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Abstract: In peanut cultivation, the fact that the fruits develop underground presents significant
challenges for mechanized harvesting, leading to high loss rates, with values that can exceed 30% of
the total production. Since the harvest is conducted indirectly in two stages, losses are higher during
the digging/inverter stage than the collection stage. During the digging process, losses account
for about 60% to 70% of total losses, and this operation directly influences the losses during the
collection stage. Experimental studies in production fields indicate a strong correlation between
losses and the height of the windrow formed after the digging/inversion process, with a positive
correlation coefficient of 98.4%. In response to this high correlation, this article presents a system for
estimating the windrow profile during mechanized peanut harvesting, allowing for the measurement
of crucial characteristics such as the height, width and shape of the windrow, among others. The
device uses an infrared laser beam projected onto the ground. The laser projection is captured by a
camera strategically positioned above the analyzed area, and through advanced image processing
techniques using triangulation, it is possible to measure the windrow profile at sampled points during
a real experiment under direct sunlight. The technical literature does not mention any system with
these specific characteristics utilizing the techniques described in this article. A comparison between
the results obtained with the proposed system and those obtained with a manual profilometer
showed a root mean square error of only 28 mm. The proposed system demonstrates significantly
greater precision and operates without direct contact with the soil, making it suitable for dynamic
implementation in a control mesh for a digging/inversion device in mechanized peanut harvesting
and, with minimal adaptations, in other crops, such as beans and potatoes.

Keywords: Arachis hypogaea L.; mechanized peanut harvesting; computer vision; precision agriculture;
3D reconstruction

1. Introduction

Climate change, natural disasters and desertification have made agricultural pro-
duction increasingly challenging. In addition, the increase in the world’s population has
increased the demand for food to an unprecedented extent. New strategies and technolo-
gies strongly based on agricultural automation are needed, seeking to optimize production
and minimize losses in a context of sustainability. Precision agriculture is a viable means
of achieving these goals. In this context, the acquisition of data for sensing in agricultural
areas has traditionally been performed using satellite images and unmanned aerial vehicles.
These images provide a view of the upper part of the crop.

In more recent applications, mobile land robots have also been used in monitoring
and mapping tasks, as they have abilities to acquire data from plants and crops at different
observation points, combined with a large payload capacity. They are also more robust
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to weather conditions and are not subject to specific laws and regulations, in contrast to
unmanned aerial vehicles.

According to Fasiolo et al. [1], various robotic platforms have been developed by
the academic community and agricultural companies. They can basically be grouped
into custom mobile robots [2-9], sensorized agricultural machines [10,11] and commercial
solutions [12-14]. The use of these platforms in precision agriculture involves analyzing
data to make cultivation more efficient, with fewer harvest losses and, consequently, better
use of natural resources.

Among agricultural mechanized systems, harvesting is considered one of the most
relevant and crucial stages, as it ensures the return on investment made in all stages of
production. As the penultimate mechanized operation in the peanut production system,
digging is challenging due to the interaction between various factors related to cultivation,
such as soil conditions, harvest time, climate, crop health, and maturation, as well as those
related to machinery, like travel speed and adjustments, which affect the quality of this
operation. In Brazil, losses found at this stage are very high, ranging from 3.1 to 47.1% of
productivity [15-19], with the digging stage being responsible for most of the total loss.

Therefore, it is necessary to establish adequate working conditions to minimize these
losses and ensure the economic viability of the crop. In this regard, diggers/inverters must
be well-adjusted so that the windrows are well-aligned and of adequate dimensions to
reduce losses.

The peanut (Arachis hypogaea L.) is of great importance on the global agricultural scene.
The largest peanut producers are China and the United States. Approximately 55 million tons
are produced annually in the world in a planted area of around 32 million hectares [20].

Brazil and Argentina are the largest peanut producers in South America. In Brazil alone,
about 730.000 tons were produced in 2023. This volume is mainly the product of an increase
in mechanization of the steps in harvesting. This reduces losses during the global process.

Due to the fact that pods are formed below the soil surface, peanut harvesting is carried
out indirectly, i.e., it requires the use of more than one machine to carry out the different
stages of the process. Harvesting is carried out in two distinct phases, called digging and
collection. The digging stage is carried out by a machine called a digger—inverter. This
machine has two blades that cut the root of the peanut plants. The cut plants are placed on
a vibrating belt driven by a shaft derived from the tractor engine that drives the mechanism.
Plants are then inverted and deposited in the soil, forming a windrow. Figure 1 details the
digger—inverter mechanism. Losses occur in this process. Invisible Losses are related to the
pods that remain below the soil during the digging process, and visible losses are related
to the pods that are deposited on the soil during the inversion process (some peanuts fall
when passing through the conveyor belt). These losses represent between 30% and 47% of
production, and minimizing them could result in a significant increase in the producer’s
productivity and earnings [21].

There are several works related to techniques for minimizing losses in the peanut digging
process. Ortiz [22] studied the effect of digging machine deviations around the midline of
the windrow on peanut productivity and quality. He also determined the economic impact
of using tractors with automatic guidance systems in harvesting operations. The authors
experimentally proved that the use of these systems results in higher yield rates, as their data
showed that for each row deviation of 20 mm, an average loss of 186 kg/ha is expected.

