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 10 

Abstract 11 

Background: The estimation of total iron content at the regional scale is much of significance as iron 12 

deficiency has become a routine problem for many crops.  13 

Methods: In this study, a novel method for estimating total iron content in soil (TICS) was proposed 14 

using harmonic analysis (HA) and back propagation (BP) neural network model. Several data prepro- 15 

cessing methods of first derivative (FD), wavelet packet transform (WPT), and HA were conducted to 16 

improve the correlation between the soil spectra and TICS. The principal component analysis (PCA) was 17 

exploited to obtained three kinds of characteristic variables (FD-PCA, WPT-FD-PCA, and WPT-FD- 18 

HA-PCA) for TICS estimation. Furthermore, the estimated accuracy of three BP models based on these 19 

variables was compared.  20 

Results: The results showed that the BP models of different soil types based on WPT-FD-HA-PCA had 21 

better estimation accuracy, with the highest R2 value of 0.95, and the RMSE of 0.68 of the loessial soil. 22 

It was proved that the characteristic variable obtained by harmonic decomposition improved the validity 23 

of the input variables and the estimation accuracy of the TICS models. Meanwhile, it was identified that 24 

the WPT-FD-HA-PCA-BP model can not only estimate the total iron content of a single soil type with 25 

high accuracy but also demonstrate a good effect on the estimation of TICS of mixed soil. 26 



  

 

Conclusion: The HA method and BP neural network combined with WPT and FD have great potential 27 

in TICS estimation under the conditions of single soil and mixed soil. This method can be expected to 28 

be applied to the prediction of crop biochemical parameters. 29 

Keywords: total iron content, harmonic analysis, wavelet packet transform, principal component analy- 30 

sis, BP neural network 31 

1. Background 32 

Iron is an indispensable trace element for plants, whose content in soils largely relies on the pH 33 

value and the water content, and is influenced by root respiration, soil microbial activity, leaching, and 34 

erosion [1]. Accurate estimation of the total iron content in soil (TICS) is helpful for agronomists to 35 

adjust soil conditions, which is also the key to ensure the healthy growth of crops. Therefore, rapid and 36 

precise prediction of TICS has important practical value for precision agriculture [2,3].  37 

The traditional determination methods of TICS include the combination of field sampling and la- 38 

boratory measurement, assisted by atomic absorption spectrometry [4] and o-phenanthroline colorimetry 39 

[5]. Although a high accuracy was obtained, these methods were time-consuming and costly on a large- 40 

area application. In recent years, hyperspectral remote sensing (HRS) technology has the advantages of 41 

high resolution, fast speed, and high accuracy, which makes it possible to estimate the TICS in a large 42 

area quickly and efficiently [6]. HRS is one of the frontier remote sensing technologies since it provides 43 

continuous spectral information about each feature of the research object [7]. Several scholars have used 44 

HRS to predict nitrogen content [8], water content [9], and heavy metal content in soils [10]. They found 45 

that spectral preprocessing plays an important role in quantitative inversion and estimation. 46 

At present, the TICS retrieving accuracy of HRS is limited by using traditional preprocessing meth- 47 

ods due to the low iron contents and various existing forms in soils. For example, Bendor and Banin 48 

established a multiple linear regression model to predict the TICS by using 1075, 1025, and 425 nm 49 

spectral bands, with the highest R2 of 0.76 [11]. Subsequently, a large number of researchers applied first 50 

and second derivative [12], reciprocal and logarithm [13], continuum removal methods [14] to expand 51 

spectral differences and reduce noise interference, thereby increasing the correlation between spectral 52 

data and TICS. This can be seen in the case that Guo et al. analyzed the correlation between different 53 



  

 

spectral forms and the content of iron oxide in soil by different spectral transformations, and the highest 54 

inversion accuracy was 0.93 [15]. 55 

The characteristic bands were used to serve as the characteristic variables in many studies. How- 56 

ever, the soil spectral curve is a comprehensive manifestation of the interaction and superposition of 57 

various substances, thus the determination of the characteristic bands is not only difficult but also highly 58 

uncertain. Due to the complexity of soil compositions, the interference of other components will lead to 59 

the signal-to-noise ratio reduced under the conditions of low TICS in soils. Therefore, the selection of 60 

appropriate spectral denoising methods (such as wavelet transform, filtering, and average weighting) is 61 

of great importance. The wavelet transform has a strong ability to remove noise [16]. When it was applied 62 

to soil spectral data analysis, the spectral signal can be decomposed into sub-signals with different fre- 63 

quencies. It can effectively use the overall structural characteristics of spectral information, extract the 64 

weak information hidden in the spectral signal, and search for the best combination of sub-signal com- 65 

ponents to estimate the TICS. Gu et al. found that soil organic matter content can be retrieved using the 66 

high-frequency coefficients created with the wavelet transform and random forest algorithm [17].  67 

