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Abstract Agricultural areas in Nanglae Sub-district is the main agricultural area of Mueang
District, Chiang Rai Province that required soil monitoring on current utilised agricultural areas
for sustainable agricultural management. Geoinformatics integrated with soil quality can be
used for categorizing soil quality on different agricultural classes. Firstly, Thaichote satellite
imageries were used to digitally classify the agricultural area into three agricultural classes,
namely paddy fields, field crops (pineapple) and orchards (lychee / longan / lemon / pomelo).
Secondly, 9 collected soil samples from the agricultural areas, and physic-chemical properties
and arsenic content were reported. The results of image processing, total accuracy of
agricultural mapping based on minimum distance classifier that was 22.22% with K statistic of
-0.15. This map was used to support soil quality analysis. The soil sample of different
agricultural areas was slightly acid (pH 5.93-6.93). Organic matter content of these soils was
low (0.13-2.07%). These soils had low total nitrogen (1,200-2,800 mg/kg). The available
phosphorus and potassium were very low to low ranged from 1.86-5.94 mg/kg and 0-78.00
mg/kg, respectively. These soils were low soil fertility status, which indicated that physico-
chemical properties were not suitable for crop cultivation. Interestingly, soil samples from
paddy fields and orchard fields, near the reserved forest area (Doi Nang Lae, Doi Yao and Doi
Prabhat reserved forest), were contaminated with high arsenic content (4.50-6.32 mg/kg), which
was higher than the standard of National Environment Board of Thailand.
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Introduction

Soil quality is commonly defined more broadly as the capacity of a soil to
function within ecosystem and land use boundaries to preserve environmental
quality and promote plant and animal health. Dynamic soil quality is the result
of human use and soil management. The results of exploiting agricultural
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systems without consideration of the consequences on soil quality have been
environmental degradation (Seybold et al., 1998; Rosa and Sobral, 2008;
Btnemann et al.,, 2018). Agricultural management without recognizing
consequences on soil conservation is, therefore, decline in agricultural soil
quality. Therefore, healthy soil quality is valuable for agricultural production,
used for appropriate decision making regarding sustainable agriculture.

Geoinformatics is a tool for agricultural mapping and also for agricultural
planning at both local and regional scales (Patil et al., 2012; Tezera et al., 2016).
Multispectral imageries, such as very high spatial resolution (e.g. Worldview),
high spatial resolution (e.g. RapidEye) and medium spatial resolution (e.g.
Landsat) are used as basemap for agricultural classification. Open source
software with various digital image classification algorithms have several
advantages to design agricultural mapping for developing countries. QGIS has
an open-source license, under the GNU General Public License, to identify
agricultural classes in a given area (Girouard et al., 2004; Huth et al., 2012;
Usha et al., 2012; Jung, 2013; Tommasini et al., 2019).

Nang Lae is the one of Sub-district of Mueang District, Chiang Rai
Province, Thailand which is the main agricultural area of Mueang District.
Nang Lae Sub-district covers an area of 5,500 ha of Mueang District and has
agricultural area of 1,814 ha. Agricultural areas of Nang Lae Sub-district
comprises mainly rice production (806.88 ha), orchard (330 ha) and field crop
(677 ha) (Department of Mineral Resources, 2013; Nang Lae Municipality,
2014). This research was, therefore, conducted to process agricultural mapping
in 2018 using Thaichote satellite image processing. The software version, used
in this research was QGIS 3.6.0 with the plugin, “Semi-automatic classification”
(Congedo, 2016). Result from the image processing was used as base map to
monitor soil quality of different agricultural areas in Nang Lae Sub-district,
Mueang District, Chiang Rai Province.

Materials and Methods
Study area and field survey

Nang Lae sub-district, Mueang district, Chiang Rai province, was chosen
as the study site (Figure 1). The approximate area is 5,500 ha, located at
19°53'40” to 20°07'10” N and 99°45'51" to 99°57'24” E. Visual surveys on
foot were carried out on November 2018. Agricultural areas were selected
based on a land use map dated 2016 (Land Development Station Chiang Rai,
2016), a satellite image from the Geo-Informatics and Space Technology
Development Agency (GISTDA) and survey results of the study site.
Systematic stratified sampling was applied on the study site for ground truthing
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(Mas et al., 2017). Three plots of each agricultural type were surveyed and
identified as paddy field or field crop or mixed orchard (lychee / longan / lemon
/ pomelo).

FORpS ) : T
Figure 1. 9 pixels of training samples (a) and 9 pixels of testing samples (b)

Thaichote imagery and geoinformatics software

Thaichote imagery (4 multispectral bands, band 1 (blue), band 2 (green),
band 3 (red) and band 4 (near-infrared)) covering the study area, on cloud-free
days were provided by Geo-Informatics and Space Technology Development
Agency (GISTDA). GISTDA also operated the image with radiometrically
corrected and geocoded. The imagery was acquired on 9 February 2017. The
satellite images were captured for the study site (Figure 1) before further image
processing. Quantum GIS version 3.6.0, semi-automatic classification plugin
(Figure 2), was used for image processing (QGIS Development Team, 2019).