Santos [21] studied the impact of digger-blade wear on the peanut digging process. A
possible correlation between the blades of the digging mechanism (the wear of these blades)
and the losses that occur during the harvesting process (digging) was studied, considering
different harvesting periods (morning, afternoon and night). This study showed that there
was no correlation between working periods and losses in the peanut harvest. However,
they showed that wear on the blades of the digging equipment results in a major increase in
losses. As a result of the experiment, the authors concluded that there could be an increase
of up to 22% in profitability due to the reduction in excavation losses, just by conveniently
changing the blades during the excavation process.
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Figure 1. Equipment used for peanut digging, i.e., digger—inverter. (a) Schematic illustration. (b) Commer-
cial equipment .

Yang [23] studied the problem of high loss rates in the peanut harvest in China. He
focused on studying the flow selection device of the harvesting machine. Project parameters
were defined for the components of the harvesting machine, involving aspects related to
the quantity of plants fed onto the belt and the speed of the tangential and axial cylinders,
seeking to reduce losses in the peanut digging process.

Shi [24] studied the correlation between the peanut harvesting process and the me-
chanical properties of peanuts. Tests were carried out on a mechanized harvesting device
to evaluate various parameters, such the speed of the harvesting cylinder, the plant-feeding
volume, etc. Through field tests, the parameters for maximum performance were obtained.
The authors proposed a comprehensive scheme for reducing losses and optimizing the
harvesting process based on the obtained results.

Azmoodeh-Mishamandani et al. [25] studied the correlation between pod losses in
peanut harvesting and soil moisture content, as well as between the forward speed and
conveyor belt inclination in a digger machine. Results showed a significant correlation
between different pod losses and soil moisture content and forward speed, while the effect
of conveyor inclination was not significant. The authors concluded that it is possible to
reduce total loss rates by reducing the loss of unexposed pods by controlling soil moisture
content at harvest. The results also revealed that the loss of exposed fruit can be minimized
by using the minimum conveyor inclination at the minimum forward speed and vice-versa.

Shen et al. [20] analyzed the correlation between harvesting methods and peanut digging
and inversion techniques in China and other countries. They carried out an experiment using
digger-inverter to evaluate the inversion rate, buried pod rate and fallen pod rate as a function
of tractor travel speed, conveyor chain speed and inverter roller line speed. According to the
authors, the obtained experimental results can be used to optimize digger—inverter equipment
through the implementation of data collection relating to the process.

Ferezin [26] evaluated visible, invisible and total losses and operational performance
in mechanized peanut harvesting related to different PTO (tractor power take-off) speeds.
The authors concluded that there was no influence of PTO speed on the average visible,
invisible and total losses during digging.

Bunhola [27] evaluated the relationship between windrow height and visible losses
in the mechanized harvesting of peanuts and found that these two parameters showed a
positive correlation. The authors concluded that the higher the windrow height, the higher
the visible losses in the harvesting process.

Based on the results obtained in [27], the need for a system capable of estimating the
height of the windrow formed during the peanut harvesting process was identified in order
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to provide the excavator operator with information for dynamic process adjustments. This
information can enable the operator to make the necessary in-field adjustments, and since
mechanized harvesting involves high variability in the factors that affect the process and,
consequently, the harvest losses, dynamic adjustment of the settings becomes essential to
minimize losses and, consequently, increase the efficiency of the operation.

In order to estimate windrow height in an automated way, it is necessary to carry
out three-dimensional reconstruction. Three-dimensional reconstruction methods are an
important field in engineering and can be grouped into the following two distinct groups:
methods used in computer-aided design/computer-aided engineering integration environ-
ments (CAD/CAM), 3D printing, virtual reality and augmented reality [28] and methods
used to analyze physical 3D profiles. The latter can be divided into three categories [29-32]
according to the way in which the data are acquired. The first category includes algorithms
based on stereoscopic vision that observe the scene through two or more simultaneous
views. Depth information is obtained by estimating the distance of the same point in the
two images. However, depending on the complexity of the scene, finding corresponding
points can be a challenging task. The second category includes methods based on the
propagation time of a wave pulse (Time of Flight or ToF), usually in the form of light. The
distance is calculated from the time measured between the emission of the pulse and its
return after reflecting off a point of interest. Reconstruction applications using this method
typically use LiDAR (Light Detection and Ranging) sensors. The last category comprises
methods based on structured light, in which the projection of a light pattern onto the scene
is used to estimate the depth from the distortions of the light pattern in the image. This last
method, based on structured light projection, is very suitable for agricultural areas and their
peculiarities. There is no mention in the literature of a three-dimensional reconstruction
system based on a laser beam for use in analyzing the windrow profile resulting from the
peanut digging process.

The combination of the monitoring and mapping potential of mobile agricultural
robots with the possibility of working on the ground to improve harvests is the focus of
this article, as it provides a solution for dynamically monitoring the height of the windrow
resulting from the digging process, consequently providing real-time information to the
driver of the digger-inverter mechanism, allowing losses in the peanut harvest to be
minimized. The use of automated mapping of the windrow profile to dynamically adjust
the grubbing equipment and, consequently, reduce losses has not been mentioned in the
specialized literature in the area and is, therefore, a new application for the involved
computational process, as well as for the utilized engineering solution.

