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Estimating Mo, Cu, Ni, Cd Contents in the Crop Leaves Growing on 
Small Land Plots Using Satellite Data
Vahagn Muradyana, Garegin Tepanosyana, Shushanik Asmaryana, Nairuhi Maghakyanb, 
Lilit Sahakyanb, and Armen Saghatelyanb

aGIS & Remote Sensing Department, Center for Ecological – Noosphere Studies NAS RA, Yerevan, Armenia; 
bEnvironmental Geochemistry Department, Center for Ecological – Noosphere Studies NAS RA, Yerevan, Armenia

ABSTRACT
The main goal of this research was to estimate heavy metals (HMs) (molyb-
denum (Mo), copper (Cu), nickel (Ni), cadmium (Cd)) contents in crop leaves 
through multispectral satellite imagery. During the acquisition of a SPOT 7 
satellite image (28 July 2017) in situ sampling (38 samples) was done from 
the leaves of potatoes and beans growing close to the mining town of 
Kajaran (Armenia). To estimate HMs contents, multivariate regression (multi-
ple linear regression (MLR), partial least squares regression (PLSR)), and 
artificial neural network (ANN) were used. As input data for the models 
raw, atmospherically corrected (Dark Object Subtraction (DOS)) and hyper-
spherical direction cosines (HSDC) normalized values of SPOT 7 spectral data 
in combination with one or combined log10, multiplicative scatter correction 
(MSC), standard normal variate transform (SNV) preprocessing methods were 
utilized. The best results were obtained for Cu using MLR (R2

cal. = 0.79, 
R2

CV = 0.70, RMSEcal. = 11.27, RMSECV = 13.47) and ANN (R2
Train ≈ 0.80, 

R2
Test ≈ 0.72, RMSETrain ≈ 11, RMSETest ≈ 13) models in case of bean leaves. 

The results are quite optimistic, however, further research with the use of 
high spatial/spectral resolution satellite images is needed to improve the 
accuracy of models.
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Introduction

Heavy metals (HMs) pollution of different environmental compartments is a concern to many 
countries across the world (Choe et al. 2008; Liu et al. 2018; Riedel et al. 2018), particularly in mining 
regions (Kemper and Sommer 2002; Saghatelyan et al. 2008; Srivastava et al. 2017). High levels of HMs 
contents may negatively influence crops growth and threaten animal, human health, and environment 
(Liu et al. 2010, 2018; Saghatelyan, Sahakyan, and Belyaeva 2013; Srivastava et al. 2017). Therefore, 
there is a strong demand for detailed monitoring of HMs contents in crops.

HM stress can cause disturbance of basic physiological and biochemical processes in crops leaves, 
resulting in changes of leaves spectral characteristics (Amer et al. 2017; Chi et al. 2009; Daughtry et al. 
2000; Hurcom, Harrison, and Taberner 1996; Liu et al. 2010, 2016, 2018; Nagajyoti, Lee, and Sreekanth 
2010; Srivastava et al. 2017; Zengin and Munzuroglu 2005). Space-borne and in-situ (spectroscopy) 
remote sensing (RS) techniques can detect the variations of leaves spectra and therefore, have a big 
potential to provide fast and spatially continuous measurements of HMs contents in crops (Liu et al. 
2016, 2018). The application of RS techniques in synergy with traditional (field sampling, laboratory 
analysis) methods and various statistical models (multiple linear regression (MLR), partial least 
squares regression (PLSR), artificial neural networks (ANN), etc.) (Boszke and Astel 2009; Kooistra 
et al. 2003; Liu et al. 2010; Riedel et al. 2018) are successfully used to detect HMs contents in crops 
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leaves. However, most part of these studies mainly relied on field and laboratory spectroscopy (Chi 
et al. 2009; Dunagan, Gilmore, and Varekamp 2007; Hurcom, Harrison, and Taberner 1996; Kemper 
and Sommer 2002; Kooistra et al. 2003; Liu et al. 2010; Zengin and Munzuroglu 2005), and the use of 
satellite images is limited (Liu et al. 2016; Rathor, Chopra, and Adhikari 2014). So far, studies of HMs 
contents in crops leaves using satellite images have covered mainly flat and vast areas dominated by 
a single crop species (rice, wheat, corn) (Burzyński and Kłobus 2004; Kabata-Pendias and Mukherjee 
2007). These conditions allow to use free satellite images with medium spatial resolution such as the 
Landsat, Sentinel 2, HJ-1B IRS, etc., to extract pure pixels of crops leaves, to ensure the satisfactory 
number of in situ samples and to reduce the influence of topographic effects on reflection (Liu et al. 
2016, 2018). However, to the best of our knowledge, in mountain regions, where crops are cultivated 
on small plots of land, such studies, are not currently available in the academic literature. 
Consequently, a need emerges to adjust the accepted space-bornе RS methods to estimate HMs 
contents in the leaves of crops growing on small land plots using high and very high spatial resolution 
satellite images.

