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Abstract
Advances in the usage of computer imaging, communication technologies and the successful development of new
techniques for precision agriculture have facilitated a smart-digital revolution in row crop agriculture in recent years. The
use of a yield monitor, variable rate application (VRA) for fertilizer and herbicides, soil property maps and Global
Navigation Satellite System (GNSS) technology has enabled the development of computer generated prescription maps
for farm management. All these technologies are changing agricultural practices from simple mechanical operations to
automated operations implemented by robotic-based systems. The automation of individual crop plant care in vegetable
crop fields has increased its practical feasibility and improved efficiency and economic benefit. A systems-based
approach is a key feature in the mechanization engineering design via the incorporation of precision sensing techniques.
The objective of this study was to design sensing capabilities for implementation to measure plant spacing under different
test conditions (California, USA and Andalucía, Spain). Three different optical sensors were used: an optical light curtain
transmitter and receiver (880nm), a LiDAR sensor (905 nm), and an RGB camera. An active photoelectric transmission
sensor, which contained 3 pairs of optical light curtain transmitters and receivers, evaluated the interruption by the
tomato stem of the light curtain between the two devices, and was recorded simultaneously in real-time by a high-speed
embedded control system. The LiDAR (model LMS 211 in California and LMS 111 in Spain, from SICK AG) was
installed in a vertical orientation in the middle of the mobile platform. Additionally, a RGB spatial mosaicked image was
used to adjust the data from the light beam and LiDAR sensor and obtain combined information (RGBD where D is for
distance). These sensors were used to properly detect, localize, and discriminate between weed and tomato plants. The
use of this detection system may result in a new technique that allows for the automatic control of aggressive weeds and
the automation of weeding tools.
Keywords: Tomato detection, LiDAR, infrared sensor, precise crop protection.
1. Introduction
It is widely known that the value of agricultural crops depends largely on expected future earnings. Traditional
practices such as hand weeding, or the application of chemical herbicides for weed control decrease this estimated future
value while raising public concern regarding the effects on flora and fauna and human-health risks. European legislation
includes guidelines, according to the degree of weed infestation, for dose recommendations and the utilization of these
agrochemicals. Finding an effective solution to reduce the amount of herbicides applied to crops is a challenge that must
be addressed by machine automation and the development of new sensing techniques.
Traditionally, weed-control tasks have been conducted in two ways: manually by operators or by applying
agrochemicals uniformly to the whole plot. Currently, crop producers are starting to be interested in using new
technology-based tools in their fields. While there have been many efforts that have achieved good results with respect to
inter-row crop weed detection and control, non-chemical weed management between row growing plants still lacks a
robust field-deployable automated system, even though there have been many interesting approaches to achieving this.
Intra-row systems such as those developed by Pérez-Ruiz et al., (2014) or the commercial platforms based on computercontrolled hoes developed by Dedousis et al., (2007) are relevant examples of innovative mechanical weeding systems.
Other methods for non-chemical weed control, such as the robotic platform developed by Blasco et al. (2002) (capable
of killing weeds using a 15.000 V electrical discharge), the laser weeding system developed by R.Shah et al. (2015) or
the cross-flaming weed control machine designed for the RHEA project by Frasconi et al. (2014), demonstrate that
research is ongoing to create a robust and efficient non-chemical weed control system.
Spatial distribution and plant spacing are commonly considered as key parameters for characterizing a crop and the
authors propose the use of optical sensors or image-based devices to measure it. These image tools aim to determine and
accurately correlate several quantitative aspects of crops, allowing us to estimate plant phenotypes (Li et al., 2014;
Fahlgren et al., 2015).
The distance between plants has been demonstrated as an important fact in growth and crop resource competition
(Papadopoulos et al., 1997) that also affects the drip line layout design for water use efficiency (Çetina et al., 2008) and
determines the design of the agricultural machinery. Other authors, such as Freeman et al., (2007), have linked separation
between plants and crop indices, such as NDVI (Normalized Difference Vegetation Index), to develop predictive yield
models and to facilitate variable rate application of nitrogen.
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Accurately locating the crop plant, besides allowing automatic control of weeds, also allows individualized treatment
of each plant (e.g. spraying, nutrients). Seeking to ensure minimum interaction with plants in a non-destructive way,
different remote sensing techniques have been used to precisely locate plants in fields. For these location methods, some
authors have decided to address the automatic weed control by localizing crops with centimeter accuracy during the
seeding drilling procedure (Ehsani et al., 2004 ) or transplanting (Sun et al., 2010) using a global positioning system in
real time (GNSS-RTK). Moran et al., (1997) reviewed the possibilities offered by the image-based systems to
discriminate weeds from standing crops. Dworak et al., (2011) categorized the research of inter-plant spacing
