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Abstract: Monitoring the spatial variability of agricultural variables is a main step in implementing
precision agriculture practices. Active optical sensors (AOS), with their instrumentation directly
on agricultural machines, are suitable and make it possible to obtain high-frequency data. This
study aimed to evaluate the potential of AOS to map the spatial and temporal variability of coffee
crop yields, as well as to establish guidelines for the acquisition of AOS data for sensing the sides
of a coffee plant, allowing the evaluation of large commercial fields. The study was conducted in
a commercial coffee area of 10.24 ha, cultivated with the Catuai 144 variety. Data collection was
performed with six Crop Circle ACS 430 sensors (Holland Scientific, Lincoln, NE, USA) and two
N-Sensor NG sensors (Yara International, Diilmen, Germany). Seven field expeditions were made
to collect data using the optical sensors during 2019 and 2021, obtaining data during the flowering,
fruit-filling and fruit maturation phases (pre-harvest), and post-harvest. The results showed that
the different faces of the same plant present a different Pearson’s correlation coefficient (r) to its
yield, obtained with a yield monitor on the harvester. The face with the highest exposure to solar
radiation presented a slightly higher correlation to yield (—0.34 < r < —0.17) when compared with
the face with less exposure (—0.27 < r < —0.15). In addition, it was observed that the vegetation
indices measured at the beginning of the coffee cycle (before the rainy season that starts in October)
present a positive correlation to the coffee yield of that same year (0.73 < r < 0.91). On the other
hand, this relationship is changed after the beginning of the rain season, at which time the vegetation
index increases abruptly, inverting the correlation with the yield after that (—0.93 < r < —0.77).
Furthermore, it was observed that, due to the biennial nature of coffee production, the vegetation
index acquired at a specific time has an inverted relationship when compared with the yield of that
year and to the yield of the following (or previous) year.

Keywords: precision agriculture; active optical sensors; spatial variability; crop yield estimation

1. Introduction

Precision Agriculture (PA) approaches seek to understand the spatial and temporal
variability present in agricultural variables within a production field. This knowledge
allows for the localized management of inputs, aiming to increase production efficiency
and, therefore, the profitability and sustainability of agricultural production [1]. Monitoring
the spatial variability of agricultural variables is a main step in implementing PA tech-
niques. This step routinely demands a high spatial density of data for the construction of
reliable maps that characterize details of the crop. In addition, monitoring large-scale crops
(e.g., hundreds of hectares) requires practical, inexpensive technologies that are compatible
with the automation of the monitoring process.

Remote-sensing approaches (e.g., remotely piloted aircraft images) are classic alterna-
tives for monitoring agricultural variables on large tracts of land, allowing spatial resolution
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from a few meters (e.g., 2-30 m for satellite images) up to sub-metric values. On the other
hand, proximal sensing using active optical sensors (AOS) with instrumentation directly on
agricultural machines is suitable and allows high-frequency data (e.g., 5 Hz) to be obtained,
which amounts to more than one piece of information per plant. In addition, as the sensors
are active, they do not depend on external radiation sources. AOS are less affected by
variability in lighting and shading, which is common in field data acquisition, e.g., the
presence of clouds or variation in solar position, factors to consider when using orbital and
aerial remote-sensing approaches.

In agriculture, AOS were initially developed to identify changes in nitrogen (N)
nutritional status and estimate its demand. This is possible because these sensors are
able to monitor the photosynthetic activity and vegetative vigor of plants, both factors
being related to N absorption in most crops [2]. An advantage of these sensors is that
they do not depend on post-processing steps, as do imaging sensors. This allows the
synchronization of collection, diagnosis, prescription and application in one single step,
making real-time interventions possible [3]. Studies were already developed using AOS
for crops, such as maize [4-7], wheat [8-11], rice [12], cotton [13] and sugarcane [14-16].
However, these approaches were not explored in depth for coffee cultivation, with only a
few scientific studies evaluating the performance of AOS to estimate biometric parameters
of individual plants [17,18] and are, therefore, not applicable to large-scale contexts, such
as in commercial areas.