For this purpose, the present experiment was designed to investigate the feasibility of using SPOT 7 
satellite data to (i) model the relationships between HMs contents in the leaves of crops growing on 
small land plots and their spectral data; and (ii) to estimate HMs contents using multivariate 
regression and ANN methods.

Material and methods

Study area

The study area was an industrial mining town of Kajaran, Armenia (Figure 1) (Latitude: 39° 9ʹ 7” N, 
Longitude: 46° 9ʹ 31” E), which is spatially associated with a copper-porphyry deposit (Geology of 
Armenian SSR 1967). The town is located in a temperate mountainous climatic zone with minimum 
and maximum air temperature of −30°C and +35°C, respectively. The amount of precipitation is 
approximately 650 mm, which is distributed unevenly over the year. The maximum amount of 
precipitation falls in May and June. Northwestern and western winds are dominant with a mean 
speed of 4.5–5.5 m/sec. Vegetation cover is dominated by steppe grasses and shrubs (Saghatelyan et al. 
2008). Here, one of the largest copper and molybdenum open-pit mine in the world and the largest 
operating mine in Armenia is located. There are three idle, abandoned tailing repositories in the 
surroundings of the town as well. The territory of the town and three tailing repositories is used for 
agricultural purposes by local people. Crops are cultivated on small land plots (25–70 m2) and are 
widely used by local consumers. The most widespread crop species are beans (Phaseolus vulgaris L.) 
and potatoes (Solanum tuberosum L.). Previous studies (Saghatelyan et al. 2008, 2009; Saghatelyan, 
Sahakyan, and Belyaeva 2013; Volfson, Farrakhov, and Pronin 2010) have shown that the major part of 
the local farm produce does not meet national food safety standards. HMs (molybdenum (Mo), copper 
(Cu), nickel (Ni), lead (Pb), chromium (Cr), mercury (Hg), cadmium (Cd)) contents in agricultural 
crops and soils on the territories of the town and repositories exceed the accepted norms several times 
(Saghatelyan et al. 2008).

Fieldwork and sampling

Fieldwork was conducted on the territory of Kajaran and its surroundings within 2 days from SPOT 7 
high resolution multispectral satellite image acquisition (28 July 2017). No extreme weather conditions 
were observed during those days. The samples of non-edible parts (leaves) of agricultural crops 
(potato-Solanum tuberosum, bean-Phaseolus vulgaris L.) were obtained based on international 
sampling procedures (Augustine, Onwuka, and Albert 2016; ISO 874-1980 1980). Bean and potato 
leaves were collected using stainless steel cutlass. Three to five random sub-samples were collected 
from each sampling site (bean and potato plots) to obtain a bulk sample. Samples (per sample ≈1 kg) 
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were placed into polyethylene bags for transportation. Samples were collected from sampling sites 
characterized by different pollution levels (Saghatelyan et al. 2008) and occupying approximately 
10–30 pixels of the corresponding SPOT 7 image (pixel size 1.5 m × 1.5 m). Geographical coordinates 
of the samples were registered using a GPS receiver (GARMIN Oregon 650) (Figure 2). A total of 38 
samples (leaves) were collected: 15 for potato and 23 for bean.