In this context, this work describes the use of a sensor based on the triangulation of
the projection, in image, of a beam produced from an infrared laser, allowing the profile of
the windrow to be determined using a scanning strategy by means of the displacement of a
robot, or coupled with the digger—inverter equipment. This strategy allows the profile of
the windrow to be analyzed during the digging operation. Detailing the dimensions of the
windrow can help to estimate productivity and losses. In addition, the correlation between
the dimensions of the windrow and the losses obtained in the peanut production process
can provide performance parameters, allowing operations to be improved. The proposed
system, when used in a georeferenced way, makes it possible to carry out a sectorized
productivity study within the guidelines of precision agriculture. The use of the proposed
system can be extended to different crops with similar characteristics to help in tasks such
as crop analysis, production estimation and pest control.

The proposed system was tested in a real experiment, and the obtained data were
compared with those obtained using a manual profilometer (a device traditionally used for
this purpose). The obtained results demonstrate its viability.

Finally, this article is organized as follows. Section 2 (Mechanized Harvesting and
Losses in Peanut Cultivation) characterizes the problem, detailing aspects related to the
harvesting process and the losses inherent to this process when carried out in a mechanized
manner. In Section 3 (Materials and Methods), the proposed system is detailed, from image
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acquisition to the determination of the coordinates of the points that are part of the soil
profile collected with the proposed sensor. In Section 4 (Results), the results obtained with
the use of the proposed sensor in experiments involving measurements on the ground (real
and not simulated measurements) and a comparison of the results with those obtained by
the manual method (use of a profilometer) are presented. In Section 5 (Conclusions) the
main conclusions regarding the obtained experimental results are presented, as well as a
discussion regarding the validity of the proposed method.

2. Mechanized Harvesting and Losses in Peanut Cultivation

For mechanized peanut harvesting, the following two steps are necessary: digging
and collecting. By using a machine called a digger-inverter (Figure 1), the processes of
digging and windrowing are carried out simultaneously. At the front of the machine, there
are two disks responsible for cutting the branches. Two cutting blades pull the plants out
of the ground, and the guide rods direct them onto an elevating conveyor belt. From the
top of the conveyor, the plants fall into the inversion system and are left on the ground,
forming a windrow with the pods facing upwards and the foliage downwards, making
it easier to dry the fruit. The equipment also has a vibration system to remove excess soil
from the pods. The machine is driven by a medium-sized tractor (power class III). Figure 2
shows the windrowing process, forming the windrow.

Figure 2. Operation of the digger—inverter, forming the windrow [33].

To reduce losses inherent to the process, harvesting must be carried out in the shortest
possible time. The monitoring of losses makes it possible to detect errors that occur during
the harvesting process and, thus, minimize losses through corrective measures. Most
losses in peanut production occur during the digging operation [34] and are due to the
interaction of various factors related to both the crop (soil, time of digging, climate, crop
health, development conditions, weeds and maturity) and the machinery used (design,
adjustment, maintenance and speed) [17]. Analysis of the causes and effects that determine
losses leads to improvements in the involved operations, contributing to the sustainability
of the production chain.

Total Digging losses (TDLs) are related to Visible Digging Losses (VDLs) and Invisible
Digging Losses (IDLs). The first correspond to the pods and grains that are deposited on
the soil after the digging operation. The other losses (invisible losses) are losses related to
the pods and grains found below the soil after the operation. Based on these parameters,
the total digging losses can be determined using Equation (1). The unit used is kg per
hectare (kg/ha).
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TDL = VDL + IDL 1)

Total visible losses correspond to the pods and grains found on the surface of the soil
after the harvesting operation. The methodology commonly used to assess quantitative
losses consists of collecting pods and grains at sampling points in the area where peanuts
have been dug/inverted and subsequently harvested. For this purpose, a metal frame is
used to delimit the sampling area to be evaluated. The pods and grains found on the surface
of the ground and contained inside the frame are counted as visible losses during digging.
At the same sampling point, the soil is removed and sieved. The pods and seeds removed
from the soil comprise the invisible losses during digging. Experimental work in the area
has reported total digging losses of around 37% of actual productivity, corresponding to
losses of more than 1 ton per hectare.

Figure 3 illustrates the collection procedures.

Figure 3. Collecting losses during digging: (a) visible losses; (b) invisible losses ([18]).

Evaluating harvesting performance also involves measuring the dimensions of the
bed formed after digging. Estimating the geometry of the windrow makes it possible
to maintain the feed rate of the harvester (the machine used after the digging/inversion
operation), contributing to efficient action. The dimensions of the windrow are usually
determined using rudimentary equipment, where the width and height of the windrow are
measured using a tape measure and a graduated steel bar, respectively. Profilometers are
also used in conjunction with digital cameras, as shown in Figure 4. The automation of this
process of estimating the dimensions of the windrow can be used to generate estimates of
losses in the production process.