Harmonic analysis (HA) was proposed to transform the time domain of the preprocessed spectral 68 

data into the frequency domain [18]. Harmonic decomposition can suppress or eliminate the background 69 

noise of ground objects and achieve the effect of data compression. The best harmonic component ob- 70 

tained by harmonic decomposition can be used as the characteristic variable to construct the inversion 71 

model of TICS. The inversion accuracy of TICS depends on the selection of the inversion model and 72 

characteristic variables. Quantities of studies have shown that the statistical analysis methods can be 73 

applied to the hyperspectral inversion of TICS, and the back propagation (BP) neural network can deal 74 

with the nonlinear situation well in the estimation of TICS as a result of its strong self-learning ability 75 

[19]. As the significant differences in physical and chemical properties of different types of soils, the 76 

study of soil spectral characteristics is relatively complex. Therefore, it is meaningful to carry out the 77 

estimation of total iron content in different types of soils. 78 

In this paper, the hyperspectra of different types of soils were remotely measured from ground 79 

platforms. Meanwhile, various preprocessing technologies (mainly include WPT, FD, and HA) and PCA 80 

were employed for dimensionality reduction and feature variable extraction. Then the BP neural network 81 

models for TICS estimation of single soil and mixed soils were constructed. Our objectives are (1) to 82 

compare and evaluate several widely used characteristic variables for TICS estimation; (2) to analyze the 83 



  

 

improvement of the retrieving accuracy of TICS by the characteristic variables derived from HA, and (3) 84 

to apply the characteristic variables obtained by HA to three different types of soil to explore the optimal 85 

characteristic variables for TICS estimation of different soil types. 86 

2. Materials and Methods 87 

2.1. Study Area 88 

The field sampling experiments were conducted in Hengshan County, Shaanxi Province, China 89 

(37°22'N-38°14'N, 108°65'E-110°02'E), which belongs to the hilly and gully region of the Loess Plateau 90 

in the upper and middle reaches of the Yellow River with a total area of 4333 km2. Hengshan County 91 

was seriously affected by desertification due to the proximity to the Mu Us Desert. It belongs to the semi- 92 

dry continental monsoon climate, with an annual average temperature of 8.6℃ and average annual pre- 93 

cipitation of 399 mm. The soil of this area is mainly composed of loessial soil and sandy soil. The dif- 94 

ference in TICS was caused by the above comprehensive factors. The study area (Fig. 1) is conducive to 95 

estimating TICS in the districts with rich soil types. Taking Hengshan County as the study area, the 96 

occasionality and limitation caught by a single soil type can be avoided, which makes the research results 97 

more popularized and adaptable. 98 

 99 

Fig.1 Study area location and sampling points distribution. 100 



  

 

2.2. Measurements of Total Iron Content in Soil 101 

The soil sampling of TICS was performed in the flat terrain and bare soil areas. Two types of soil 102 

(loessial soil and sandy soil) were collected and four or five representative survey points in each sampling 103 

area were selected. At each sampling point, a sample of surface soil (about 5 cm) was dug up and put 104 

into a plastic bag. A total of 84 soil surface samples were collected, including 51 loessial soil samples 105 

and 33 sandy soil samples (Figure 1 and Table 1). All the collected samples were encapsulated and sent 106 

to be tested. The atomic absorption method was adopted to measure the TICS. 107 

Table 1. Descriptive statistics of total iron content in soil. 108 

Soil types Samples 
TICS (g/kg)  

Min Max Mean SD CV 

Loessial 

soil 
51 15.42 27.51 23.26 2.28 9.82% 

Sandy soil 33 7.20 27.18 19.20 4.60 23.98% 

Mixed soil 84 7.20 27.51 21.66 3.93 18.13% 

2.3. Measurements of Soil Spectral Reflectance 109 

The soils were grinded and then screened by a 2 mm diameter sieve to obtain the samples for meas- 110 

uring spectral reflectance. The spectral reflectance measurements of the preprocessed soil samples were 111 

conducted on the laboratory conditions in a dark room using an ASD Field Spec FR spectrometer (Ana- 112 

lytical Spectral Devices., Inc, USA). The spectrometer collected the hyperspectral reflectance from 350 113 

to 2500 nm with the spectral resolution of 3 nm during the range of 350 to 1000 nm and 10 nm during 114 

the range of 1000 to 2500 nm. A 50 W halogen lamp (0.5 m from the soil samples) was used as the only 115 

light source, and the vertical distance from the soil sample to the probe (field of view: 3°) was approxi- 116 

mately 0.2 m. A whiteboard (chemical composition: BaSO4) was used for relative radiometric correction. 117 