Crops leaves are exposed to various stressors, which generally are divided into two types: (i) stable 
stress during entire growth cycle of crops (e.g., HM stress), and (ii) abrupt stress typically more 
spatially and temporally transient (e.g., water stress, pests, diseases, and mismanagement) (Liu et al. 
2016, 2018; Scudiero et al. 2014). The reflectance spectra of crop leaves under stable or abrupt stress 
may exhibit similar variation in the visible and near-infrared spectral regions (Liu et al. 2010). To 
ensure that the changes of crops leaves reflectance are caused by the impact of HMs during fieldwork, 
abrupt stress factors were also investigated. In the study area, topography (slope, aspect, elevation) and 
meteorological (precipitation, temperature) conditions are relatively homogeneous and thus do not 
influence crops leaves spectral reflectance variation. However, as the whole study area is cultivated by 
different owners, it is possible that some plots can be affected by water stress due to mismanagement or 
have different crop transplantation dates. To avoid the impact of water stress on crops leaves and 
phonological differences, the survey was conducted with owners before sampling to find out the exact 
time of watering and crop transplantation. The impact of pest and disease on crops leaves was also 
excluded considering the color and morphological changes. Attack of insect pests on above-ground 

Figure 1. Location of the study area.
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parts of potatoes and beans and different diseases as well may cause direct and indirect damages of 
plant leaves, such as late blight symptoms, triangular lesion, scars, and blemishes on leaves, rugosity of 
leaf surface, occurrence of small dark brown or black spots with angular edges. Sometimes, leaves 
become purple, red, or yellow-brown colored (Muthomi et al. 2017; Wale, Bud, and Nigel 2008). 
Compared with disease and pest, the HM stress on beans and potatoes has less apparent visible 
symptoms.

HMs selection and chemical analysis

The selection of HMs for this research was determined by local environmental priority and geochem-
ical peculiarity (Mo and Cu) (Saghatelyan et al. 2008; Tepanosyan et al. 2018) and the toxic effect the 
elements (Ni and Cd) have on plants (Benavides, Gallego, and Tomaro 2005; Bishnoi, Sheoran, and 
Singh 1993; Das, Samantaray, and Rout 1997). Ni and Cu act as essential plant nutrients when in low 
contents (Liu, Jiang, and Gao 2004), but hamper plant breathing, depress photosynthesis leading to 
a decrease of chlorophyll and green pigments, when excessive (Burzyński and Kłobus 2004; Chatterjee 
and Dube 2005). Cd, even in low concentrations, has a toxic effect on plants (Das, Samantaray, and 
Rout 1997; Elmer 1996). A visible toxic effect of this element, for instance, on potato and bean 

Figure 2. Examples of small land plots for bean and potato.
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manifests itself mainly in a decreasing amount of leaves, reduction of leaf size and origination of 
chlorosis (Kabata-Pendias and Mukherjee 2007).

In the laboratory, the leaf samples were air dried. The dried biomass was ground and then analyzed 
in compliance with the AAS instructions (Elmer 1996) by the AAnalyst 800 (PE USA) spectrometer in 
the accredited Central Analytical Laboratory CENS (ISO 17025). As a result, a database for Mo, Cu, Ni, 
Cd contents in crops leaves have been produced.