3 i
s
; m\

RL A

Figure 4. Manual measurement of the peanut windrow: (a) width of the windrow; (b) height of the
windrow; (c) profilometer measurement [35].
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In an important experimental work [28], harvesting losses were correlated with the
height of the peanut windrow generated during the digging/inversion operation. The
authors found that the height of the windrow and the visible losses in the harvesting process
showed a positive correlation. Therefore, it was possible to state that the greater the height
of the windrow, the greater the visible losses in the harvesting process. Figures 5 and 6
below show the obtained experimental results.

The correlation between the height of the windrow and the amount of visible losses
is clear. Based on this survey, this paper presents a technique for evaluating the profile of
the windrow formed after digging. The results obtained with this technique can be used
to adjust its operating height of the digging machine, modifying the height of the formed
windrow in real time and, consequently, reducing losses. This technique is described in the
following sections.
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Figure 5. Thematic map of peanut crop windrow heights [27].
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Figure 6. Thematic map of visible losses in peanut harvesting [27].

3. Materials and Methods

The methodology used in this study is shown in the block diagram in Figure 7. A
laser beam with a line profile is projected onto the surface of the windrow and captured
by a monocular camera. The processed images are used to estimate the three-dimensional
coordinates of the points of incidence of the beam on the windrow. By computing the
coordinates of these points, it is possible to create a 3D profile of the windrow. In the
image acquisition stage, a subtraction strategy is used between a pair of consecutive
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images in order to highlight the projection of the beam on the image. In the next step, an
optimized segmentation algorithm is used to separate the beam projected onto the image.
Subsequently, in the beam detection stage, specific characteristics of the beam are used to
identify it from the segmented image. In the last stage, a triangulation model is used to
obtain a point cloud from the coordinates of the beam projection on the image. These steps
are shown in detail below.

windrow profile estimation process for mechanized peanut harvesting

AGRICULTURAL IMAGE ACQUISITION SEGMENTATION
SCENE
CAPTURE
Infrared IMAGE WITH ADAPTIVE
— M= e || [ e
J — — RESULTING IIH WITHOUT
FROM DETECTION OF CONTRAST

soil profi CAPTURE SUBTRACTION REGIONS
Displacament IMAGE WITH WITHOUT
LASER OFF
/ CONTRAST MORPHOLOGICAL
IMAGE

OPERATIONS
SUBTRACTION

SEGMENTED IMAGE

TRIANGULATION BEAM DETECTION TUNING BY
COLUMN
CORRECTION OF | | | BEAM
DISTORTIONS COORDINATES
EXTRACTION

OF
CONNECTED
COMPONENTS
CAMERA FILTERING

CALIBRATION
PARAMETERS

THREE-
DIMENSIONAL
RECONSTRUCTION

SENSOR FUSION

REGISTER

VERTICAL
OVERLAY
REMOVAL

DIMENSIONALITY
TRANSFORMATION

GEOREFERENCED
MEASUREMENTS

Figure 7. Block diagram of the automated peanut bed profiling system.

3.1. Acquisition of Images

The image subtraction strategy was used, which consists of sequentially acquiring
two images—one with the laser on and the other with the laser off. With the projection of
the beam present in only one of the images, the subtraction process produces an image in
which the beam is highlighted in intensity, as shown in Figure 8.

Image with Laser ON

image resulting from
the subtraction process

Image with Laser OFF
Figure 8. Image subtraction process.

Although this strategy leads to a better result in image segmentation, it is necessary
to impose a minimum movement of the device in the interval between capturing the pair
of images. In this way, the time involved in this process becomes a relevant variable.
Intervals that are too long can make it difficult to acquire images of the same scene, and
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on the other hand, shorter intervals may be insufficient to correctly activate the laser and
acquire the beam projected onto the surface. In this study, an experiment was carried out
to characterize the transient of the laser and camera set, allowing the ideal interval for
sampling in pairs to be estimated. This interval was defined experimentally as 70 ms. For
this purpose, two acquisition sequences were defined, as shown in Figure 9. In the first
sequence, acquisition begins with the laser switched on. The laser is then switched off,
and the devices are left to settle for the second acquisition. In the second sequence, the
first image is acquired with the laser switched off, and the laser is switched on after the
settling-in time to carry out the second acquisition.

Sequence 1 Sequence 2
Transition Transition
+ period 1 + period ¢
—y —
time time

- (] B
=g E iy =g B £y
wug = = -] e
= 58 oE & 3E
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o B w L]

I B
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Figure 9. Image acquisition sequences.

3.2. Segmentation
3.2.1. Adaptive Segmentation

In the image segmentation process, the step called optimized adaptive segmentation
carries out the segmentation process using the average thickness expected for the beam
projection onto the image, measured in number of pixels, and using the spatial information
in which the beam is distributed horizontally in the image. The adopted strategy showed
very satisfactory results in segmenting the beam. However, a significant number of false
positives were obtained in regions far from the beam in which the image shows little
contrast. The adopted solution was to include a step to identify these regions, then remove
them from the segmentation result. In addition, morphological operation steps were
included to improve the results. As the laser beam is arranged horizontally across the
image, adaptive segmentation by region is carried out considering each column of the
image. Thus, for each column, the average intensity of the pixels is initially calculated as
illustrated in the graph in Figure 10. In this figure, the horizontal coordinate of the image is
represented on the horizontal axis, and the average intensity of the pixels in the respective
column is represented on the vertical axis.