measurement according to two types: airborne and ground-based. Currently there are several ongoing research studies on
plant location and weed detection using airborne sensors (López-Granados, 2011) due to the rising potential of the
unmanned aerial systems in agriculture, which has become evident through multiple applications during the last years.
For ground-based approaches, one of the most widely accepted techniques for plant location and classification is the use
of the light detection and ranging sensors (LiDAR) (Miguel Garrido et al., 2015). LiDAR sensors provide distance
measurements along a line-scan at a very fast scanning rate, and have been widely used for different applications in
agriculture as 3D tree-representation for precise applications (Rosell et al., 2009) (Miguel Garrido et al., 2012) or in-field
plant location (Shi et al., 2013). This research continues the approach developed by Miguel Garrido et al., (2014) in
which a combination of LiDAR + light beam sensor mounted on a mobile platform was used for detection and
classification tree stems in nurseries.
This paper aims to establish a method for estimating tomato plant spacing in field conditions using non-invasive
methods based on LiDAR technology, infrared sensors and low cost components. Thus, 3D models of the rows were
obtained and dimensional analyses were carried out to determine the distance between plants in a row and to try
distinguish between crop plants and weeds. Techniques and algorithms to detect, discriminate and represent tomato
plants were developed. The main output of this workflow was a method of precise prediction aimed at locating plants
using a local reference system in agricultural fields, allowing for accurate discrimination between plants and weeds.
2. Materials and Methods
To accurately measure the space between plants in the same crop row by developing a new sensor platform, laboratory
tests and field tests have been conducted both in Spain and in California, allowing for researchers to obtain more data
under different field conditions. These tests are described below, characterizing the sensors used and the parameters
measured.
2.1. Laboratory platform and tests
To maximize the accuracy of the distance measurements obtained by the sensors, an experimental platform was
designed to avoid the limitations of seasonality of outdoors testing. Instead of working in a laboratory with real plants,
the team designed and created their own plants using a 3D printer (Prusa I3, BQ, Spain), which were mounted on a
conveyor chain at a known separation. This conveyor chain system, similar to that of a bicycle was driven by a small
electric motor able to move the belt at a constant speed of 1.35 km·h−1. An incremental optical encoder (63R256, Grayhill
Inc, Illinois USA) was directly attached to the gear shaft and used to measure the pulses generated by it, depending on the
distance travelled, thus serving as a local reference system. This encoder generated 256 pulses per revolution, and
laboratory measurements determined that each pulse was equivalent to 1.18 mm of travel, having a total of 30.20 cm of
distance travelled per revolution. The data generated by the encoder and the light beam sensors on the platform were
collected using a low cost open-hardware microcontroller (Arduino Leonardo, ARDUINO, Italy) programmed in a
simple integrated development environment (IDE). This device recorded detection data that was stored in a text file for
further computer analysis. The infrared light beam sensors, RGB camera and LiDAR were mounted on the platform
being examined in detail below.
2.1.1 Light beam sensors specifications.
Three pairs of light beam sensors (Banner SM31, BANNER, USA) were placed in the middle of the platform at three
different heights to detect and discriminate not only the distance between plants but also any dependence on height. The
sensor pairs were placed transversely (emitter-receiver) to the direction of travel and with a configuration designed to
prevent a single receiver from capturing a light beam emitted by the wrong transmitter. Due to the short range and focus
required in laboratory tests, it was necessary to reduce the field of view and strength of the light signal by masking the
emitters and receivers lens using a 3D-printed conic element. In laboratory tests, the height above the platform of the first
emitter and receiver pair was 4 cm and the height of 3D plants was 13 cm; in the field tests the sensor was placed at 12
cm from the floor (the average height measured manually of real plants was 19.5 cm) to avoid obstacles in the field (e.g.
clod, slight bumps, etc.). In both cases the receiver was set to produce a TTL output pulse each time the light beam was
blocked by any part of the plant. The signals generated by the sensors were collected by the microcontroller, used by the
real-time algorithm, and stored for later analysis. The algorithm developed for the light beam sensors indicates the times
that the beam was interrupted and associates it to an encoder pulse associated with the travel direction odometry.
Considering that the 3D plants had a wider shape at their top (leaves) than in the bottom (stem) and therefore more
interruptions were received by the top sensor, the algorithm had to be customized for each sensor pair and height for
plant detection. To correctly discriminate between plants, the developed algorithm implemented a distance range,
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measured in pulses from the encoder, which could verify the presence or absence of a plant after the detection of the stem,
inferring that interruptions received from the sensors placed in the middle and top heights before and after the stem
correspond to the leaves and the rest of the plant structure. Other technical features of IR light beam sensors are presented
in the Table 1.
Table 1. IR light beam sensor features
Operational voltage (V)
Detection range (m)
Response time (milliseconds)
Sinking and sourcing outputs (mA)