SPOT 7 satellite imagery

The SPOT 7 pan-sharpened multispectral cloud-free imagery ordered from Airbus DS Geo SA was 
acquired on 28 July 2017. The multispectral product has a spatial resolution of 6 m and includes four 
bands: blue (0.455–0.525 μm), green (0.530–0.590 μm), red (0.625–0.695 μm), near infrared (0.760–-
0.890 μm). Previous studies have shown that visible and near-infrared (VNIR) spectrum can be 
effectively used for estimating HMs contents in crops (Kooistra et al. 2001; Liu et al. 2010, 2018; 
Zengin and Munzuroglu 2005).

Pan-sharpened products combine the visual information of the multispectral data with the spatial 
information of the panchromatic data, resulting in high spatial resolution of 1.5 m. The processing 
level of the acquired SPOT 7 imagery product is Standard Orthorectified. Imagery has Circular Error 
of 1.4 m (90% confidence level) and 25.2° incidence angle (Airbus Intelligence Home, 0000).

Processing of satellite image

In order to investigate the relationships between remotely sensed data and lab obtained HMs contents 
in the crop samples, average values of several pixels were extracted from the areas representing the 
sampling sites in the satellite image (Figure 2). Raw, atmospherically corrected and normalized values 
of SPOT 7 spectral data were used. For atmospheric correction, Dark Object Subtraction (DOS) 
atmospheric correction model was applied. DOS is an image-based technique to cancel out the haze 
component caused by additive scattering from RS data (Chavez 1996). The normalization was done 
using hyperspherical direction cosines (HSDC) method, which suppresses illumination effects as well 
as the average brightness of the pixel. According to this method, each spectral band is divided by the 
pixels’ albedo, defined as the square root of the sum of the squares of the four bands (Asmaryan et al. 
2013; Pouch and Campagna 1990; Warner 2005). The aforementioned was done using QGIS software.

Statistical analysis and modeling

To model the relationships between HMs contents in crops leaves and their spectral data linear, 
regression analysis was performed and the correlation coefficient (Pearson’s “r”) was reported at 
(p < .05) significance level.

To estimate HMs contents in crops leaves, multivariate PLSR, MLR, and ANN models were applied 
(Choe et al. 2008; Kooistra et al. 2003; Liu et al. 2010; Riedel et al. 2018). The MLR and PLSR models 
were constructed by PLS_Toolbox (Eigenvector Research, Inc.) software using non- and pre-processed 
SPOT 7 spectral data. Data pre-processing techniques were designed to remove external variations 
before the spectra are used for modeling the desired parameter. The spectral datasets were prepro-
cessed with one or a combined manipulation methods (log10, multiplicative scatter correction (MSC), 
standard normal variate transform (SNV)), and evaluated in cross-validation (CV) (Gholizadeh et al. 
2016; Muradyan et al. 2017). Application of multivariate regression methods for estimating HMs 
contents has been limited, because of oversimplification, lack of knowledge of complex nonlinear 
interactions. Another approach which deals with nonlinear systems is to use non-linear and non- 
parametric methods such as ANN (Haykin 1999). The main advantages of ANN model are that it can 
solve problems associated with small sample size, nonlinear, and high-dimensional pattern recogni-
tion very well (Boszke and Astel 2009; Liu et al. 2018; Tiwari, Saha, and Kumar 2015). In this research, 
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Bayesian regularized artificial neural network (BRANN) model (MATLAB R2017a, The MathWorks, 
Inc.) was established to estimate the Ni, Cd, Mo and Cu contents in bean and potato leaves. This 
algorithm is designed for difficult, small or noisy datasets. The input variables for the BRANN model 
were SPOT 7 bands, while the target variable of this model was HMs concentration. The optimal 
number of hidden layers (1), number of neurons in the hidden layers (10) and the number of iterations 
(1000) were selected through trial and error.

