, such a calibration set enables models to better 
accommodate spectral variability induced by these factors. Additionally, 
understanding the mechanisms of interference and integrating correc
tion factors for components such as organic matter and clay into models 
can further enhance accuracy.

Future research should prioritize the following: 1) systematic iden
tification of interference mechanisms and their corresponding spectral 
ranges to minimize overlap with target features, 2) development of 
advanced correction sub-models to address these confounding factors, 
and 3) establishment of standardized guidelines for calibration set 
construction to optimize its effectiveness in mitigating interference. 
These advancements will collectively improve the precision and reli
ability of NPK prediction models, ultimately supporting the develop
ment of precision agriculture and sustainable soil management 
practices.

5.3. Future modelling strategy

The inherent complexity of soil components often introduces non
linearities in spectral data due to significant interference among these 
components. Machine learning techniques, particularly ANN, have 
gained attention due to their robust nonlinear mapping capabilities. 
Unlike traditional regression models, ANN operate through a data- 
driven approach, identifying patterns without requiring explicit theo
retical assumptions about variable independence [144]. While this 
capability is advantageous, it also increases the risk of overfitting—a 
phenomenon where models excel on training data but perform poorly on 
validation or unseen datasets [145]. Overfitting is commonly caused by 
limited dataset size, excessive model complexity, and noise within 
spectral data, leading to high performance indicators (e.g., R2) during 
calibration but reduced prediction accuracy during validation or prac
tical application.

To address overfitting, several strategies have proven effective. 
Beyond careful selection of representative calibration datasets and 
optimized feature band selection, regularization techniques like Ridge 
and LASSO Regression control model complexity by introducing penalty 
terms, reducing the risk of overfitting [146]. Furthermore, k-fold 
cross-validation, when paired with independent test sets, not only pro
vides a reliable evaluation of model performance but also enhances its 
generalization across diverse datasets [147].

Future research encourages the integration of statistical and machine 
learning models to develop hybrid approaches that balance data inter
pretability with strong generalization while addressing critical chal
lenges like overfitting and interference. For instance, combining neural 
networks with chemometric methods—such as principal component 
regression neural networks (PCR-ANN) and partial least squares 
regression neural networks (PLSR-ANN)—has demonstrated potential to 

enhance model robustness, resistance to interference, and accuracy in 
infrared spectroscopy analysis [148,149]. Additionally, localized 
regression methods tailored to specific soil properties have proven 
effective in addressing both heterogeneity and nonlinear relationships 
[150,151]. By constructing calibration subsets based on criteria such as 
soil texture, organic matter content, or mineral composition, these 
methods improve model precision and applicability in diverse soil en
vironments. For instance, selecting samples with properties closely 
matching the estimation set enables models to accommodate large 
concentration ranges and significant sample variability, thereby 
enhancing both accuracy and robustness in practical applications [151].

6. Conclusion

The application of infrared spectroscopy for soil NPK estimation has 
shown significant promise in advancing precision agriculture through its 
potential for real-time, non-destructive soil nutrient assessment. This 
review highlights the substantial progress made in enhancing data 
acquisition techniques, refining spectral preprocessing methods, and 
optimizing modelling approaches, particularly with the integration of 
machine learning techniques. Despite these advancements, challenges 
remain, particularly in accounting for soil heterogeneity and environ
mental variability, which continue to impact model robustness and 
accuracy.

Future research must focus on refining spectral feature selection 
processes and developing more sophisticated correction sub-models to 
address the interference caused by soil components such as moisture, 
organic matter, and mineral content. Machine learning models, partic
ularly deep learning algorithms, offer new avenues for improving the 
predictive accuracy of NPK levels, but they require larger, more diverse 
datasets to avoid overfitting and enhance generalizability across 
different soil types and conditions.

To fully unlock the potential of infrared spectroscopy in soil nutrient 
management, further efforts are needed to improve phosphorus and 
potassium prediction models, which remain less accurate due to their 
weak absorption features. Collaborative research, leveraging the syn
ergy between hyperspectral data and advanced predictive algorithms, 
could propel the field forward, making soil NPK infrared spectroscopy a 
critical tool in addressing global food security challenges and promoting 
sustainable agricultural practices.
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