Unlike annual crops, active optical sensing for coffee should be performed with
equipment turned to the side view of the plants, since positioning the sensor at the top
of the plant is unfeasible due to the canopy height. Although the lateral positioning of
active sensors was already adopted in some studies monitoring perennial crops [19-21],
there is still a need to establish an optimized protocol for the acquisition and processing
of these data for coffee crops in order to evaluate its spatial variability over its biennial
cycle. For example, in crops with planting lines oriented in an east-west direction, there is
no consensus on using data from only one of the side faces (i.e., using only the face that
does not receive direct sunlight) or whether the best strategy is to use a methodology to
calculate the average of both faces. This fact must be considered as there is a consensus that
the face receiving more solar radiation behaves differently, resulting in different vegetative
vigor when the same plant is evaluated from opposite faces/sides [22-27]. It is not known,
therefore, which of these faces best represents the crop’s yield potential. In addition, neither
is there any consensus on which part of the coffee plants, i.e., middle, lower, or upper third,
should be scanned to obtain data that best represent the variability of this crop. Finally, it
is important to mention that, to the best of our knowledge, there is no long-term research
evaluating the response of AOS in the coffee crop over the biennial cycle typical of this crop.

In this context, this study aimed to evaluate the potential of AOS to map the spatial
and temporal variability of coffee crop yields, allowing the evaluation of large commercial
fields. More specifically, this study (i) evaluates and proposes a strategy for acquiring AOS
data from the side of coffee plants and (ii) assesses the spatial relationship between data
from different commercial AOS and coffee yield, evaluating the crop over its biennial cycle.

2. Materials and Methods
2.1. Study Area

The study was conducted in a commercial coffee area of 10.24 ha, cultivated with the
Catuai 144 variety. The coffee trees were spaced at 0.5 m between plants and 4.0 m between
rows, resulting in a density of approximately 5000 plants ha~!, with a drip irrigation system.
The area (Figure 1) is located in the municipality of Patos de Minas, state of Minas Gerais,
Brazil. The local climate is classified as Aw (Tropical savanna climate), according to the
Koppen classification [28], characterized by a tropical environment with dry winters and
rainy summers. The coffee lines were planted in an east-west direction so that one side
of the plants received direct solar radiation most of the year and the other side received
indirect radiation (Figure 1a).
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Figure 1. Map of the study area location; (a) general location map; (b) detail for the study area;

(c) detail for the face with an incidence of direct and indirect solar radiation and the predominance of

annual solar incidence in the area.

2.2. Tractor Instrumentation with AOS

Data collection was performed with six Crop Circle ACS 430 sensors (Holland Sci-
entific, Lincoln, NE, USA) and two N-Sensor NG sensors (Yara International, Diilmen,
Germany). The sensors were embedded in an agricultural tractor. Sensor specifications are
shown in Table 1. The arrangement of sensors on the machine was previously defined in a
3D environment to avoid overlapping the lighting emitted by the active sensors (Figure 2a).

Details of sensor positioning are shown in Figure 2.

Table 1. Technical specifications of sensors.

Specification Crop Circle ACS 430 N-Sensor NG
Light source * Polychromatic modulated LED LED (light-emitting diodes)
670 nm (RED)
Spectral Bands ** 730 nm (RedEdge) 73(;;51;23?&%3?3)
780 nm (NIR)

* Sensor light source type. ** The interval between two wavelengths in the electromagnetic spectrum.
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Figure 2. Schematic layout of sensors coupled on the tractor; (a) position of each sensor together with
the GNSS receiver, showing the field of view of the Crop Circle sensors in yellow and the field of
view of the N-Sensor NG sensors in red; (b) position of the plant scanned by each piece of equipment,
showing the collections carried out in the lower third (TT), middle third (TM) and upper third (TS) of
the coffee plant; (c) N-Sensor sensor; (d) Crop Circle sensor; (e) Equipment data logger.