To evaluate the performance of the PLS and MLR models the leave one out (LOO) and venetian 
blind (VB) cross validation (CV) techniques were used. LOO and VB CV were used in case of low (≈ 
20) and high (≈ 40) sample numbers, respectively. To evaluate the performance of the ANN the total 
dataset was split into a training set (70%) and test sets (30%). Root mean square error (RMSE) and 
correlation coefficient (R2) have been used to measure the performance of the models. The higher the 
R2 value is, the stronger the indication of an existing linear relationship between the measured and 
predicted values. RMSE is one of the most widely used statistical parameters, which expresses mean 
differences between estimated and observed values (Islam et al. 2003; Riedel et al. 2018).

Results and discussions

Relationships between spectral data and heavy metal contents in crops leaves

The HMs determined in agricultural crop leaves are listed in Table 1. Cd content in bean leaves varies 
between 0.01 mg/kg to 0.14 mg/kg averaging 0.05 mg/kg, in potato leaves – between 0.04 mg/kg to 
1.00 mg/kg, averaging 0.17 mg/kg. Ni content in bean leaves varies from 0.96 mg/kg to 2.98 mg/kg 
averaging 1.88 mg/kg, in potato-from 1.45 mg/kg to 7.84 mg/kg averaging 2.76 mg/kg. Mo and Cu 
contents detected both in bean and potato leaves are tenfold and hundredfold excessive against Cd and 
Ni contents and vary over a broad range, as also proved by high values of standard deviation. Mo 
content in bean varies from 96.32 mg/kg to 632.88 mg/kg averaging 299.62 mg/kg, in potato leaves 
54.12 mg/kg to 411.81 mg/kg averaging 135.12 mg/kg, in the case of Cu – from 11.25 mg/kg to 
92.51 mg/kg averaging 38.27 mg/kg, in potato 22.51 mg/kg to 149.73 mg/kg averaging 42.53 mg/kg. 
According to the average values, the contents of elements in both bean and potato leaves decrease as 
follows: Mo-Cu-Ni-Cd. The maximum contents of HMs were associated with sites located near the 
open-pit mine. The minimum contents of HMs in general were located in sites located far from the 
open-pit mine.

In order to study the relationships between HMs contents in crop leaves and their spectral data, the 
linear regression, exponential regression, logarithmic regression, and polynomial regression were 
designed. The results demonstrated that a linear regression model exhibited the better fitting for all 
HMs and bands. Table 2 shows correlations between HMs contents in crops leaves (potatoes/beans) 
and spectral data. In the case of raw and atmospherically corrected (DOS) spectral data, the correlation 
results showed a similar trend. For the bean crop, the correlation was significant between Mo, Cu and 
green band spectral data (r ≈ 0.45; p < .05). In the case of potato, significant correlation between HMs 
and SPOT7 spectral bands was not observed. When considering potato and bean as single ecosystem, 

Table 1. Descriptive statistics of Cd, Ni, Mo, and Cu contents in bean leaves (N = 23) and potato (N = 15), (mg/kg).

Cd Ni Mo Cu

bean potato bean potato bean potato bean potato

Min 0.01 0.04 0.96 1.45 96.32 54.12 11.25 22.51
Max 0.14 1.00 2.98 7.84 623.55 411.81 92.51 149.73
Mean 0.05 0.17 1.88 2.76 299.62 135.12 38.27 42.53
SD 0.03 0.23 0.51 1.45 43.46 102.33 49.92 32.97
Var. coef.a 0.62 1.38 0.27 0.53 0.15 0.76 1.30 0.78

aVariation coefficient = standard deviation/mean.
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the correlations in the red spectral band which were not significant, in some cases transforms into 
significant, this is mainly due to the increase in samples number.