Considering that the beam has an intensity that overlaps regionally with the back-
ground, the optimal threshold for local segmentation of the beam in the column is expected
to be in the range between the integer (m;) closest to the average value for the column
intensity and the maximum value allowed in the image (usually 255). To estimate the
ideal threshold (L;), for each possible threshold (Li k), the number of pixels with a value
greater than the threshold is calculated, as represented by Ni,k. Since E is an expectation
for the beam thickness, the optimal threshold is expected to have the sum (Ni,k) closest to
E. Equation (2) formalizes the process for calculating the threshold for each image column.
In addition to expecting the optimal threshold to have a number of pixels similar to the
beam width, it is also expected that the pixels will be preferentially concentrated in their
respective region of incidence. For this reason, the Ci,k term was added to the equation to
penalize possible Lik thresholds with a greater number of related elements. The calculation
of the Ci,k term is shown in Equation (3), where Eci k is the number of connected elements
calculated for each column (i) and value (k). The constant that multiplies the Ci k term in
Equation (2) was established empirically through experiments.

L; = min(|Njx) — E| + 8Ci*, keN : m; < k < 255 (2)
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Figure 10. Average pixel intensity calculated for each column of the image.
The first step in the process of segmenting regions with low contrast was to use the
Prewitt filter to emphasize the horizontal edges of the image. Subsequently, an averaging
filter was applied using a mask with dimensions of 5 x 12. This strategy made it possible

to attenuate scattered elements and preserve the horizontal edges. The result is shown in
Figure 11.

Edge

=hﬂhﬂm“;I -
- [} -

:

Figure 11. Process of emphasizing horizontal edges using Prewitt filter (top figure) and application
of averaging filter (bottom figure).

3.2.2. Detection and Removal of Regions without Contrast

Regions with an intensity below the 20% threshold after filtering were classified as
having insufficient contrast and were marked as background in the thresholding process,
as shown in Figure 12.



AgriEngineering 2024, 6

3521

Threshold

—-—u____

Figure 12. Thresholding process.

The threshold used was established empirically. In the next step, the morphological
erosion operation was applied with a structuring element with dimensions of 3 x 3 in order
to remove small elements resulting from noise in the image. Finally, the dilation operation
was carried out using a diamond-shaped structuring element with a radius of 20 pixels.
The appropriate intensity of the beam, according to the lighting conditions, results in sharp
edges in the respective region. Considering that the expansion through dilation is greater
than the thickness of the beam, it is expected that it will be contained within the segmented
image obtained in this process. In this way, the obtained result is used as a mask after the
adaptive beam segmentation process. Figure 13 shows the process.

The image used in the examples consists of overlapping leaves with a difference in
depth sufficient to cause beam occlusion in the center of the image and close to the edge on
the right-hand side, making it possible to clarify the purpose of this strategy. The beam
occlusion regions do not meet the conditions assumed when the adaptive segmentation
algorithm was developed, resulting in an incorrect threshold for the respective columns.
Therefore, obtaining a mask to separate the low-contrast region eliminates false positives
due to the occlusion problem.

Erosion and
Dilatation

)

Segmentation

"

Mask
Application

;

Figure 13. Image used as a mask obtained after the erosion and dilation operations (top image).

Result of adaptive beam segmentation (middle image). Result of adaptive beam segmentation after
applying the mask (bottom image).

3.2.3. Morphological Operations

In the final stage of the segmentation process, the morphological opening operation is
used, followed by the closing operation, with the aim of perfecting the segmented image.
The used structuring elements are diamond-shaped, with the radius of the element in the
first operation equal to 2 pixels and that in the second equal to 5 pixels. Figure 14 illustrates
the obtained result, showing the effect of the morphological operations.
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Operations
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Figure 14. Improvement through morphological operations.

3.3. Beam Detection
3.3.1. Column Thinning

The proposed approach to the image thinning process uses the previously known
characteristic of the image in which the beam must be found to be positioned horizontally
across the image. The result of the thinning process using the traditional method based on
morphological operations is illustrated in Figure 15.

Figure 15. Thinning using the traditional method.

The result obtained using this method produces bifurcations at the ends and along
each segment, which can cause ambiguities in the three-dimensional reconstruction process.
The strategy adopted to carry out the thinning process consists of separately searching each
column (h) of the image for related elements, then calculating the centroid of the elements,
as illustrated in Figure 16.

Centroid |- *':-'Iz III:::

Figure 16. Proposed thinning technique.

For connected elements of odd size, the centroid can be obtained by averaging, and for
elements of even size, the centroid is defined as the two central pixels of the element. This
strategy makes it possible, later in the dimensionality transformation stage, to identify the
pixel’s position as an average between the two central pixels, allowing for minimization of
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quantization errors in the triangulation process. The strategy for representing the centroid
of the connected elements and the result of the thinning process are illustrated in Figure 17.