10 – 30 V
30 m
1 ms
150 mA

2.1.2 Laser scanner
A LiDAR laser scanner LMS111 (SICK AG, Waldkirch, Germany) was also mounted on the platform, at the top and
vertically, scanning the scene below, producing a top view of the row of moving plants. Its main characteristics are
summarized in Table 2. This configuration was tested on most of the measurements performed, and two other
orientations of the sensor (scanning with angles of 45º and 0º) were tested to evaluate the best detection as a function of
the position. The basic operating principle of this LiDAR sensor is the projection of an optical signal onto the surface of
an object at a certain angle and range; by processing the corresponding reflected signal, it determines the distance to the
sensor. The LiDAR sensor was interfaced to a computer through an RJ45 Ethernet port for data transfer. The vertical
LiDAR orientation provided the plant’s top projection while the other two scanning positions yielded the complete
vertical profile of the plants. Its resolution in the direction of travel was greatly affected by the platform’s moving speed.
Maintaining a constant speed being a key factor for accurate measurements. Once the point cloud was obtained by the
LiDAR sensor and represented using the self-developed software, as detailed in the following section, several distance
measurements were made. Additionally, detection data were taken from the LiDAR sensor were cross-analyzed with the
data obtained by the IR light beam sensors.
Table 2. LMS 111 technical data
Operational range
Scanning field of view
Scanning Frequency
Angular resolution
Light source
Enclosure rating