In the case of HSDC normalized spectral data for bean, significant correlation was observed 
between Cd, Mo, Cu and blue, green bands spectral data (r ≈ 0.48; p < .05); between Ni and green 
band spectral data (r = 0.41; p < .05). Also, a significant correlation was detected between Cd, Cu, and 
NIR band spectral data (r ≈ 0.45; p < .05). So, green band is significant for all HMs in contrast to red 
band, where significant correlations were not observed. Relatively good results were obtained in the 
case of potato: the correlation is significant between Ni, Cu, and all HSDC normalized bands spectral 
data (r ≈ 0.7 and 0.6, respectively; p < .01); between Mo and blue, green spectral bands (r ≈ 0.5; p < .05). 
Considering potato and bean as a single ecosystem, the correlation is significant between Ni, Cu, and 
all bands spectral data; between Mo and blue, green bands spectral data.

The analysis of the determined correlation links showed that, in general, there existed a negative 
correlation of HMs contents and near infrared (IR) spectral region and positive correlation in the 
visible spectral region. The higher the contents of HMs in plants, the higher spectral reflectance values 
in visible spectrum, whereas in the near IR spectrum, an inverse process was observed. This can be 
explained by the fact that HMs stress in crops leaves cause loss of chlorophyll bringing an increase in 
visible leaf reflectance (Horler, Barber, and Barringer 1980; Liu et al. 2016, 2018). For beans, most 
spectrally sensitive band was the green band. HSDC normalization brings to the general improvement 
of the statistical results, which is consistent with other studies (Asmaryan et al. 2013; Pouch and 
Campagna 1990; Warner 2005).

Estimating heavy metal contents using multivariate regression methods

In order to estimate HMs contents in crops leaves, MLR and PLSR multivariate regression methods 
were used. The results showed, that in the case of all HMs both for potato and bean, PLSR model 
results were poor (R2 lower than ≈0.3) and will not be discussed further. In the case of potato, the MLR 
model results were poor too, consequently, SPOT 7 spectral data failed to match the biogeochemical 
changes in potato affected by HMs stress. This may be explained by the structure of potatoes beds 
where some parts of the ground are not covered by potatoes haulm stocks, thus soil can affect 
reflectance.

In the case of bean, a bean and potato MLR model yields good results for Cu and Mo (Table 3). The 
results in Table 3 show considerable variability for the correlation coefficient (R2) of MLR models. R2 

varies between 0.54 and 0.79 for cal., and between 0.37 and 0.70 for CV. The best model results were 
achieved using non- and log10 pre-processed spectra. As it was shown in other studies (Wu et al. 2018; 
Liu et al. 2019) log10 pre-processing brings to the enhancement of differences in the visible region and 
reduced the effect of illumination condition, thus improving models results.

Table 2. Correlation between HM contents in crops leaves and SPOT 7 spectral bands (Raw, DOS, HSDC).

Raw DOS HSDC

Cd Ni Mo Cu Cd Ni Mo Cu Cd Ni Mo Cu

bean B1 0.23 0.11 0.39 0.40 0.23 0.11 0.40 0.40 0.48* 0.32 0.41* 0.49*
B2 0.22 0.21 0.48* 0.45* 0.22 0.21 0.48* 0.45* 0.47* 0.41* 0.48* 0.52**
B3 0.24 0.21 0.41 0.34 0.24 0.21 0.41 0.34 0.38 0.31 0.37 0.35
B4 −0.31 −0.28 −0.13 −0.20 −0.31 −0.28 −0.13 −0.20 −0.45* −0.33 −0.41 −0.44*

potato B1 0.06 0.19 0.07 0.28 0.06 0.27 0.13 0.36 0.41 0.73** 0.55* 0.64**
B2 0.07 0.19 0.01 0.26 0.07 0.23 0.04 0.29 0.40 0.72** 0.48* 0.63**
B3 0.36 0.38 0.11 0.37 0.35 0.42 0.14 0.41 0.47 0.62** 0.37 0.51*
B4 −0.34 −0.48 −0.41 −0.35 −0.36 −0.42 −0.36 −0.29 −0.43 −0.73** −0.50 −0.63**

bean & 
potato

B1 0.19 0.19 0.19 0.19 0.19 0.29 0.00 0.37* 0.19 0.40** 0.36* 0.44**
B2 0.22 0.22 0.22 0.22 0.22 0.33* −0.04 0.36* 0.24 0.47** 0.32* 0.47**
B3 0.32* 0.32* 0.32* 0.32* 0.32* 0.38* 0.06 0.36* 0.25 0.38* 0.26 0.34*
B4 −0.08 −0.08 −0.08 −0.08 −0.07 −0.16 −0.35* −0.15 −0.21 −0.41** −0.29 −0.39*

