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ARTICLE DETAILS ABSTRACT

Article History: Soil tillage is a crucial stage in growing plants. Plant roots need soil cavities with good aeration which is
obtained from an excellent soil-plowing process. Controlling the quality of plowing process should be done
quickly and precisely since it affects the planting schedule and seed handling in the field. Monitoring the
plowing area using drone is the best way since it has low-cost operations and is easy to operate. Most drones
used today are equipped with a CMOS camera sensor that produces RGB images with good resolution. This
study tries to maximize these RGB images to analyze the plowing area and plowing depth using the vegetative
indices formulas and GLCM function. Vari formula is the best vegetive indices compared with Vigreen and
GLI formula that can be used to distinguish plowed and unplowed areas in this study. The segmentation
algorithm which was developed in this study can detect the plowing area. Based on the test, the segmentation
algorithm can detect the plowed area, and the results have been compared with manual observation. The
correlation coefficient (r) between the result of the segmentation algorithm and manual observation is 0.77.
The composition of RGB in each pixel influences the algorithm's performance to distinguish the plowed and
unplowed areas. However, the GLCM function is not strong enough to estimate the plowing depth because
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the correlation coefficient is very weak.
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1. INTRODUCTION

The quality of soil tillage ensures the plant roots can develop and breathe,
so that is important to make sure this process is well executed. Soil tillage
characteristics, including a method, deep tillage, repetition period, and
type of tillage machine, can influence the yields (Shamsabadi, 2008;
ALKkhafaji et al, 2018). However, monitoring and evaluating soil tillage are
challenging, especially in large-scale and remote operating areas. In
developed countries like Indonesia, many plantation and agriculture
locations are located in remote places on the island of Kalimantan,
Sumatra, Papua, or Sulawesi, with access that is not easy and tough to pass
(Rachmat et al, 1995). These conditions make monitoring land clearing
and soil tillage more complex and challenging. There is often a lack of time
for monitoring and assessing the soil tillage to catch up with the tight
schedule of seedling time, lining, planting, and field maintenance. Ensure
the soil tillage work affects not only the planting schedule but also the cost
and economic viability (Corley and Tinker, 2015; de Amorim et al,, 2021).

Using UAVs for monitoring and evaluating quickly and accurately is a
feasible solution. An aerial survey using a drone is fast in collecting aerial
imagery data and has a low-cost operation to be conducted at any time.
The aerial imagery can be handled to resolve tasks by further image
processing (Hartanto et al, 2019). There are two UAV sensors for
monitoring land and vegetation, RGB (Red; Green; Blue) and multispectral.
The multispectral sensor is more accurate since it has two more spectral
bands than the RGB sensor, which only has three. The RGB sensor only has
spectral bands: red, green, and blue, whereas the multispectral has two
more spectral bands: red-edge and near-infrared. Although the
multispectral sensor is more accurate, the RGB sensor is more affordable
and accessible (Furukawa et al.,, 2021).

Most previous studies about processing drone images for agriculture and
forestry are based on vegetation indices. Vegetation indices analysis
exploits the object reflectance to distinguish vegetation based on light
spectra: the ultraviolet region, the visible spectra, and the near-mid
infrared band. The difference in object emissivity rate becomes the basis
of analysis for quantifying vegetation characteristics like water, sugar, or
protein content in leaves (Xue and Su, 2017) . Not only vegetation but soil
also has a variance in emissivity rate caused by water content,
temperature, compaction, etc. Nir and mid-range infrared are usually used
to detect soil characteristics based on thermal radiation (Mira et al., 2007).
Hence, using vegetation indices based on RGB images usually has limited
utilization compared to multispectral images. Despite that, there is an
opportunity to use RGB images for soil analysis since there is a strong
correlation between the brightness of RGB and soil moisture content. The
more significant brightness of the soil image tends to indicate drier soil
(Al-Naji et al,, 2021).