From 0.5 to 20 m
270º
50 Hz
0.5º
905 nm
IP 67

Figure 1. Details of the sensors on the laboratory platform (LiDAR and IR light beam) for the detection and structure of
the modular 3D plant (left).
2.2. Field tests
A structure coupled to the tractor's three-point hitch was designed and implemented for field trials conducted at the
Western Center of Agricultural Equipment (WCAE) on the University of California, Davis campus, to carry the sensors
and position them to work in field conditions (Figure 2). Field measurements with real plants were made using the same
infrared photoelectric sensor (one pair of them) LiDAR for plant detection and the same position encoder described in
section 2.1.. A commercial RGB action camera was placed on the top of the platform and images were taken every 3
seconds during the advance. For the field acquisition system the output signals of the sensor were connected to a
bidirectional digital module (NI 9403, National Instruments Co., Austin, Texas, USA), while the position encoder was
connected to a digital input module (NI 9411, National Instruments Co., Austin, Texas, USA). Both modules were
integrated into a NI cRIO-9004 (NI 9411, National Instruments Co., Austin, Texas, USA), and all data were recorded
using the program LabVIEW (National Instruments Co., Austin, Texas, USA).
In these early field trials, where this combined methodology for detection and estimation of separation between plants
within a crop line has been tested, the team worked on three lines of a small plot of land of 20 meters long.
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Figure 2. Sensors mounted on the experimental platform designed for field trials in UC Davis, California
2.3. Data processing and representation
To precisely detect and properly determine the distance between plants in both laboratory and field tests, the data
provided by the different sensors were analyzed and merged, allowing for discriminating between crop plants and weeds.
2.3.1 Method for the characterization of the plant by light beam sensor.
For the analysis of data obtained from the infrared light beam sensors a Matlab routine (MATLAB R2015b,
MathWorks, Inc., Natick, MA, USA) was developed.
System calibration was carried out by using 11 artificial plants in laboratory test and 122 real tomato plants in field. The
methodology used for the detection of tomato plants with the optical sensors was based on the following steps:
1. Selection of the values for the variables used by the program to carry out the detection:
a. pulse_distance_relation: This variable allowed us to convert the pulses generated by the position encoder into
the distances travelled by the platforms. In laboratory trials the encoder was coupled to the shaft that provided motion to
the 3D plants, and in field it was coupled to a ground wheel installed in the structure of the platform. The conversion
factors used for the tests were 1.18 and 0.98 mm per pulse for laboratory and field respectively.
b. detection_filter: With the aim of eliminating possible erroneous detections, especially during field trials due to
the interaction of leaves, branches, dust and even weeds, the data were first filtered. To do this, we proceeded to filter
every detection that corresponded with a distance travelled less than 4 mm, while the sensor was active (continuous
detection).
c. theoretical_plant_distance: The theoretical distance between plants in a crop line was determined during
testing to be 100 mm and 380 mm for laboratory and field, respectively.
d. expected_plant_distance: Expected distance between plants in a crop line, and its theoretical value distance
defined above with an error of 20%.
2. Import of raw data recorded by the sensors (encoder and existence, "1", or absence, "0", detected by the light beam
sensors). The conversion factor (pulse_distance_relation) allowed us to obtain the distance in millimeters for each
encoder value.
3. Data were filtered by removing all detections whose length or distance travelled, while the sensors were active, were
less than the set value (detection_filter). Thus potential candidates were selected, being registered for every detection: i)
the distance of the start of the detection, ii) the distance of the end of the detection iii) distance travelled during detection;
iv) and mean distance during the detection, where it is considered that the stem of the plant was located.
4. Distance evaluation between the current candidate and the previous potential plant:
a. If this distance was greater than the set value (expected_plant_distance), we considered this candidate as a
potential new plant to consider, registering a new matrix: the number of the plant; detections that conformed it; the
location of the midpoint of the detections; the distance from the previous potential plant.
b. If this distance was less than the set value (expected_plant_distance), we added this data to previous potential
candidate plant, recalculating again all potential components of this plant. For the selection of the new midpoint, the
location closer to the theoretical midpoint of the new range of data was considered.
2.3.2 Method for the characterization of the plant by LiDAR+RGB data.
Specific software was developed for offline analysis of data measured by the laser scanner by using a graphic
interface developed in C# and interfacing with the LiDAR using the RS232 port. Additional software was also developed
in Visual Basic for Applications (VBA) for the integration of LiDAR data and the representation of the position and plant
structure data. The algorithm used in this software was structured to perform the following steps: i) Input of the LiDAR
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data and conversion from polar coordinates to Cartesian coordinates; ii) Point filtration and outlier detection to discard
those points that were outside the study scene; iii) Determination of the initial and final impact points for each scan. Once
point data was obtained and filtered, the resulting point cloud was visualized in an open source software (Meshlab, ISTICNR). This software was also used for 3D mesh creation and processing. As most points on the point cloud were part of
a planar surface, point normals were automatically computed by the software. After this, given a point cloud with
normals, the Ball Pivoting Algorithm (BPA) created by Bernardini et al., (1999) was used to reconstruct the surface. This
algorithm starts with a seed triangle and pivots a ball with a given radius around the already formed edges until it touches
another point, forming another triangle. The process continues until all reachable edges have been tried. Once the mesh
was created, it was possible to measure distances directly using the measuring tools included in the Meshlab software. To
help discriminate between the elements that were in the mesh, 500 images obtained by the RGB camera installed in the
platform were mosaicked using Photoscan software (Agisoft Photoscan, St.Petersburg, Rusia) to obtain the texture that
was merged with the mesh.
3. Results and Discussion
3.1 Laboratory tests results.
Several laboratory tests were made to properly adjust and test the sensors. As an example, Figure 3 shows the different
profiles in the representations of detections, by comparing the pair of infrared sensors placed on the bottom (detecting the
stems) with those placed at the middle (detecting the leaves). Figure 4 shows the positions of detected tomato stems and
the estimated distance between them. In all laboratory tests the 100% stems were detected with the infrared sensor. It’s
necessary to note that in laboratory conditions there are no obstacles in the crop line, a situation that is far from what we
can find in the field. Figure 4 (right) shows the stem diameter measured from one of the test with an estimated average
diameter of 11.2 mm and the actual value of the stem of 10 mm.