*-significant at 0.05, **-significant at 0.01
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For Mo, promising results were obtained when utilizing bean HSDC normalized spectral data in 
combination with log10 pre-processing (R2

cal. = 0.54, R2
CV = 0.37, RMSEcal. = 76.01, RMSECV = 90.66). 

For Cu models created using raw and HSDC normalized bean and potato spectral data as a whole are 
characterized by good calibration (R2

cal. = 0.56, RMSEcal. = 18.45) and poor CV (R2
CV = 0.42, RMSECV 

= 21.60). However, the relatively good results of these models are mainly due to the correlations between the 
bean spectral data and HMs contents, thus these models are not reliable and representative for both potato 
and bean. For Cu, best results were obtained using bean spectral data in combination with log10 pre- 
processing. Moreover, the spectral data obtained from raw SPOT 7 image yielded better results (R2

cal. = 0.79, 
R2

CV = 0.70, RMSEcal. = 11.27, RMSECV = 13.47) than the HSDC normalized spectral data (R2
cal. = 0.75, 

R2
CV = 0.64, RMSEcal. = 12.10, RMSECV = 14.69) (Figure 3).

Estimating heavy metal contents using ANN

The results of ANN are similar to MLR. As in the case of MLR ANN yield poor correlations between 
HMs contents in potato and SPOT 7 spectral data. In both cases, promising results were obtained for 
Cu and Mo (Table 4).

For Mo relatively good results were obtained when utilizing bean HSDC normalized spectral data 
(R2

Train = 0.78, R2
Test = 0.51, RMSETrain = 61.21, RMSETest = 56.21). Models created using raw bean and 

potato spectral data as a whole are characterized by relatively poor correlation coefficients and high RMSE 
(R2

Train = 0.48, R2
Test = 0.56, RMSETrain = 100.90, RMSETest = 96.50). For Cu models created using raw and 

HSDC normalized bean and potato spectral data as a whole are characterized by good correlation coefficients 
and RMSE (R2

Train ≈ 0.77, R2
Test ≈ 0.70, RMSETrain ≈ 14.6, RMSETest ≈ 17). However, in case of atmo-

spherically corrected (DOS) spectral data testing results are poor (R2
Test = 0.36, RMSETest ≈ 32.40). As in case 

Table 3. MLR calibration and CV results based on the SPOT 7 spectral data.

HM Crop type
Imagery 

preprocessing
Statistical data 
preprocessing

CV 
type N

R2 RMSE

cal.1 CV2 cal. CV

Cu bean & potato RAW None VB 37 0.56 0.42 18.68 21.72
bean RAW Log10 LOO 21 0.79 0.70 11.27 13.47
bean DOS None LOO 22 0.70 0.53 13.39 17.13
bean & potato HSDC None VB 38 0.56 0.42 18.45 21.60
bean HSDC Log10 LOO 21 0.75 0.64 12.10 14.69

Mo bean HSDC Log10 LOO 22 0.54 0.37 76.01 90.66
1calibration, 2cross validation

Figure 3. The best validation results of MLR models for Cu using bean (a) raw spectral data, and (b) HSDC normalized spectral data in 
combination with log10 pre-processing.
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of MLR model, the relatively good results of ANN model for bean and potato are mainly due to correlations 
between bean spectral data and HMs contents. Accordingly, bean and potato should be considered as 
different ecosystems and investigated separately. As for bean best results were obtained for the Cu (R2

Train ≈ 
0.80, R2

Test ≈ 0.72, RMSETrain ≈ 11, RMSETest ≈ 13). Moreover, in case of both raw and HSDC normalized 
spectral data almost the same R2 and RMSE were obtained (Figure 4).