This study focused on establishing an algorithm model to compute the
area and approximate the depth of cultivated land based on drone RGB
images since the RGB drone image is more accessible and can be reached
by farmers, especially local farmers in remote areas. The hope is that the
farmers can easily quantify the plowing results based on RGB drone image
data objectively and rapidly. The principle of plowing is how to break up
and flip the soil to create more loose soils and air cavities. The soil in the
lower layer with more moisture will be lifted during the plowing and make
a different appearance on the ground. This different appearance is used to
distinguish the plowed and unplowed soil. The previous study concerning
image processing images to evaluate soil tillage focused on detecting soil
surface roughness after plowing using two CCD sensor cameras (Riegler et
al,, 2014). The technique was developed further to analyze the surface
roughness using stereo vision, the two cameras are put on top of the soil
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plowing, and the images captured are processed using stereo matching
(Riegler et al, 2020). However, those methods are not easy to apply,
although the techniques have high accuracy. There is another technique to
process image data from a drone that is more simple to apply. To used the
light drone with a CMOS sensor to evaluate the soil tillage by analyzing the
texture of the images (Fanigliulo et al., 2020). This method seems capable
of presenting a general relationship with the old technique by introducing
Gray Level Co-Occurrence (GLCM) and Angular Second Moment (ASM)
formulas to analyze the images.

This study uses two methods as base development: vegetative indices and
gray level co-occurrence (GLCM) function. The vegetative indices are used
for detecting plowed land areas and the GLCM is used for calculating
plowing depth to estimate the plowing depth. There are three vegetative
indices explored in this study: visible atmospherically resistant index
(Vari) visible atmospherically resistant indices green (VIgreen) and green
leaf index (GLI). The Vari, Vigreen, and GLI formulas were initially used to
capture vegetation data in varying conditions and equipment. Those three
formulas only use the index value of spectral bands red, green, and blue
for processing (Eng et al,, 2019). Vari formula works for estimating the
fraction of vegetation with minimal sensitivity to atmospheric effects.
Thus the VIgreen is used to interpret ground cover and identify soil, green
foliage, snow, or water (Gitelson et al,, 2002). GLI formula is sensitive to
greenish leaves and can distinguish soil and leaf by the resulting number.
If the value is negative, it indicates soil; otherwise, if the value is positive,
it indicates green leaves (Louhaichi et al., 2008). Those three vegetative
indices have one thing in common: detecting vegetation and can
distinguish between vegetation and the soil.

The GLCM function characterizes an image's texture by calculating how
often pairs of pixel with specific values and in a specified spatial
relationship occur in an image. The GLCM has been used widely to extract
second-order statistical texture features for the motion estimation of
images. There are essential statistical features to calculate the image
texture: entropy, energy, and homogeneity (Mohanaiah et al., 2013). The
image texture characteristic has a chance to correlate with plowing depth
since the plowed soil generates mound of soil left over from tillage. It has
determined the chance to use K-Nearest Neighbor (KNN) and GLCM to
classify which land area has been plowed and which has not, but the
accuracy of this method is still low (Setiyono et al, 2022; Meng et al,,
2020) indicated a high accuracy rate of using GLCM and soil electrical
conductivity measurement to predict soil texture. However, previous
study revealed that there are redundancy results from GLCM functions to
distinguish soil type by (Beliakov et al., 2008). Moreover, this study
discusses the feasibility and possibilities of developing algorithm to detect
the plowed area based on the vegetative indices formula and to estimate
the plowing depth based on GLCM function for monitoring and evaluating
soil tillage work.

2. MATERIAL AND METHOD

2.1 Study Area

The soil tillage activity was conducted in the experiment field at the
University of Jember college in Bondowoso District, Indonesia (7°54'06.8
"S 113°48'16.1 "E). The DJI Phantom 4 Pro was used for acquiring aerial
image data that has 1 inch CMOS RGB sensor, which reaches the red, green,
and blue wavelength. A tractor with 36 HP installed with disc plow
implements and a two-wheel tractor with 8,5 HP installed with mould
plow implements were used in this study to give soil tillage treatment on
the field.

2.2 Data Gathering

The drone flew between 40 to 50 meters to take images with the camera
position perpendicular to the ground surface. The images were saved in
JPEG format and used as initial images for testing the segmentation
process to recognize the cultivated land. The initial images used for testing
represented a wide range of land conditions to ensure the segmentation
process can work in various vegetation conditions. The initial pictures
used in this study are shown in Figure 1. The description for each initial
image is written in Table 1.