Four spectra were averaged into a single one for each soil sample to decrease the instability of the meas- 118 

urements. 119 

2.4. Data Processing and Analysis 120 

2.4.1. Five-point Weighted Average 121 

The five-point weighted average method was applied to eliminate random errors. The window with 122 

five spectral data points was moved in the spectral data of each sample, and the values of the middle data 123 

points in the window were smoothed by the two adjacent data points. The weight of data points decreased 124 



  

 

gradually with the increase of the distance from the middle point, and the value of the middle point of 125 

the window was the weighted average of these five points. The calculation formula is as follows: 126 

n 2 n 1 n n 1 n 2
S (S / 4 S / 2 S S / 2 S / 4) / 2.5                  (1) 127 

Where the S is the five-point weighted average value of the spectral data. Among the five spectral data, 128 

Sn-2, Sn-1, Sn+1, Sn+2 are the first, second, fourth, and fifth spectral data, respectively. 129 

2.4.2. First Derivative of Spectra 130 

The first derivative (FD) was performed after a five-point weighted average operation to eliminate 131 

some linear background and noise of original spectral data [20]. The formula is shown below: 132 

   
          i i 1 i 1 i 1 i 1

R ( ) R( ) R( ) ( )                     (2) 133 

Where R′(λi) represents the FD spectral reflectance of wavelength λi. R is the original spectral reflectance. 134 

2.4.3. Wavelet Packet Transform 135 

Wavelet packet transform (WPT) was utilized to precisely decompose and reconstruct high-fre- 136 

quency information (HFI), and to remove the noise of HFI as well. WPT based on the wavelet transform 137 

is superior to the wavelet transform in decomposing and reconstructing HFI [21,22]. The results of in- 138 

formation processing do not exit redundancy and omission, so it is more conducive to spectral denoising 139 

and original information preservation. In this study, we decomposed and reconstructed the spectral data 140 

according to the four steps: (1) wavelet packet analysis of spectra using Db10 as wavelet generating 141 

function to decomposed the multi-layer WPT of spectra with noise [23]. (2) calculating the optimal 142 

wavelet packet basis of WPT decomposition according to the principle of minimum cost. (3) quantifying 143 

the wavelet packet coefficients by selecting the soft threshold with good continuity. (4) reconstruction of 144 

WPT spectral information based on the optimal wavelet packet basis and the quantitative optimal wavelet 145 

packet decomposition coefficients to obtain the spectra of WPT noise reduction. Finally, WPT spectra 146 

were processed by FD to obtain the WPT-FD spectral data. 147 

2.4.4. Harmonic Analysis 148 

Abundant issues of noise and redundancy still existed after the above operations. Harmonic analysis 149 

(HA) was proposed to transform the time domain into the frequency domain by taking the processed 150 

spectral data (WPT-FD spectra) as a sequence signal. HA, firstly proposed by Jakubauskas et al., was 151 

mainly employed in power system harmonic monitoring [24]. In this study, spectral data can be decom- 152 



  

 

posed into a series of harmonic energy characteristic parameters by harmonic decomposition. The har- 153 

monic theory was used to express a time-series function f(t) in the form of sine or cosine wave (harmonic) 154 

superposition. Namely, any time-series f(t) about time t can be expressed by several sine or cosine wave 155 

superposition. The hyperspectral reflectance of each soil sample can be served as a continuous function 156 

(during the range of wavelength). When using HA to process spectral data, the spectral curve composed 157 

of N bands can be regarded as a function with its cycle of N. Spectral HA decomposition is to express 158 

the spectral curve of each soil sample as the sum of a series of superimposed sine and cosine waves 159 

composed of some energy characteristic components such as harmonic remainder (A0/2), amplitude (Ah, 160 

Bh, and Ch), and phase (φh). A group of spectra consisting of N bands is expressed as V(k) = (v1, v2, …, 161 

vN), and the spectral reflectance of each band is marked as vk (k = 1, 2, …, N). The harmonic decompo- 162 

sition expansion formula of h-times HA is as follows. 163 
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After the h-th harmonic decomposition of V(k), the harmonic characteristic components are calcu- 165 

lated. 166 
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Where h (h = 1，2，3，…) is the number of harmonic decomposition. When h = 1, it is the com- 172 

ponent of the fundamental wave. A0/2 is the harmonic remainder and Chsin(2πhk / N + φh) is the harmonic 173 

component of h times. Ah, Bh, Ch, and φh are the cosine amplitude, sine amplitude, harmonic component 174 

amplitude, and the phase of harmonic component of h-th harmonic decomposition, respectively. A0/2, 175 