Figure 3. Signals from the light beam sensors detecting the stems (left) and leaves (right) of 11 plants in laboratory

Figure 4. Left) Positions of the stems of the 11 plants in the laboratory test. Right) Average position of the plant for a distance of 11
mm.

Results on the estimation of the plant locations made by the light beam sensors in laboratory (Figure 4) reveals that
measuring the distance between plants of the same row or a treatment on the plants would be a very simple and accurate
performance.
Three laboratory tests conducted throughout the IR sensors adjustment process are shown in Figure 5. The histogram
in this figure represents the estimated distances between stem and plant stem, where the average distance is 102.5 mm;
the real distance between plants was 100.0 mm. The average standard deviation for the three trials was 2.2 mm. Focusing
on test 3, the last graph in Figure 5, it is seen that all distance values between plants were estimated between 100.1 mm
and 103.8 mm.
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Figure 5. Left) Positions of the stems of the 11 plants in the laboratory test. Right) Average position of the plant for a distance of 11
mm.

Regarding the results obtained by the LiDAR in laboratory, as mentioned in section 2.1.2, multiple scanning
configurations and orientations were tested. From these tests it can be concluded that the vertical and sideway scans were
those from which best point clouds were obtained and therefore plant representation and spacing measurements were
more accurate. Figure 6 below show the point cloud representation of one of the scans made by the LiDAR.

Figure 6. Point cloud representation of 11 3D plants obtained by the LIDAR sensor.

3.2 Field tests results
Preliminary tests result with the infrared light beam sensors are presented in Figure 7a below. Unlike laboratory
detections, in field data the determined distances between stems were more variable. This variability is mainly due to the
lack of growing plants in the line caused by inaccuracies of the seeder or the presence of some weed very close to the
stem of the detected plant. Figure 7b reveals that several positions for potential candidates (marked with a cross) were established,
while only one potential plant should be there (marked with a circle).

(a)
(b)
Figure 7. (a) Detections and positions of the 41 tomato plants in first field test by the light beam sensors and b) detail of position of
potential plants.
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During the first field-test performed 41 detections occurred when there were 32 real plants growing in the seedline,
this meant for this trial an error in the number of detections of 22%. However, in the trial number two 32 stem detections
occurred when 34 real plants were on the line, this meant a 94% success rate. In test number three the accuracy was 98%.

First test
Second test
Third test

Table 2. Plant detection ratio in field trials
Real plants
Detected plants
% Accuracy
32
41
78
34
32
94
48
49
98

For the representation of the data obtained by the LiDAR during field trials, the team considered useful not only to
represent a point cloud as was done in laboratory tests, but to generate a mesh from the point cloud and merge it with a
texture generated from image mosaic. This textured mesh, besides allowing to identify and discriminate between crop
plants and weeds, allowed to perform measurements on it using mesh creation software. An example meshed point-cloud
is represented in the following figures below.

Figure 8. Mesh and textured mesh created from the point-cloud obtained from LiDAR sensor in field.

4. Conclusions
These initial results show that the use of an infrared sensor and a laser scanner mounted on a prototype platform
represents a useful technique to accurately detect plants in a crop line and measure the distances between them. Among
other achievements of this work may be mentioned:
- A successful platform sensor system for laboratory testing and field use was constructed that was able to record optical
measurements (sensor and LiDAR) and position (encoder) simultaneously for a crop line.
- A high percentage (100%) of the stems were successfully detected with the infrared sensor in laboratory, while the
representation of the LiDAR data would help to measure the distance between them with a low error value in the location
and therefore discriminate between the crop and weeds.
- In field tests, the 90% of the plants were successfully detected, with greater variability in the distance estimation
between plants. LiDAR data was successfully analyzed, providing a 3D mesh representation of the plants. A better 3D
representation of row crops can help to increase the precision for decision-making to farmers, something that encourages
the authors to continue working into weed detection using this technology.
The use of detection systems like this can lead to a new era that allows the control of in-line weeds more
economically as well as the automation of the operation. Precise control of weeds is a major objective for this group, so
we plan to continue working on this topic in the future.
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