Data field officers take the plowed area data and depth of plowing data on
the ground to evaluate the performance of the image processing algorithm.
They also verified and marked border points of the plowed area and
inputted those points into Image] software to calculate the size of the
plowed area. The plowed area data is the percentage of pixels that indicate
the area cultivated to whole number pixels of the image as shown in Eq 1.
The plowed area and depth of plowing data that data field officers took are
used to assess the correlation between data gathered in the field and the
result of the image processing algorithm.

number o ixels o lowed area
plowed area (%) = S P S P

x100% (Eq1)

total number of image pixels

(g) (M) ®

Figure 1: The initial image was taken using drone for segmentation
process

Table 1: description of land conditions in Figure 1

Figure Description
1(a) The land after plowed with a moldboard plow.
1(b) The land after plowed with.a moldboard plow and

followed by disc plows.

1(c) The land with minimum vegetation
1(d) The land in Fig 1(c) after plowed with disc plows.
1(e) The land with grass, road, and plowed soil area
1() The land with vegetation, building, road, and plowed area.
1(g) Area with vegetation and no-tillage.
1(h) The land after plowed with disc plows.
1(i) The land after plowed with disc plows.

2.3 Data Image Processing

The drone images are processed using the Vari, Vigreen, and GLI formulas.
The images with three spectral bands Red, Green, and Blue, are converted
into a single vegetative index (VI) value, as shown in Eq 2, Eq 3, and Eq 4.

Green—Red

Vari = Green+Red—Blue (Eq 2)
__ Green—Red
Vlgreen ~ Green+Red (Eq 3)

GLI = 2.Green—Red—Blue (Eq 4)
2.Green+Red+Blue

The Vari, Vigreen, and GLI formula generated images with single

vegetative index (VI) values between -1 and 1. These images are needed to

be classified and converted to each selected representative color to make

it easier to recognize using pseudocolor operation. All those image

processing algorithms are written in Matlab Software.

2.4 Accuracy Assessment
Correlation coefficient (r) is used to check the accuracy of the method

performance. There are two correlation coefficient calculation carried out
in this study. The first is to check the result of segmentation algorithm to
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calculate the percentage of plowed area. The second correlation coefficient
calculation is to see the relation between GLCM parameters with the
plowing depth.

3. RESULTS
3.1 Comparison of Three Vegetative Indices

All three kinds of vegetative indices formulas generate a similar result.
Almost negative VI values indicate soil objects, although the negative VI
can also be scattered in the other objects. But among the three kinds of
vegetative indices formulas also have different value ranges for the same
object group. For example, using the Vari formula, the suspected cultivated
area mostly has VI values between -1 and -0.18, but the GLI formula
generates VI between -1 and -0.8. The Vari formula generates a more
considerable variation range of negative VI, so the regions indicated as the
cultivated area are more apparent than the result of the Vigreen and GLI
formulas. Based on this observation, the negative VI value generated from
Vari formula is used as base formula for detecting the plowed area in this
study.

3.2 Segmentation Algorithm Development

The result of image processing using the Vari, Vigreen, and GLI deliver the
vegetative index (VI) value in each pixel. Since we focused on negative VI
as based data to measure the plowed area, the pixels with positive VI are
removed to clarify the appearance of the suspected cultivated area. It
makes only pixels suspected as plowed areas displayed in the image, likes
as shown in Figure 2. The negative VI in the image processed with the Vari
formula can be reckoned as a plowed area, but some pixels are scattered
in the area that shouldn't be plowed area. The area surrounded by the red
line, as shown in Figure 23, is supposed to be detected as unplowed areas
though the color in those pixels has negative VI. Furthermore, non-soil
objects like a tractor, circled in the blue circle, also have negative VI. Those
negative VI can be called unwanted negative VI. So it needs further
segmentation process to minimize the unwanted negative VI for
identifying the plowed area. The algorithm of the segmentation process
should be made from the common characteristic of the plowing process.
The plowing process leaves traces in the overlapping area, so the pixels
with the negative VI indicating cultivated land should be close to each
other. If the pixels with negative VI are spread out, it is most likely not
identified as the plowed area.