Thaichote image was transformed by using Normalized Difference
Vegetation Index (NDVI). Then, agricultural classification results following
semi-automatic classification plugin were verified against testing samples (9
pixels) from the field survey. The Kappa was used for accuracy assessment of
satellite image classifications, for evaluating the quality of the maps (Lillesand
et al., 2004). The values of Kappa ranged from -1 to 1. Ranges of Kappa were
categorized into strong (>0.8), moderate (0.4-0.8) and poor (<0.4) agreements
(Landis and Koch, 1977).

Soil sampling and analysis

Soil samples were taken from 9 stations located inside agricultural areas
of Nang Lae Sub-district, which were collected on October 2018 from 3
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agricultural areas, including paddy field crop, field crop and orchard (Table 1).
Method of drilling and collecting soil samples were performed according to
Land Development Department protocols (Land Development Department,
2010). Soil samples, collected at 0-15 cm depth, were composed by mixing 15
sub-samples. The soil samples were gently mixed without the visible roots,
plant residues and stones.

All soil samples were air-dried, and then prepared to be analyzed for 6
soil indicators following standard laboratory analytical methods. Soil pH was
determined using 1:1 soil to water ratio and then analyzed by digital pH meter
(Peech, 1965). Soil organic matter was measured using the Walkley-Black
method (Walkley and Black, 1947). Total nitrogen was determined by the
Kjeldahl method, and the available potassium was analyzed by flame
photometer after extraction using 1 M ammonium acetate at pH 7 (Jackson,
1958), and the available phosphorus was extraction using Bray Il (Bray and
Kurtz, 1945). Furthermore, the inductively coupled plasma mass spectrometry
(ICP-MS) was used to determine the content of arsenic. Soil fertility for crop
production was evaluated using soil organic matter, available potassium and
phosphorus, described by Division of Soil Resources Survey and Research
(1980) and Kheoruenromne (2005). Inverse distance weight (IDW) was used
for soil quality mapping (Meyer, 2006; Murphy et al., 2010; Sapna et al., 2018)

Table 1. List of soil sampling station and their detail of land use type

Code Agricultural areas Coordinates

Al-1 Paddy field crop 2213017 N, 589741 E
Al-2 Paddy field crop 2214639 N, 588439 E
Al-3 Paddy field crop 2214484 N, 591986 E
A2-1 Field crop 2212312 N, 589917 E
A2-2 Field crop 2214457 N, 591989 E
A2-3 Field crop 2210101 N, 593601 E
A4-1 Orchard 2215500 N, 587504 E
A4-2 Orchard 2214807 N, 590347 E
A4-3 Orchard 2213445 N, 593035 E

Results

Agricultural classification

Image transformation using the Normalized Difference Vegetation Index
(NDVI) equation (NIR-Red) / (NIR + Red) to highlight land use data helped to
visually interpret image. Plants derived from NDVI had the highest digital
number values (green), followed by open areas (gray) and water sources (pink)
respectively (Figure 2).
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Figure 2. Transformed image, based on Thaichote image, derived from NDVI

Based on error matrix, field crop and mixed orchard were identified with
high accuracy of the image. Due to the dominance of paddy field and mixed
orchard in the study area, minimum distance (MD) classifiers (Figure 3)
showed that total accuracy of supervised classification was 22.22% with Kappa
statistic of -0.15, which indicated poor agreement.
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Figure 3. Agricultural classification techniques using MD classifier

From the error matrix shown in Table 2, producer’s accuracies of paddy
field and mixed orchard were 33.33% and 33.33%, respectively, and user’s
accuracy of paddy field and mixed orchard was 33.33% and 20%, respectively.
The highest values (100%) of omission and commission errors occurred for
field crop (Table 2) because of the mixed-pixel problem.
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Table 2. Land use data using minimum distance in error matrix

- Landuse Paddy Field Mixed Commission User’s accuracy
Classifiers types field crop orchard Total error )%( (%)
- 2/3*100= 1/3*100=
Paddy field 1 0 2 3 66.67% 33.33%
. 1/1*100= o
Field crop 1 0 0 1 100% 0%
o Mixed 1 3 1 5 4/5*100= 1/5*100=
Minimum orchard 80% 20%
distance Total 3 3 3 9
Omission 2/3*100=  3/3*100  2/3*100
error (%) 66.67% =100%  =66.67%
Producer’s 1/3*100= 0% 1/3*100
accuracy (%)  33.33% 0 =33.33%
F F] i
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Figure 4. Soil parameters; soil pH (A), soil organic matter (B), available
phosphorus (C), total nitrogen (D), available potassium (E) and arsenic (F)
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Soil quality assessment

Soil samples gathered through borehole drilling from 9 sampling stations,
and some physico-chemical properties and arsenic content were analyzed
according to standard methods followed by assessment of the soil fertility status.
These soils were slightly acid to moderately acid (pH 5.33-6.93). Organic
matter content of all these soils was low (0.13-2.07%). The organic matter
content was noted that sampling station A2-2 (pineapple field crop) displaying
very low value (0.13%).