The Crop Circle sensors were positioned at three different heights to simultaneously
scan the lower (0 to 0.8 m, designated as TI), middle (0.8 to 1.6 m, designated as TM) and
upper (1.6 to 2.4 m, designated as TS) thirds of the coffee plants. The N-Sensor sensors
were positioned to scan only the middle third of the coffee plants. Half of the sensors
collected data from the right row and the other half from the left row, with the tractor
moving between the coffee rows. All equipment worked with a data acquisition frequency
of 5 Hz, obtaining approximately 1 point on each side of the plant every 0.3 m (considering
an average traveling speed of 1.5 m s™1).

The Crop Circle sensors were integrated with the GEOSCOUT GLS-420 mapping sys-
tem (Holland Scientific, Lincoln, NE, USA) for data acquisition, and the NDVI (Normalized
Difference Vegetation Index) [29] and NDRE (normalized difference red edge index) [30]
vegetation indices were calculated, being designated in this study as CC-NDVI and CC-
NDRE, respectively. The N-Sensor data acquisition was made in Yara N-Sensor software
running on the Microsoft Windows operating system. The sensor provides a vegetation
index (designated in this work as NS), for which the company does not disclose specifi-
cations. All data were georeferenced using a Global Navigation Satellite System (GNSS)
receiver (SMART6-L™, NovAtel Inc., Calgary, AB, Canada) with TerraStar-C (NovAtel Inc.,
Calgary, AB, Canada) correction that allows an accuracy of +0.09 m [31].

2.3. Data Acquisition with AOS and Yield Measurement

Seven field expeditions (designated from C1 to C7) were made for data collection
with the optical sensors during the years 2019 to 2021 (Figure 3), collecting data during
the flowering, fruit-filling and fruit maturation phases (pre-harvest), and post-harvest.
Harvests were carried out in 2019, 2020 and 2021 using a K3 Millennium harvester (Jacto,
Pompeia, Brazil), equipped with a yield monitor that measures the volume of harvested
grains converted to weight using a conversion factor. More details of the yield monitor and



Agronomy 2022, 12,2118 50f 16
the conversion from volumetric to gravimetric units are described by Martello et al. [32].
Yield data collected from maneuvers and roads were manually removed. Subsequently, the
discrepant data were filtered using the software MapkFilter V.2.0 (Piracicaba, Brazil) [33],
using global filtering with a threshold of 100% [34].

[ Year 2019 >[ Year 2020 > [ Year 2021 >
cl1 Y1 2 c3 c4 cs Y2 c6 c7 Y3
Pre-harvest Harvest Post-harvest  Flowering , Fruit filling  Pre-harvest Harvest Post-harvest Pre-harvest Harvest
13 July 2019 23 September 2019 20 March 2020 29 May 2020 1 June 2019 3 June 2019

9 July 2019 11 July 2019

24 July 2021 24 July 2021

Optimization of data collection

Spatio-temporal relationship of data

Figure 3. Flowchart of dates and coffee phenological stages at data collection with optical sensors
and yield measurement.

2.4. Data Analysis
2.4.1. Optimizing AOS Positioning on the Side of a Coffee Plant to Infer Its Yield

Three data acquisition scenarios were evaluated: (i) using only data obtained on
the face exposed to direct sunlight (Al); (ii) using only the data obtained on the face
with indirect sun exposure (A2); and (iii) using the average of the two faces for the same
plant (A3). To categorize the sensor data as a function of the face exposed to direct or
indirect sunlight, an algorithm was developed that recognized the direction of the tractor’s
displacement as a function of the azimuth of its coordinates. The points were classified
according to the direction of the tractor displacement (Figure 4a) and an offset of 2 m was
then applied to reproject the position to the center of the row at 90° and 270° from the
alignment (Figure 4b). This was necessary because the equipment positioned to the right
and left of the tractor scans different faces as the direction of displacement is reversed.