Figure 2: Distribution of pixels with the negative vegetative index from
the initial image in Fig 1.i : (a) the result of the Vari formula; (b) the
result of the first segmentation

The first segmentation algorithm is intended to remove the pixels with
negative vegetation index (VI) that are not close to each other or can be
called unwanted negative VI. The process starts by dividing the image into
smaller fragments. If the number of pixels with negative VI is more than
half of the total pixels in the image fragment, then the pixels with negative
VI are preserved. The image is fragmented into small rectangular areas of
nine pixels in size in this illustration. Then the ratio between pixels with
negative VI and the total amount of pixels in each fragmented area are
calculated using Eq 5. If the ratio of negative VI in the fragmented VI is
below 50%, then the pixels with negative VI in the fragmented area are
converted to unwanted negative VI. Pixels that are categorized as
unwanted negative VI are changed to white pseudocolor. But if the ratio is
bigger than 50%, the pixels with negative VI in the fragmented area are
kept as suspected plowed areas. The sample images in Figure 2 provide a
clearer view of this process. The image in Figure 2(a) is the early
distribution of the pixels with negative VI resulting from the Vari Formula.
The result of the first segmentation algorithm to eliminate the unwanted
negative VI is shown in Figure 2(b), which generates a more precise and
accurate plowed area.

Total number of pixels with negative VI

Ratio of negative VI = (Eq 5)

Total number of pixels

But in some cases, the first segmentation processing doesn't enough to
eliminate the unwanted negative VI. The sample image in Figure 3(a) gives
an overview of the suspected plowed area that has been processed using
the Vari formula from the initial image in Figure 1(c). The actual plowed
area is the pixels with brown color inside the black marker line, but there
are many unwanted negative vegetative indexes spread almost all over the
image. The actual land condition of this image is arid with minimum
vegetation, as shown in Figure 1(c). The dry soil tends to have a darker
color in the image and generates negative VI. After processing with the
first segmentation algorithm, the result showed that there are still so many
unwanted pixels with negative VI, as shown in Figure 3(b). Therefore, it
needs more in-depth analysis to classify the plowed area. Somehow the
development of the first segmentation should be tested for consistency
since it will influence the next step decision. The consistency examination
compares the result of the first segmentation with different sizes of the
image fragments using Eq 6. Suppose the consistency calculation using Eq
6 has a result greater than 1. In that case, the difference between the two
results after being processed using the first segmentation is too big and
needs further segmentation. Otherwise, further segmentation is not
required if the consistency is smaller than 1.

Consistency =
(Ratio of negative VI (larger fragment)—Ratio of negative VI (smaller fragment)) (E 6)
Ratio of negative VI (larger fragment) a
.\-l-
-4
£
=
¥
k

©

Figure 3: Distribution of pixels with the negative vegetative index from
the initial image in Figure 1(c); (a) outcome of the Vari formula; (b)
outcome of first segmentation; (c) outcome of second segmentation

The second segmentation algorithm is arranged based on observing the
value of negative VI in each pseudocolor range. The soil after plowing has
a higher negative VI than the soil without plowing. But even so, the
negative VIlimit value that distinguishes cultivated and non-cultivated soil
differs in each image. The process starts by classifying the VI based on
pseudocolor range. The pixels with negative VI within pseudocolor range,
which have higher value and more quantity, are kept as plowed areas.
Otherwise, the pixels with lower pseudocolor range values and not
dominant are converted to unwanted negative VI. The second
segmentation algorithm is tasked with finding pixels with the higher
negative VI range and having a dominant quantity. This set of pixels with
negative VI is determined as the plowed area, as shown in Figure 3(c).

To determine the algorithm's accuracy, we compare the plowed area
detected based on the segmentation algorithm to the plowed area based
on manual observation on the ground. The comparison images are shown
in Figure 4 and the comparison of the plowed area in percent is shown in
Table 2. Based on this result, the correlation coefficient between the
plowed area obtained from the segmentation algorithm and manual
observation is 0.77.