Odd Even

Original Tuning

Figure 17. Strategy for representing the centroid of connected elements (top of figure). Result of the
proposed thinning process (lower part of the figure).

3.3.2. Extraction of Connected Elements

At this stage, the connected elements in the sharpened image are extracted and
enumerated using connectivity-8. For each element, the length is calculated considering
only the coordinates. Figure 18 shows the result obtained in this process.

®  Element 1
Element 2
Element 3
Element 4
Element 3

Length

F
k.

Figure 18. Process of identifying connected elements (upper part of figure). Length of connected
element (bottom of figure).

3.3.3. Vertical Overlap Removal

Knowing the characteristic of the beam that must be projected along the horizontal
axis of the image, the vertical overlap of elements in the image is considered a flaw that
can be associated with laser reflections on the incident surface. Therefore, the next stage of
the beam extraction algorithm consists of the process of removing vertically overlapping
elements. The adopted strategy consists of first eliminating the overlapping pixels while
retaining the element with the longest length. After this operation, the length of each
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element is recalculated to eliminate the elements considered to be outliers. In the example
illustrated in Figure 19, the connected element highlighted in red was eliminated because
its final length was less than 50% of its initial length.

C1=>=C2
c1 (=
-’_._l_‘-l';‘ —H-;-"ﬂ
c2 [oF]
C2<05=C1
c2
[#f]

Figure 19. Process of eliminating overlapping pixels (upper part of the image). Process of eliminating
outliers (lower part of the image).

The adopted criterion consists of removing elements whose final lengths are less than a
threshold and eliminating elements whose final lengths are less than a certain fraction of the
length before the process of eliminating overlapping pixels. Although these parameters can
be adjusted according to the specific characteristics of the local culture, in preliminary tests,
the parameters were set at 10 for the minimum length and 50% for the maximum reduction
allowed for an element. In the illustrated example, the connected element highlighted in
red was eliminated because its final length was less than 50% of the initial length.

3.3.4. Interpolation

At this stage, the image representing the laser beam on the windrow is a binary image
in which there is only one pixel with a value of “1” in each column. Before being submitted
to a triangulation process, this image must undergo a dimensionality transformation
process, followed by an interpolation process. In the dimensionality transformation, a
function (g(x)) is used to transform the vertical coordinate (y) of a pixel (p) in the image,
which is defined by f(x,y), according to Equation (4).

p=flxy) =y=gkx) (4)

In this equation, the left side shows the value of any pixel (p) using the function f(x,y).
On the right side, the result of the transformation is shown, which obtains a function (g(x))
for the vertical coordinate (y). Figure 20 shows an example of the process.

In the interpolation process, for columns containing two adjacent pixels, the y-coordinate
value is calculated using the average of the two pixels, obtaining a spatial resolution of
0.5 pixels for the vertical coordinate. For the region of the image in which there are no “1”
pixels in any column, the y value is obtained by linear interpolation. The “0” pixels at the
ends of the x axis are kept as zero in the interpolation process. This feature allows these
pixels to be excluded in the reconstruction process. Thus, the beginning and end of the beam
correspond to the first pixels with values of “1” at the ends of the axis. Figure 21 shows
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the result after the interpolation process. The segments obtained through interpolation are
highlighted in red in the graph.
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Figure 20. Dimensionality transformation. The upper part shows the image of the beam. At the
bottom, the coordinates of the beam points after dimensionality transformation are shown.
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Figure 21. Interpolation process.

3.3.5. Filtering

In the filtering stage, digital signal processing techniques are used to remove elements
that are considered outliers according to the previously adopted criteria, as shown in
Figure 22.
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Figure 22. Filtering process for final removal of outliers.

3.4. Triangulation

In the triangulation stage, the coordinates of the beam are used to perform the three-
dimensional reconstruction of the scene, then georeference the measurements using the
positioning estimates of a sensor fusion system. To calculate the three-dimensional coor-
dinates of the windrow profile, triangulation was used between the beam emitted by the
laser and its projection on the image. The triangulation scheme used for the reconstruction
process in the next stage is shown in Figure 23. The terms x and y are the image coordinates
in the camera’s projection plane; X, Y and “Z are the three-dimensional coordinates consid-

. . Ix ly Iz . .
ering the camera coordinate system; and *, * and “ are the coordinates in the laser system.
The geometric parameters are the distance (d) between the camera and laser coordinate
systems, and the angle is 0.

X
O 2D image frame coordinate

Image plane

P point projection O Projection center of the camera

inimage plane

° O Laser coordinate system

P

Figure 23. Triangulation model.
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The image coordinates in pixels can be transformed into the coordinate system of the
camera’s projection plane using Equations (5) and (6). The coordinates of a point in the
image, in pixels, are given by Oy and O,,. The effective pixel size is given by S, and S,. The
image coordinates, in pixels, are given by x;,, and y;,.

x = —(Xim — Ox)Sx ®)

Y= —Yim— Oy)sy (6)

The transformation process from the laser coordinate system to the camera coordinate
system is shown in Equation (7). The terms ¥ and P represent any point in the camera and
laser coordinate system, respectively. The vector “T; consists of the laser position for the
camera coordinate system, as defined using Equation (8). The rotation matrix (jR) relates
the orientation of the coordinate systems, as defined using Equation (9).