Ch, and φh reflect the mean energy of each band, the energy change of different bands, and the band 176 

position where the energy appears amplitude. 177 



  

 

The low order harmonics contain the main energy characteristics of the spectra, and the high order 178 

harmonics are generally mixed with noise information. The amplitude and phase, carrying objects band 179 

energy and radiation peak position information, reflect the local feature information of spectra. There- 180 

fore, harmonic decomposition can not only suppress or eliminate background noise but also highlight the 181 

spectral characteristics of objects with low-order harmonic components to achieve the effect of data 182 

compression. In this study, the total number of bands in harmonic decomposition is 150. Considering the 183 

periodicity of sine or cosine function, the number of harmonic decomposition is 150. The WPT-FD spec- 184 

tra were used to obtain the WPT-FD-HA spectral data by the HA method. 185 

2.4.5. Principal Component Analysis 186 

Principal component analysis (PCA) was widely used in data feature extraction, compression, and 187 

dimensionality reduction [25]. The PCA method was used to transform the extracted data (including FD, 188 

WPT-FD, and WPT-FD-HA data). On the premise of retaining as much information as possible, the 189 

correlation between the data was eliminated and the characteristic variables were obtained. In a principal 190 

component inversion, the principal components whose cumulative variance contribution rate more than 191 

90% after PCA were selected as the inversion parameters [26]. 192 

2.5. Back Propagation Model and Accuracy Evaluation 193 

In spectral analysis, the back propagation (BP) neural network is an important pattern recognition 194 

method, which is suitable for solving some complex mapping problems and has a good effect on complex 195 

non-linear prediction and inversion. In this study, the BP model was contributed to estimate the TICS. 196 

The BP neural network consists of three layers: input layer, hidden layer, and output layer [27]. When it 197 

talks to the BP neural network estimation, the retrieving speed will increase and the amount of calculation 198 

will be decreased by reducing the number of characteristic variables. Therefore, the PCA method was 199 

used as the input layer of the BP neural network to improve inversion efficiency. 200 

The prediction accuracy of the models was determined by the parameters of the coefficient of de- 201 

termination (R2), the root mean square error (RMSE), and the mean absolute error (MAE). The high R2, 202 

low RMSE and MAE values indicate good estimation effects. 203 

n
2

i i
i 1

ˆRMSE (y y ) n


 
                                   

(9) 204 



  

 

n

i i
i 1

1 ˆMAE = y y
n 

                                       (10) 205 

where yi is the measured value, ˆ
i

y  is the estimated value, n is the number of samples. 206 

2.6. The Process of Modeling 207 

To eliminate spectral noise of the instrument, and process the HFI, the original spectral data were 208 

preprocessed by five-point weighted average, FD, WPT, and HA. The workflow is shown in Fig. 2. 209 

 210 

Fig. 2 The flow chart of this study. 211 

3. Results 212 

3.1. Spectral Comparisons of Different Types of Soil 213 

The hyperspectral curves of different types of soil were shown in Fig. 3. It can be seen that the 214 

waveform of different types of soil and soil with different iron content is generally similar. With the 215 

increase of TICS, the reflectance of the whole observation bands decreased gradually, but the overall 216 

trend did not change (including the position of the absorption band). It indicated that the spectral reflec- 217 

tance can reflect the change of TICS and has great potential for the estimation of TICS. 218 



  

 

 219 

Fig. 3 Primary spectral reflectance of different TICS: (a) loessial soil; (b) sandy soil. 220 

3.2. Characteristic Bands Selection 221 

Four kinds of data, including original spectral data (OS), first derivative data (FD), wavelet packet 222 

transform data (WPT), and reconstructed first derivative data based WPT (WPT-FD) were used to ana- 223 

lyze the correlation with the TICS. The results are shown in Fig. 4. 224 

 225 

Fig. 4 The correlation between different data and the TICS. 226 

The OS and WPT data were negatively correlated with TICS as a whole (except 350-500 nm) with 227 

the absolute value of the correlation coefficient (|r|) less than 0.2 (P < 0.01). The correlation with FD, 228 

WPT-FD, and TICS was obviously increased, with the positive and negative values alternated. We cal- 229 

culated the correlation coefficients between FD, WPT-FD data, and their corresponding TICS at different 230 

bands to reduce the total number of bands for estimating TICS. The selection principles of characteristic 231 

bands were |r| > 0.55 and the number of selected bands kept moderate. Finally, 150 characteristic bands 232 



  