The optimization of sensor height was performed using the A3 scenario. These
optimizations were performed using the sensor data obtained in the C1 stage that were
compared to the yield data obtained in the Y1 harvest. To ensure that the yield data
obtained by the yield monitor were compared to the data obtained by the sensors, a
polygon (measuring 3 m wide by 4 m long) was generated for each yield point (Figure 4d).
The average of the sensor data within this polygon was then calculated, as shown in
Figure 4d. The correlation between the crop yield and the sensor data from the different
scenarios described above was evaluated in 5382 points. The optimizations regarding the
sensor height and data acquisition scenarios were performed using the sensor raw data
without spatial filters to avoid possible interference. The scenario that presented the best
correlation to the yield data was used in the subsequent analyses (described below).
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Figure 4. Schematic of data processing: (a) calculation of the direction and azimuth of the sensors’
data points, blue and red points indicating the position where the data were obtained from the
sensors before post-processing for the categorization of the plant side; change of direction points
(purple) were excluded from post-processing. Red dots represent the sensors to the right of the tractor
that obtained information from the side with direct solar radiation, and to the left that obtained
information from the side with indirect solar radiation. Blue points represent the sensors on the
right that obtained information from the side with indirect solar radiation and the sensors on the
left from the side with direct solar radiation; (b) applying the offset and direction to each point;
(c) categorization of points according to plant side; (d) polygons created over the yield data point
to sample the sensor data, obtaining the data for scenarios Al (mean using only yellow points), A2
(mean using only black points) and A3 (mean using yellow and black points).

2.4.2. Spatio-Temporal Relationship of AOS Data to Coffee Crop Yield

Using the optimal scenarios of the sensor height and data acquisition, the AOS data
obtained from C1 to C7 were filtered using the MapFilter software [33] and then interpolated
using ordinary kriging and a 3 m x 3 m grid. The AOS data were filtered, using global
filtering with a threshold of 100%, local filtering with a threshold of 10% and a radius of
10 m. The spatio-temporal relationship of AOS data to coffee crop yield was evaluated
by comparing the AOS maps for C1, C2, C3, C4 and C5 to the yield map for Y2, as well
as comparing the yield map for Y3 to the AOS maps for C5, C6 and C7. These data were
compared using Pearson’s correlation coefficient (r) and the ability of the AOS data to
predict yield was verified using simple linear regressions (n = 11,859 for all datasets). These
comparisons permit the evaluation of the temporal relationship of the sensor data to the
coffee yield, showing its temporal oscillation as a function of its biennial seasonality.

The calibrations of the predictive models were internally validated with full cross-
validation using the coefficient of determination (R?), the residual prediction deviation
(RPD) and the root means square error (RMSE) as quality indicators. The RPD was
calculated as the ratio between the standard deviation of the measured yield and the
RMSE obtained in the prediction. Four RPD classes adapted from Chang et al. [35] were
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used to evaluate the quality of models: poor models (RPD < 1.40), reasonable models
(1.40 < RPD < 2.00), good models (2.00 < RPD < 3.00) and excellent models (RPD > 3.00).

3. Results
3.1. Optimizing AOS Positioning on the Side of the Coffee Plant for Yield Inference

The correlation between the coffee yield data (obtained in Y1) and AOS (obtained
in C1) for the different scenarios of data acquisition (Al, A2 and A3) and sensor height
(TI, TM and TS) are presented in Table 2. In general, both commercial sensors show better
results in the A3 scenario (—0.34 < r < —0.21) in relation to the A1 (—0.34 <r < —0.17)
and A2 (—0.27 <r < —0.15) scenarios. The A3 scenario represents the average value of
the vegetation index obtained on each face of the plant, which probably results in a better
characterization of the plant average vigor and, consequently, a better relationship to its
yield. These results suggest that, when AOS sensors are used to infer coffee crop yield, it is
necessary to post-process and organize the data so that a plant is represented by the average
of the vegetation indices collected on each of its sides. This post-processing is necessary
because, when traveling between rows, the sensors mounted on the right and left of the
tractor collect data for different coffee rows. These results suggest that AOS manufacturers
should include a data post-processing algorithm in the intelligence of sensors used on the
side view of perennial crops. This tool would benefit from further studies comparing the
relationship of the different plant faces to the vigor and yield of these crops.