P =¢ R +°T, 7)
0
Ty = | —d 8)
0
1 0 0
iR=10 sen(f) cos(6) )
0 —cos(f) sen(0)

Using the definition of the rotation matrix (fR) and the translation vector (°T;),
Equation (7) can be rewritten as shown in Equation (10).

X IX
P=|°Y| = |"Ysen () +! Zcos(0) — d (10)
‘Z ~Ycos(0) +! Zsen(0)

As shown in the representation of the triangulation model in Figure 23, the coordinate
in the laser system (Y) for any point of incidence of the beam is zero. Equations (11)—(13)
are obtained by applying this constraint to Equation (10).

°x =X (11)
Y = Zcos(8) — d (12)
7 =! Zsen(0) (13)

To obtain an independent equation in the camera system, the 'Z term was isolated
from Equation (12) and substituted into Equation (11). The result is shown in Equation (14).

Y =€ Zcot(0) — d (14)

The perspective projection model relates the camera coordinate system to the image
projection plane system, as shown in Equations (15) and (16). The fy and f, parameters
correspond to the focal length of the camera.
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X = fes (15)
v = fy (16)

Substituting the °Y term from Equation (15) into Equation (13) gives the equation for
the °Z coordinate as a function of the y coordinate of the image projection plane, as shown
in Equation (17).

o
~ fycot(8) — v

The equation for the °Y component was obtained by substituting the “z term from
Equation (16) into Equation (17), as shown in Equation (18).

c

(17)

B d
 fycot(8) —y

To find the equation of the last component (°X), the °Z term was substituted from
Equation (15) into Equation (17), as shown in Equation (19).

ey _ d fy
X= fycot(0) —y xfx

The equations relating the image projection plane to the camera coordinate system
can be rewritten in matrix form according to Equation (20).

Y y (18)

(19)

xfl
p — d fx 20)
~ fycot(8) —y 4
fy

Since the intrinsic camera parameters (fy, fy, Sx and S,) are linearly dependent, the
calibration process obtains the focal length expressed in the effective pixel size, as shown in
Equations (21) and (22). Thus, Equation (23) is the equation used for the reconstruction process.

fx,s = % (21)
L 22
fus =3, (22)
o d (Oy — Xim) % ”
" f,5€0t(8) + (Yim — Ox) Oxf— Yim (23)
Y5

After triangulating the points corresponding to the beam, coordinate transformation
is carried out using the positioning and orientation estimates from a sensor fusion system,
allowing the data to be grouped into a point cloud in a local coordinate system.

This process is carried out according to Equation (23), where
- P, is a point in the local coordinate system;

- { R is matrix that rotates the camera coordinate system in relation to the fixed system of
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the model of sensory fusion;

- }\] R is the rotation matrix obtained from the quaternion that represents the orientation of
the fusion model;

- “Ty is a translation vector that comprises the position of the fusion system in the coordinate
system from the camera;

- °P represents coordinates obtained in the triangulation process; and

- NP is the position in the local coordinate system estimated by the sensory fusion model.

P, =N R(IRP+¢Ty) +N P (24)

4. Results

An experiment involving the reconstruction system was carried out in an area contain-
ing soil similar in shape to a peanut windrow and covered with vegetation, as illustrated
in Figure 24. The width of the used windrow was approximately 400 mm, and it was
approximately 3 m long and 200 mm high. The set of sensors was fixed to a platform so that
it could be moved over the ground to carry out the reconstruction process. The platform is
shown in Figure 25. To compare the results, we used the measurements obtained using the
profilometer shown in Figure 26, which consists of 53 bars spaced 1 cm apart and a scale
with a resolution of 1 cm. The experiment was carried out in natural light between 10 am
and 2 pm. The sampling process was carried out every 10 cm.

Figure 25. Experimental platform.
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Figure 26. Profilometer.

4.1. Image Acquisition

The results of the acquisition of four images of the ground captured with the proposed
system, taking into account the strategy of capturing one image with the laser on and
another image with the laser off, separated by a time interval of 70 ms, are shown in
Figure 27 to illustrate the technique.

Proflometer Image Soil Imagem with Laser  Soil Imagem with Laser Difference image

Figure 27. Photo of the profilometer, image of the ground with the laser on, image of the ground with
the laser off and the image resulting from the difference between the two.
4.2. Segmentation

Following the same procedure as before, Figure 28 shows the results of the segmenta-
tion stage for the four captured soil images.
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Difference image Segmented image

Figure 28. Image resulting from the acquisition process and segmented image.

4.3. Beam Detection
The results of the beam detection stage are shown in Figure 29.

Profilometer Image Beam detection resulting
image
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Figure 29. Image resulting from the beam detection process.
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4.4. Triangulation

As the final stage of the proposed system, the triangulation stage shows the final shape
of the bed at the point where the laser beam was projected. Figures 30 and 31 show the
results for various points sampled in the soil by superimposing the obtained data with the
profilometer and the proposed system.

As the profilometer only produces point measurements, based on bars separated by
a certain distance, the profile generated with its measurements is quite precarious. The
system based on the proposed sensor, on the other hand, is based on a point cloud obtained
by triangulating the laser projection points, providing great precision.