 

were selected from FD and WPT-FD data of all soil types. The number of bands remained the same as 233 

that of the single soil type to control the variables. 234 

3.3. Harmonic Decomposition 235 

The WPT-FD data of loessial, sandy and mixed soils were decomposed by using formula (4)-(8) to 236 

obtain the characteristic components of harmonic energy spectra (A0/2, Ah, Bh, Ch, and φh). The correla- 237 

tion coefficients between the harmonic components and TICS were calculated. The total number of bands 238 

of harmonic decomposition was 150. Considering the periodicity of sine and cosine functions, the times 239 

of harmonic decomposition were 150. Fig. 5 shows the correlation coefficients between the characteristic 240 

components of different harmonic energy spectra and TICS of loessial soil, sandy soil, and mixed soil. 241 

 242 

Fig. 5 The correlation between the characteristic components of different harmonic energy spectra and 243 

TICS: (a) mixed soil; (b) loessial soil; (c) sandy soil. 244 

The results showed that there is a high correlation between harmonic components of first and latter 245 

several times and TICS, and the correlation shape of characteristic components (Ah, Bh, Ch, and φh of 246 

harmonic energy spectra) were roughly axisymmetric (Fig. 5). Considering the periodicity and symmetry 247 

of the correlation between harmonic parameters and TICS, 12 harmonic characteristic parameters (A0/2, 248 

A1, A2, A3, B1, B2, B3, C1, C2, C3, φ1, and φ2) were selected combined with the correlation coefficients. 249 

3.4 Selection of characteristic variables for BP model 250 

The spectral parameters and 12 harmonic characteristic parameters were analyzed by PCA to reduce 251 

the number of input layer neural networks and improve the network topology and estimation effect. For 252 

loessial soil, sandy soil, and mixed soil, the first five components were selected as input variables of BP 253 

models. The eigenvalue and variance contribution rate of PCA are shown in Table 2. 254 

Table 2. Eigenvalue and variance contribution rate of different types of soil data. 255 



  

 

 256 

For three types of soil (mixed soil, loessial soil, and sandy soil), the cumulative variance contribu- 257 

tion rates of the first five principal components of WPT-FD data reached 95.56%, 98.50%, and 99.64%, 258 

respectively, which fully met the requirements of input variables of BP models (Table 2). The PCA 259 

results of WPT-FD data were better than those of FD data in the same band. The cumulative variance 260 

contribution rates of the first five principal components of WPT-FD-HA-PCA were 98.98%, 99.57%, 261 

and 99.90%, respectively, which basically contained the characteristic components of original harmonic 262 

energy spectra. Moreover, the results of WPT-FD-HA-PCA were better than those of WPT-FD-PCA, 263 

and the effects of data dimensionality reduction were also prior. Based on the above PCA results, three 264 

input variables of BP models (FD-PCA, WPT-FD-PCA, and WPT-FD-HA-PCA) were constructed. The 265 

PCA results of the WPT-FD-HA-PCA were the best, followed by WPT-FD-PCA, and the FD-PCA was 266 

the worst. 267 

3.5. Establishment of BP Models and Accuracy Evaluation 268 

The topological structure of the BP model used in this study was 5 - 3 - 1. The number of nodes of 269 

the input layer, hidden layer, and output result layer was set as 5, 3, and 1, respectively. The number of 270 

network training iterations was 2000, the learning rate was 0.01, the additional momentum factor was 271 

PCA 
Soil 

types 

Characteristic Value 
Variance contribution 

(%) 
Accumulative contribu-

tion (%) 