Table 2. Pearson’s correlation between coffee yield data obtained in period Y1 and AOS raw data
obtained in period C1 for different acquisition scenarios and positioning in relation to plant height.

Optimization of the Optimization of
Sensor VI Acquisition Scenario Sensor Positioning
A1l A2 A3 TI ™ TS
Crop Circle CC-NDVI —0.17 —0.15 —0.21 —0.07 —0.21 —0.07
p CC-NDRE —0.33 -0.27 —0.34 —0.11 —0.34 —0.26
N-Sensor NS —0.34 —-0.27 —0.34

The comparison between the Al and A2 scenarios shows a different correlation be-
tween the different faces of the same plant and its yield. The face with the highest exposure
to solar radiation (A1) presented a slightly higher correlation to yield when compared with
the face with less exposure (A2). This result may be linked to the fact that the face receiving
greater amounts of direct radiation tends to present a higher yield when compared with
the shaded face, with r oscillating from —0.34 to —0.17 for scenario Al and from —0.27 to
—0.15 for scenario A2 (Table 2). The higher yields on faces with greater sun exposure are
explained by the fact that this face presents higher photosynthetically active radiation [23]
and higher carbohydrate assimilation [24], when compared with the face that receives less
radiation. In addition, shaded faces form fewer nodes per branch and fewer flower buds at
existing nodes [26,27].

Regarding the vegetation index, the CC-NDVI presented the smallest correlations to
the yield data. This behavior may be linked to the saturation of this index, previously
observed in other crops with intense vegetative growth, such as soybean [36], rice [37]
and vine [38]. An alternative to prevent saturation is to use vegetation indices that use
the red-edge region instead of the near-infrared, such as the NDRE index [39]. Our results
corroborate this, showing higher correlations of yield with NDRE than with NDVI in all
data acquisition scenarios (Table 2).

Regarding the optimization of sensor positioning, we observed that the data obtained
in the TM of the plant showed a higher correlation to yield (r of —0.21 and —0.34 for NDVI
and NDRE, respectively) in relation to those obtained in TI (r of —0.07 and —0.11 for NDVI
and NDRE, respectively) and TS (r of —0.07 and —0.26 for NDVI and NDRE, respectively)
(Table 2). The higher correlation between yield and TM is probably related to the fact that
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TM has a higher presence of vegetative structures and chlorophyll accumulation compared
with TT and TS [22]. Additionally, TI has a predominance of older branches and TS of
younger branches, which naturally provide lower yields.

3.2. Spatio-Temporal Relationship of AOS Data to Coffee Yield

The spatio-temporal relationship of the AOS data to the yield obtained in the 2020
(Y2) and 2021 (Y3) harvests is shown in Table 3. The correlation between sensor output and
the coffee yield data shows that, although the correlation remains strong (with r absolute
greater than 0.70) throughout the cycle, its sign is inverted in the middle of the coffee
development (between C3 and C4). In other words, direct relationships with a positive
correlation (0.73 < r < 0.91) are observed for C1 (pre-harvest regarding Y1), C2 (post-
harvest regarding Y1) and C3 (flowering) to yield-Y2, and indirect relationships with a
negative correlation (—0.93 < r < —0.77) are seen for C4 (fruit filling) and C5 (pre-harvest
regarding Y2) to yield-Y2 (Table 3). This behavior was confirmed when assessing the data
(for C5, C6 and C7) of the subsequent season (data at flowering and fruit filling were not
evaluated in this second season). In the subsequent season, the OAS data for C5 (pre-
harvest regarding Y2) and C6 (post-harvest regarding Y2) presented positive correlations
(0.72 <r < 0.90) to yield-Y3 and the data acquired in C7 (pre-harvest regarding Y3) had
a negative correlation (r = —0.71) to yield-Y3 (Table 3). The inversion of the relationship
between AOS data and coffee yield occurred after flowering, i.e., after the beginning of the
rains in the Cerrado region, which occurs at the end of September. This point in the coffee
cycle is characterized by intense biomass production, both vegetative and reproductive
structures [25]. This results in an increase in plant biomass and its vegetation index and,
consequently, inverts the relation of the index to the yield of that year. The increase in the
vegetation index value in C4 (fruit filling) and C5 (pre-harvest regarding Y2) can be seen
in Figure 5, which shows this behavior, both for the regions that will have higher yields
and for those that will have lower yields. The abrupt increase in vegetation index at C4
and C5, relative to C3, that occurs after the beginning of the rains, is observed for both the
average data of the entire field (Figure 5a,d) and for the data from low (Figure 5b,e) and
high-yielding areas (Figure 5c,f). Only the C5 data, obtained with the N-sensor index in the
low-yield area did not show this behavior (Figure 5b).