Table 2: Percentage of The Plowed Area Based on Segmentation

Algorithm and Manual Observation

Plowed Area (%)
Initial Image

Segmentation Algorithm Manual Observation
Figure 1a 17% 61%
Figure 1b 35% 47%
Figure 1c 1% 3%
Figure 1d 57% 56%
Figure 1e 22% 18%
Figure 1f 7% 4%
Figure 1g 0% 0%
Figure 1h 37% 40%
Figure 1i 31% 30%
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Detected plowed area

Detected plowed area

Segmentation algorithm Manual observation

Segmentation algorithm Manual observation

From initial image of Figure 1(a)

From initial image of Figure 1(b)

From initial imag

Figure 4: Image Comparison of detected plowed area based on segmentation algorithm (left) and manual observation (right)

3.3 The Plowing Depth and GLCM Measurement

Figure 5: Distribution of plowed depth measurement location

The yellow dot in Figure 5 indicates the measurement location of the
plowing depth. That points measurement has been selected for
representing various depth plowing. The measurement was conducted
before plowing and after plowing. The GLCM parameters used in this study
are contrast, energy, homogeneity, and correlation. The GLCM
measurement was focused on the area with a yellow dot in the image. The
correlation coefficient between GLCM parameters is shown in Table 3.

Table 3: Correlation coeffisien between plowing depth and GLCM
Parameters
Plowing depth

Correlation Coeffisien before after
plowing plowing

Contrast 0.31 -0.31

Homogeneity -0.31 0.26

GLCM Parameters
Energy -0.23 0.14
Correlation -0.19 -0.01

4. DISCUSSION

The result of the segmentation algorithm is convincing enough based on
the test that has been done. However, it must be noted that the algorithm
works only based on RGB value that was converted into the vegetative
index value. The most difficult is differentiating the soil before and after
plowing since the negative VI value is not that different. The identifier that
can be captured to distinguish between plowed and unplowed areas is
mainly based on conditions of soil water content. The plowshare cuts the
deeper soil layers and flips to the upper. It creates a darker color layer on
the cultivated land area. The initial image of Figure 1(a) have fewer pixels
with negative vegetative index (VI). It causes the plowed area has resulted
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from the segmentation algorithm to be much smaller than the plowed area
from manual observation.

The different results are obtained from the initial images of Figure 1(b),
Figure 1(d), Figure 1(h), and Figure 1(i), which created more pixels with
negative VI to be segmented. The initial image of Figure 1(b) has darker
color in the plowed area, so it generates more pixels with negative VI
value, which mostly range from -0.01 to -0.1. Meanwhile, the initial images
of Figure 1(d), Figure 1(h), and Figure 1(i) bring out a slightly reddish
color in the plowed area, which generates pixels with negative VI ranging
mostly from -0.1 to -0.5. The pixels with negative VI generated from these
initial images have more quantity and range than the initial image of
Figure 1(b).

Since the segmentation algorithm in this study was developed based on
the Vari formula to generate the vegetative index, the composition of the
RGB values dramatically affects the segmentation result. The plowed soil
will be easier to distinguish from unplowed soil if the pixels have higher
red than green values. This is why the segmentation results of Figure 1d,
Figure 1h, and Figure 1i have more initial negative VI than the result of
Figure 1b. More numbers and ranges of initial negative VI values, which
resulted from the Vari formula, will give better input for the segmentation
process. The unplowed soil of extremely arid land usually has almost
similar red, green, and blue values, which reveal the pale color of the earth.
Color characteristics like this make it difficult for the algorithm to
distinguish between the plowed and unplowed soil.

The investigation to find the correlation of GLCM function with the
plowing depth in this study shows no correlation between the two.
Although the GLCM function can characterize the image's texture, this
study showed that the correlation coefficient found is extremely low. This
result confirms that it is more complicated to estimate the depth on the y-
axis using a 2-dimensional image. The texture characteristic of soil images
tends to be similar in each coordinate, even at the points where there are
significant differences in plowing depth. Based on this, GLCM cannot be
further developed to estimate the plowing depth in this study.

5. CONCLUSION

The segmentation algorithm based on the Vari vegetative index is quite
promising for detecting the plowed area. However, the GLCM function is
not strong enough to estimate the plowing depth since the correlation
coefficient is very weak. In addition, although the correlation coefficient of
the segmentation algorithm for estimating the plowed area is quite good,
this algorithm only works based on the RGB value of the image. The RGB
changes are influenced mainly by changes in soil color due to differences
in soil water content. The composition of red, green, and blue affects the
result of the segmentation algorithm. The best results of the plowed area
will be obtained on pixels with red values bigger than green so that the
negative vegetative index for the segmentation process will be extensively
available.
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