FD WPT-FD 
WPT-

FD-HA 
FD 

WPT-
FD 

WPT-
FD-HA 

FD 
WPT
-FD 

WPT-
FD-HA 

PCA1 

mixed 
soil 

6.91×10-6 3.62×10-5 1.46 74.82 84.01 90.00 74.82 84.01 90.00 

PCA2 9.76×10-7 1.55×10-6 0.18 10.56 6.02 5.00 85.38 90.03 95.00 

PCA3 4.36×10-7 4.26×10-7 1.64×10-7 4.72 4.11 2.00 90.10 94.14 97.00 

PCA4 2.72×10-7 1.16×10-7 1.04×10-7 2.95 1.30 0.75 93.04 95.42 97.75 

PCA5 1.26×10-7 4.55×10-8 6.93×10-7 1.36 0.12 0.23 94.41 95.56 98.99 

PCA1 

loessial 
soil 

3.39×10-6 1.56 2.82×10-5 77.00 88.81 95.88 77.00 88.71 95.88 

PCA2 6.21×10-7 0.20 8.54×10-7 10.41 6.19 2.90 87.41 94.90 98.79 

PCA3 4.85×10-7 0.07 1.28×10-7 6.15 2.09 0.43 93.56 96.99 99.22 

PCA4 1.92×10-7 6.56×10-4 5.79×10-8 3.23 0.73 0.20 96.79 97.99 99.42 

PCA5 1.70×10-8 3.64×10-4 4.56×10-8 0.86 0.51 0.16 97.65 98.50 99.57 

PCA1 

sandy 
soil 

9.11×10-6 4.71×10-5 1.34 86.94 89.27 90.75 86.94 89.27 90.75 

PCA2 6.36×10-7 2.77×10-6 0.15 6.07 5.26 8.75 93.01 94.53 99.50 

PCA3 2.12×10-7 1.86×10-6 6.65×10-7 2.02 3.51 0.26 95.03 98.04 99.76 

PCA4 1.45×10-7 7.57×10-7 2.41×10-7 1.39 1.43 0.10 96.41 99.48 99.86 

PCA5 1.01×10-8 8.32×10-8 1.61×10-7 1.05 0.16 0.05 97.46 99.64 99.90 



  

 

0.9, and the learning error was 0.001. The above operation was realized based on the software of 272 

MATLAB 2018a (MathWorks, Inc., Natick, MA, USA). 273 

In the process of BP model establishment, 35 and 20 groups from 51 groups of loessial soil and 33 274 

groups of sandy soil samples were selected as training samples and the remaining 16 and 13 groups of 275 

samples as testing samples. Then we randomly selected 45 groups of samples from 84 groups of mixed 276 

soils as the training samples and the remaining 39 groups of sample data as testing samples. BP estima- 277 

tion models of the TICS were constructed based on three types of variables (FD-PCA, WPT-FD-PCA, 278 

and WPT-FD-HA-PCA). Finally, three inversion models were established for three soil types: FD-PCA- 279 

BP, WPT-FD-PCA-BP, and WPT-FD-HA-PCA-BP. The inversion accuracy of different models for three 280 

soil types is shown in Table 3. Fitting results between estimated values and measured values of TICS of 281 

three types of soil are shown in Figure 6. 282 

Table 3. TICS estimation models of different types of soil. 283 

Soil types BP models R2 RMSE 

loessial soil 

FD-PCA-BP 0.86 1.29 

WPT-FD-PCA-BP 0.92 1.16 

WPT-FD-HA-PCA-BP 0.95 0.68 

sandy soil 

FD-PCA-BP 0.89 1.09 

WPT-FD-PCA-BP 0.93 0.88 

WPT-FD-HA-PCA-BP 0.94 0.71 

mixed soil 

FD-PCA-BP 0.71 1.83 

WPT-FD-PCA-BP 0.79 1.57 

WPT-FD-HA-PCA-BP 0.87 1.11 
 284 

For the three types of soil, the estimation result of the WPT-FD-PCA-BP model was evidently better 285 

than that of the FD-PCA-BP model (Table 3). The R2 of WPT-FD-PCA-BP models of different soils was 286 

0.79 (mixed soil), 0.92 (loessial soil ), and 0.93 ( sandy soil), and RMSE was 1.57, 1.16, and 0.88, re- 287 

spectively. The R2 of the WPT-FD-HA-PCA-BP model was 0.87 (mixed soil), 0.95 (loessial soil), and 288 

0.94 (sandy soil), which were higher than those of the WPT-FD-PCA-BP model. Moreover, the inversion 289 

accuracy of the WPT-FD-PCA-HA-BP model of a single soil type was higher than that of mixed soil.  290 

Fig. 6 showed the comparison between the retrieved and measured values of TICS of different types 291 

of soil. The performance of BP models under the conditions of single soil (loessial soil and sandy soil) 292 

type was better than that of the mixed soil, which indicated that there existed some differences in spectral 293 

characteristics and spectral characteristic bands of various soils. Therefore, the soil property information 294 

must be considered in the study of TICS estimation. In terms of the model structure, it can be seen that 295 



  

 

the best effects belong to the WPT-FD-PCA-HA-BP model, with the closest estimated values to the 296 

measured values. The artificial and parameter calculation errors in the process of selecting characteristic 297 

bands were reduced to some extent, making the newly constructed inversion factors more suitable for 298 

TICS estimation. 299 

 300 
Fig. 6 Validation models of TICS estimation of different types of soil: (a) FD-PCA-BP model of loessial 301 

soil; (b) WPT-FD-PCA-BP model of loessial soil; (c) WPT-FD-HA-PCA-BP model of loessial soil; (d) 302 