Table 4. BRANN train and test results based on the SPOT 7 spectral data.

HM Crop type
Imagery 

preprocessing

N R2 RMSE

Train Test Train Test Train Test

Mo bean & potato RAW 27 11 0.48 0.56 100.90 96.50
bean HSDC 15 7 0.78 0.51 61.21 56.21

Cu bean & potato RAW 27 11 0.78 0.77 14.66 17.64
bean RAW 15 7 0.80 0.74 11.54 13.00
bean & potato DOS 27 11 0.85 0.36 12.07 32.40
bean DOS 15 7 0.60 0.59 17.68 15.38
bean & potato HSDC 27 11 0.77 0.63 14.87 16.82
bean HSDC 15 7 0.81 0.70 10.80 13.16

Figure 4. The best results of ANN models for Cu using bean (a) raw spectral data, and (b) HSDC normalized spectral data.
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Hereby, compared to MLR, ANN noticeably improves the accuracy of the model results (Kemper 
and Sommer 2002; Muradyan et al. 2017). The subtle difference between MLR and ANN results for Cu 
and bean raw spectral data suggests that the model seems to be robust, as the model accuracy has not 
changed remarkably. The possible explanation of the relatively good results of Cu and Mo could be, 
that the study area is located close to Cu-Mo mine, which leads to the 10–100 fold higher concentra-
tions of these minerals (Tableel 1). Similar results were achieved by Zhou et al. for the tree species 
growing near Duobaoshan copper mine, China (Zhou et al. 2018). Models poor accuracies obtained 
for Cd and Ni can be explained by the fact that though Cd and Ni are toxic even at low concentrations; 
nonetheless, the contents of these elements detected in the samples do not exceed the level of 
phytotoxic impact (Amari, Ghnaya, and Abdelly 2017; Kabata-Pendias and Pendias 2001). It was 
reported that 3 mg/kg concentration of Cd in plant tissue could lead to growth depression (Gough, 
Shacklette, and Case 1979). According to Marschner (1995) a phytotoxic effect of Ni is detected in the 
event of 10–50 mg/kg (DW) concentration, whereas Kabata-Pendias (Kabata-Pendias and Mukherjee 
2007) points to a 40–246 mg/kg (DW) limit. These intervals are strongly conditional and depend on 
a crop species. For instance, in Ni resilient crops such as beans (Kabata-Pendias and Pendias 2001) the 
phytotoxic effect is detected in the event of relatively high contents of Ni.

Conclusion

The goals of this research were to model relationships between HMs (Mo, Cu, Ni, Cd) contents in 
crops leaves growing in small land plots and spectral data and to estimate HMs contents from SPOT 7 
satellite image using multivariate regression and ANN methods.

Our study has shown that there is a significant correlation between Mo and Cu contents in bean 
leaves and SPOT 7 green band spectral data. The correlation was negative between HMs contents in 
crops and near IR spectral region and positive in the visible spectral region. In general, HSDC 
normalization brings to the general improvement of the correlations.

PLSR model performance was poor for all HMs and failed to match biochemical changes in bean and 
potato leaves. The MLR model yield best results for Cu using raw spectral data of bean leaves with log10 
pre-processing. Compared to MLR, ANN noticeably improves the accuracy of the models. Moreover, 
best results were obtained for the Cu using raw and HSDC normalized spectral data of bean leaves.

In order to improve the accuracy of the obtained results, further research is required using images 
with very high spatial and spectral resolutions (Worldview, UAV, etc.). We assume, that after the 
appropriate improvement this approach can be used to estimate the heavy metals content in crops and 
monitor pollution levels.
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