Table 3. Temporal relationship of the AOS sensors data to the yield obtained in the 2020 (Y2) and 2021
(Y3) crop. The results show the performance of yield prediction (obtained in the full cross-validation)
using simple linear regression models.

In Comparison with Y2 In Comparison with Y3
Pre- Post- Fruit Pre- Pre- Post- Pre-
Sensor Harvest Harvest  Flowering Filling Harvest Harvest Harvest Harvest
Y1 Y1 Y2 Y2 Y2 Y3
C1 C2 C3 C4 C5 C5 Cé6 Cc7
Crop r2 091 0.82 0.73 —0.77 —0.81 0.72 0.88 *
Circle R 0.84 0.68 0.54 0.59 0.65 0.52 0.77 *
(CC- RMSE 0.20 0.28 0.34 0.32 0.29 0.30 0.21 *
NDRE) RMSE% 9.96 13.96 16.78 15.74 14.50 20.38 13.99 *
RPD 2.47 1.76 1.47 1.56 1.70 1.45 2.11 *
T 0.88 0.87 0.89 —0.77 —0.93 0.90 0.85 —0.71
R? 0.77 0.75 0.79 0.59 0.86 0.81 0.72 0.50
N-Sensor RMSE 0.24 0.25 0.23 0.32 0.19 0.19 0.23 0.31
RMSE% 11.68 12.20 11.38 15.78 9.19 12.93 15.45 20.84
RPD 211 2.02 2.16 1.56 2.68 2.28 1.91 1.41

* Data not acquired due to equipment problems during the field expedition.
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Figure 5. Temporal behavior of the N-Sensor vegetation index (from C1 to C6) showing the boxplots
of all field data (a), the boxplots of an area with low yield in 2019 and high yield in 2020 (b), and
the boxplots of an area with high yield in 2019 and low yield in 2020 (c). Temporal behavior of the
CC-NDRE vegetation index (from C1 to C6) showing the boxplots of all field data (d), the boxplots of
an area with low yield in 2019 and high yield in 2020 (e), and the boxplots of an area with high yield
in 2019 and low yield in 2020 (f). For the graphs generated in (b,c,e,f), 100 sampling points were used
for the regions of low and high yield (g).

Another interesting behavior observed in this study is the relationship of the AOS data
from a specific collection (e.g., C1 and C5) to the yield of different seasons. The AOS data
collected in C5, during the pre-harvest of 2020, showed a negative correlation (r = —0.81) to
the yield of that same year (Y2), whereas it showed a positive correlation (r = 0.72) to the
yield of the following season (Y3). This oscillation is an effect of the bienniality of coffee
production, in which a plant that shows a high yield in one year, will show a reduced yield
in the next season [40,41].