FD-PCA-BP model of sandy soil; (e) WPT-FD-PCA-BP model of sandy soil; (f) WPT-FD-HA-PCA-BP 303 

model of sandy soil; (g) FD-PCA-BP model of mixed soil; (h) WPT-FD-PCA-BP model of mixed soil; 304 

(i) WPT-FD-HA-PCA-BP model of mixed soil. 305 

The comparison of the absolute errors (the difference between the predicted value and the measured 306 

value, AE) of the types of soil was shown in Fig. 7. The values of AE from the mixed soil model were 307 

higher than those from the single-type soil models on the whole (-4 to -6 of the mixed soil, -3 to 2 of the 308 

loessial soil, and -3 to 4 of the sandy soil). The range of AE variation of the WPT-FD-PCA-HA-BP 309 

model was smaller compared with the FD-PCA-BP and WPT-FD-PCA-BP models (-2 to 1 of the WPT- 310 

FD-PCA-HA-BP model, -4 to 4 of the WPT-FD-PCA-BP model, and -4 to 6 of the FD-PCA-BP model). 311 



  

 

 312 
Fig. 7 The absolute error of the TICS estimation of three soil types: (a) loessial soil; (b) sandy soil; (c) 313 

mixed soil. 314 

4. Discussion 315 

4.1. Superiority Analysis of Harmonic Analysis in Parameters Selection for TICS Estimation 316 

Soil spectrum is a comprehensive reflection of various soil properties, affecting by the factors of 317 

soil organic matter, soil color, soil texture, soil moisture, and mineral composition [28,29]. For the com- 318 

plexity of the composition of soil spectrum, the performance of TICS estimation of characteristic varia- 319 

bles obtained by traditional spectral transformation (first and second derivative, reciprocal, logarithm, 320 

and continuum removal methods) was often limited [30]. Moreover, compared with the organic matter, 321 

water content, and other constant elements, total iron content are obviously different. The main reason is 322 

that the low TICS results in a weak spectral signal, and the performance of the inversion models using 323 

variables obtained by conventional methods is poor [31]. 324 

Through the correlation analysis, it is found that the first derivative spectra tend to have a higher 325 

correlation with TICS than the original spectra (Fig. 4). The reason is that the spectral differentiation 326 

technology can partially eliminate the effects of atmospheric effects, environmental background, and 327 

shadows [32]. The bands with high correlation with TICS are mainly concentrated in the range of 1800- 328 

1900 nm, consistent with the characteristic absorption bands of different types of soils. 329 

After WPT reconstruction, the WPT-FD data tend to perform better than the FD data on the corre- 330 

lation with TICS (Fig. 4). Many scholars also used the principle of WPT to denoise the original spectra 331 

in the process of spectral data processing for the estimation of soil water content and organic matter [33]. 332 

However, given the complex situation of TICS estimation, the correlation between the WPT-FD data 333 

with TICS needs to improve. 334 

The HA method proposed in this paper can improve the correlation with TICS by using the har- 335 

monic components of harmonic decomposition (Fig. 5). Harmonic decomposition can transform spectral 336 

information into signal molecules, which is more stable than spectral parameters and can effectively 337 

improve the inversion accuracy of trace elements in the soil. Finally, 12 harmonic components whose |r| 338 



  

 

> 0.6 were determined. Based on the above spectral data preprocessing, we carried out the PCA method 339 

to eliminate the correlation between characteristic bands (characteristic parameters). 340 

In general, the spectral preprocessing methods used in this paper may be suitable for other studies 341 

as well. The different types of these methods were combined and optimized to improve the feasibility of 342 

hyperspectral inversion. It provides technical support for the rapid estimation of TICS. According to the 343 

characteristics of different physical and chemical soil properties, selecting different methods to improve 344 

the accuracy of the model may be an important research direction for quantitative inversion of soil hy- 345 

perspectral in the future. 346 

4.2. Improvement of Model Accuracy and Universality by Harmonic Analysis 347 

In similar studies, the estimation accuracy of the BP model in this paper (Table 3) is higher than the 348 

result of Xie et al [34]. They used RBF neural network to estimate the TICS with the R2 of 0.70. It showed 349 

that the HA has a certain contribution to the optimization of BP input variables. For the three types of 350 

soils, the characteristic variables from WPT-FD-HA-PCA helped to significantly improve the estimation 351 

accuracy of TICS. It was more significant in the mixed soil, the TICS estimation accuracy of the WPT- 352 

FD-HA-PCA-BP model increased about 12%, but only 8% in loessial soil and 4% in sandy soil (com- 353 

pared with the WPT-FD-PCA-BP model), which indicated that the characteristic variables obtained by 354 