The total nitrogen amount in these soils varies from 1,200 mg/kg to 2,800
mg/kg. The available phosphorus of soils in this study was found that low to
low ranged from 1.86-15.94 mg/kg. Interestingly, most of these soil samples
were not found the available potassium, particularly the soil sample from
pineapple field crop (A2-1, A2-2 and A2-3), paddy fields (Al-1 and Al-2), and
orchard (A4-2), while A1-3 (paddy field), A4-1 (orchard) and A4-3 (orchard)
were found the available potassium of these soils in the low ranges (55.00-
78.00 mg/kg). These soils were low soil fertility status (Chantima et al., 2019).
In addition, soil existed with the higher as at paddy fields (A1-1 and A1-2) and
orchard (A4-1 and A4-2) with a range from 4.56-5.17 mg/kg and 4.50-6.32
mg/kg, respectively (Figure 4).

Discussion

The satellite imagery in this study was acquired before study period. It is
different in case of change in the agricultural areas (Mas et al., 2017). Su and
Noguchi (2013) suggested that the image acquisition should be involved with
study period. Low Kappa of supervised classifications and high error of
omission and commission in ground truth data were described following
Lunetta et al. (1991) and Foody (2002). The very low accuracy of agricultural
classification was due to the mixed orchard and field crop plantation in the
same pixel. The method in this study enabled to produce, in a reasonably short
period, these training and testing samples are inadequate random sampling for
remote sensing techniques (Mas et al., 2017). Achieving higher overall
accuracy needs a study site with more training samples. Further studies are
required to focus on algorithms with high accuracy for a more accurate
agricultural classification. In addition, using hyperspectral band (e.g. EO-1) and
high spatial resolution with multispectral bands (e.g. IKONOS) combined with
strong plant-environment relationship should be tested for agricultural mapping
However, the results suggested that there is an immediate need to monitor
current land use across the reserved forest area (Doi Nang Lae, Doi Yao and
Doi Prabhat reserve forest) to assist with implementing municipal and
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government policies concerning agriculture and forestry (Eckert and
Kneubhuler, 2004; Shah and Sharma, 2015; Yousefi et al., 2015; Suk-ueng et
al., 2019).

Soil pH is essential for agricultural production which is the one of the
most important soil parameters. Most agricultural crops develop best in soil
with a pH from 5.5 to 6.5 (Havlin et al., 1999). The soil pH recorded in most
sampling stations during the study appears therefore to be favorable to crop
production. Organic matter content of all these soils was low (0.13-2.07%)
corresponding to the standard of Division of Soil Resources Survey and
Research (1980) and Kheoruenromne (2005). According to Franzluebbers
(2008) who suggested that more intensive cropping increases the quantity of
residues produced, which can lead to higher soil organic matter. Furthermore,
perennial pastures often reduce water runoff volume and soil loss even further
than with conservation-tillage cropland due to greater accumulation of surface
soil organic matter (Franzluebbers and Stuedemann, 2002, 2008).

The quality of total nitrogen in agricultural land to low level group
according to the standard of Division of Soil Resources Survey and Research
(1980), which is suggested for Thailand soil. The available phosphorus and
potassium contents are also vital soil properties that considerably affected due
to in change of vegetation cover, total biomass production, microbial
decomposition of organic residues and nutrient cycling (Turrion et al., 2000;
Solomon et al., 2002; Kheoruenromne, 2005). These soils have low soil fertility
status described by Division of Soil Resources Survey and Research (1980) and
Kheoruenromne (2005), which possesses unsuitable physico-chemical
properties for crop productions. Therefore, soils in this area need organic and
chemical fertilizers along with nutrient management.

Soil samples were contaminated with high arsenic (As) content in paddy
fields and orchard, near the reserved forest area (Doi Nang Lae, Doi Yao and
Doi Prabhat reserve forest), which were higher than the maximum
concentration level of soils (3.90 mg/kg) used for living and agriculture
specified by the office of the National Environment Board of Thailand
(National Environment Board, 1992). Arsenic contamination in soils indicated
the potential risk to the environment and human health. Consequently, this
hotspot should be intensively paid attention for preventing and remediation
measures before arsenic distributes to lowland (Tiankaoa and Chotpantarat,
2018; Chantima et al., 2019).

It concluded that the agricultural mapping would be provided by
Thaichote imagery processing resulting in an up-to-date of agricultural types in
2018. Soil in all agricultural types of Nang Lae sub-district should be restored
and fertilized for crop productions. Particularly, contamination of arsenic in
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paddy field and orchard exceeded its maximum concentration level in soils,
used for living and agriculture. Further study should be carried out to
investigate the extent of arsenic distribution are found in this area and
surrounding areas.
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