The root mean square error obtained by comparing the reconstruction result with the
profilometer measurements is 28.86 mm.

With the data collected using the profilometer and the proposed system, it was possible
to plot the 3D soil profiles. Figure 32 shows the reconstruction of the bed profile based on
the profilometer reading.

100 #H 140
90 120
80
70 100
_ 60 € 80
E 50 =
~ 40 N 60
30 40
20
20
10
[ + Ol i
-300 -200 -100 0 100 200 300 -300 -200 -100 0
X (mm) X (mm)
140
e W, |+ Profilometer
120 ** V|7 Proposed sensor
frt ¥ |
100 i ik
100 ] g
£ 80 - AR
E £ i \
£ 13 % "
N 60 5 *\ % W)
40 50 ’/ ¥ e
20 v 1
0 %@%’—‘—‘—‘—‘4/—%4 /¥ : -
-300 -200 -100 0 100 200 300 _%00 200 -100 0 100 200 300
X (mm) X (mm)
140
150 —+— Profilometer
100
= 100
€ 80 E Vi
E N ‘
N 60 H
40 50 i
20 et ey
¥ t
0 l Yo 0 M i
-300 -200 -100 0 100 200 300 3300200 -100 0 100 200 300

X (mm) X (mm)

Figure 30. Image resulting from the beam detection process.
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Figure 31. Image resulting from the beam detection process.
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Figure 32. Result of the reconstruction of the windrow profile using the profilometer measurements.

Figure 33 shows the reconstruction of the windrow profile based on the reading of the

proposed sensor.
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Figure 33. Result of the reconstruction of the windrow using the proposed sensor.

4.5. Estimated Losses

Based on the results obtained in [33], the points that correlate harvesting losses as a
function of the height of the bed were drawn up, as shown in Table 1.

Table 1. Estimated harvest losses according to windrow height.

Windrow Height Estimated Losses
13.29-18.39 72.40-133.16
18.41-20.65 133.36-166.63
20.67-23.12 166.72-200.72
23.13-26.17 201.16-244.37
26.21-31.76 244.72-334.92

The curve expressing the relationship between the height of the bed and the estimated
losses in mechanized harvesting was drawn. This relationship is shown in Equation (25).

y = 0.1366x" -+ 8.10x — 60.14 (25)

For dynamic use, coupled with the digging/inversion system, the proposed method
takes Equation (25) into account, i.e., for each sampled point, the profile of the bed, its
maximum point and the expected losses for that point are considered. With the expected
loss value, it is possible to dynamically alter the mechanism that does the grubbing, seeking
to adjust the height of the formed bed to minimize losses. Figure 34 illustrates the concept.

Tractor with coupled

Automated soil profile
digging/inverter

measurement system

mechanism
I ';: soil profile calculation
Embedded b4
laser+camera set determination of the
maximum height point of
- the soil profile
b4
. Losses estimation using
o equation (4)
¥
D\ggmg/\n\.{erter Generates parameters
mechanism for dynamic adjustment
of the digging/inverter
mechanism

Figure 34. Dynamic adjustment of the digging mechanism according to the height of the windrow
obtained by the proposed sensor.
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By using the data from Equation (25) and the data obtained in the experimental analy-
sis, it was possible to plot the expected losses for the obtained points using the maximum
point of the profile obtained by triangulation and through the use of a profilometer for
each sampled point. Figure 35 shows the correlation. Twenty-four sampling points were
considered on the ground, spaced 10 cm along the length of the windrow. The proposed
method provides a much more accurate analysis of the maximum point of the bed, resulting
in a more detailed loss expectancy survey. These expected loss values act as a set point
for the cutting-blade height control system of the digging—inverting mechanism and allow
for closed-loop control of the mechanism. This control loop can be used to reduce digging
losses and increase productivity per hectare.
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Figure 35. Expected losses. Comparison between the results obtained with the profilometer and the
proposed sensor.

5. Conclusions

In this paper, we present a system for estimating the windrow profile during mecha-
nized peanut harvesting based on the incidence of an infrared laser beam on the ground
under investigation. The process of acquiring images in pairs improves the task of seg-
menting the projection of the beam on the image, making the system less susceptible to
interference from natural lighting. The proposed segmentation stage was implemented
based on the specific characteristics of the application, which allowed for better precision.
Additionally, the beam detection algorithm leverages the specific characteristics of the
images to eliminate false positives and improve the performance of the reconstruction
system. When comparing the results obtained with the proposed system to those obtained
using a profilometer, it is evident that the proposed system is highly accurate, as it takes
into account a cloud of points rather than just point measurements. The curve representing
the windrow provides extensive information (maximum height point, width, shape, etc.),
which can be used to dynamically adjust the digging/inversion system. Consequently,
losses during this process can be minimized using the equation that correlates losses with
the height of the bed.

Finally, mechatronic devices can be used to modify the reconstruction device’s d and 0
parameters in real time in order to optimize the sensor’s coverage area and accuracy. The
use of multiple beams at different wavelengths is a possible alternative for dealing with a
greater variety of structures in the scene.
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