HA can effectively improve the inversion accuracy of total iron content in mixed soil. Furthermore, the 355 

BP model based on HA shows better performance than the model of conventional characteristic bands. 356 

Its advantage is that the harmonic parameters were obtained by Fourier transform of the first derivative 357 

spectral data reconstructed by wavelet transform. The harmonic parameters replaced the conventional 358 

spectral characteristic parameters as the new model input variables to avoid the uncertainty of spectral 359 

parameters calculation. It concluded that the HA plays a decisive and stable role in the process of TICS 360 

estimation. 361 

The BP estimation model based on HA can not only adapt to the inversion of total iron content in a 362 

single soil type but also has good performance for mixed soil (R2 = 0.87, RMSE = 1.11), which reflects 363 

the effectiveness and feasibility of the TICS estimation using HA. For loessial soil and sandy soil, the 364 

WPT-FD-PCA-HA-BP model shows higher accuracy than the other two models (FD-PCA-BP and WPT- 365 

FD-PCA-BP), indicating that the WPT-FD-HA-PCA-BP model has better adaptability for single soil 366 

type of total iron content inversion (Table 3). For mixed soil, the inversion and validation accuracy of 367 

the WPT-FD-PCA-HA-BP model is much higher than that of the WPT-FD-PCA-BP model (Table 3 and 368 



  

 

Fig. 6), which indicates that the harmonic parameters obtained by harmonic decomposition can effec- 369 

tively improve the TICS estimation, and the inversion variables can be well applied to the soil with rich 370 

types. The relationship between TICS and spectral reflectance is not a simple linear relationship [35], 371 

and a large number of studies have proved that the BP model is good in dealing with nonlinear problems 372 

[36]. Combined with the results of this experiment, the feasibility and superiority of the BP model in 373 

retrieving TICS were verified again. 374 

As shown in Fig. 6, the WPT-FD-PCA-HA-BP validation models show the best performance (the 375 

highest R2, the lowest RMSE and MAE of different types of soil). Compared with the results of TICS 376 

estimation by a large number of scholars, the inversion accuracy in this paper is obviously improved. 377 

The results show that the new factors proposed in this present have some improvements compared with 378 

the traditional inversion parameters, which mainly act on the following aspects: (1) the spectral denoising 379 

effect of WPT is effective, which contributes to the optimization of BP inversion factors. (2) among the 380 

TICS estimation models of different types of soil, HA-based models were the best. This highlights the 381 

determinacy and stability of HA in the inversion process of total iron content. (3) the TICS estimation 382 

models based on HA can be well adapted to single soil and mixed soil types. (4) there is no single linear 383 

relationship between TICS and spectral reflectance, which verifies the feasibility and superiority of the 384 

BP model in the TICS estimation. 385 

5. Conclusions 386 

In this study, we proposed a kind of characteristic variable to estimate TICS using harmonic de- 387 

composition parameters. It is observed that the traditional spectral parameters are unstable and subject 388 

to noise in the TICS estimation. The HA transforms the spectra data from spectral-domain to frequency 389 

domain, which avoids the uncertainty and reduces the error of spectral parameter calculation. The BP 390 

inversion models of TICS based on HA not only has high inversion accuracy for a single soil type but 391 

also can be applied to mixed soil well, avoiding the limitations and singleness of experimental results. 392 

The WPT-FD-HA-PCA-BP model which is suitable for different soil types is a good inversion method 393 

of TICS and has certain universality. There is an important reference value for determining the best 394 

characteristic variable for the TICS estimation. 395 
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Figures

Figure 1

Study area location and sampling points distribution. Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.



Figure 2

The �ow chart of this study.

Figure 3



Primary spectral re�ectance of different TICS: (a) loessial soil; (b) sandy soil.

Figure 4

The correlation between different data and the TICS

Figure 5

The correlation between the characteristic components of different harmonic energy spectra and TICS:
(a) mixed soil; (b) loessial soil; (c) sandy soil.



Figure 6

Validation models of TICS estimation of different types of soil: (a) FD-PCA-BP model of loessial soil; (b)
WPT-FD-PCA-BP model of loessial soil; (c) WPT-FD-HA-PCA-BP model of loessial soil; (d) FD-PCA-BP
model of sandy soil; (e) WPT-FD-PCA-BP model of sandy soil; (f) WPT-FD-HA-PCA-BP model of sandy soil;
(g) FD-PCA-BP model of mixed soil; (h) WPT-FD-PCA-BP model of mixed soil; (i) WPT-FD-HA-PCA-BP
model of mixed soil.



Figure 7

The absolute error of the TICS estimation of three soil types: (a) loessial soil; (b) sandy soil; (c) mixed
soil.