In summary, our results show, that during C2 (post-harvest) and C3 (flowering), the
vegetation indices evaluated correlate positively to the yield of that year, so that sites with
low and high biomass will, respectively, show low and high yields at the harvest of that
respective year. On the other hand, during C4 (fruit filling) and C5 (pre-harvest), the plants
with higher vigor will have lower yields than the plants with lower vigor. This is because
the relationship between vegetation index (i.e., plant vigor) and coffee yield is inverse in
the phenological stages after flowering. We also observed that the relationship between
yield and vegetation indices observed at a specific time inverts for the consecutive season,
i.e., if the index collected in the phenological stage “x” of 2020 shows a positive correlation
to the 2020 yield, its correlation to the 2021 yield will be negative.

The AOS performance for coffee-yield prediction ranged from reasonable
(1.40 < RPD < 2.00) to good (2.00 < RPD < 3.00) for both sensors over the entire coffee cycle.
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Despite the inverse correlation between vegetation indices and coffee yields for C4 and
C5, the predictive potential of these stages does not change compared to the other stages,
maintaining RPD values with reasonable and good performances (1.56 < RPD < 2.68). In
general, the performances obtained with the N-Sensor were superior to those obtained with
the Crop Circle, with the RPD varying between 1.41 and 2.68 for the N-Sensor and between
1.45 and 2.47 for the Crop Circle. This difference between both sensors can be explained
due to differences regarding internal calibrations and filtering, as well as the difference in
the spectral region of the indices.

Regarding the AOS maps shown in Figure 6, it is possible to identify the regions
that present low (red regions) and high vegetative vigor (regions in green). It is observed
that throughout the coffee cycle (from C1 to C6) these regions are inverted, i.e., places in
the field that showed low vigor become more vigorous and vice-versa. This inversion is
visually evident when we observe the maps obtained during C3 and C4 (Figure 6e-h). It is
important to emphasize that the temporal behavior presented in Figure 5 is also observed
for NDRE in the maps where the index values in C4 (e.g., CC-NDRE values oscillating
between 0.39 and 0.44) are clearly higher than in C3 (e.g., CC-NDRE values oscillating
between 0.26 and 0.37). What occurs spatially, for the reversal of vigor in different regions,
is that zones of higher vigor in C3 (e.g., that had CC-NDRE values around 0.36) have a
subtle increase in vegetation index value in C4 (e.g., showing CC-NDRE values around
0.38), while regions of lower vigor in C3 (e.g., that had CC-NDRE values around 0.31)
have a greater increase in vegetation index value in C4 (e.g., showing CC-NDRE values
around 0.41).

The spatio-temporal evaluation of coffee yield also showed that, in a single field, there
may exist coffee plants with inverted bienniality (Figures 7 and 8). In other words, there
are plants with a high yield potential in 2019 that, consequently, have a low potential yield
in 2020 but, in this same field, there are also plants with a low yield potential in 2019 and
a high potential yield in 2020. This same behavior can also be observed in the maps of
Figure 6.

In the field expeditions, the high and low potential areas were also visualized along
the coffee lines (Figure 9), where plants showed a different behavior when compared with
neighboring plants. Our findings show that one cause of the variation over short distances
in coffee is the existence of different biennial patterns, which can cause variability from
plant to plant. In this work, this type of variability was ignored since spatial filters and
interpolation were performed to make the sensor information compatible with that of yield
data, which had higher spatial resolution. However, this plant-to-plant spatial variability
within the crop row can be identified and managed by using proximal sensor systems and
should be explored in future studies.

The high resolution of the sensor data allowed the identification of spatial variations
in the yield potential of coffee plants, as well as the identification of plants with inverted
biennial behavior in the same plot. It is evident that AOS sensors have great potential to be
explored in coffee farming; the present study sought to provide an initial approach regard-
ing the potential of using such sensors for PA management. Future studies may address the
use of sensors in other scenarios (e.g., crops with different row orientations, mountain cof-
fee, shaded coffee), as well as exploiting this information to create management strategies
that optimize the management of inputs, as was done for annual crops [3,13,19,21].
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Figure 6. AOS data interpolated. (a) CC-NDRE obtained in C1; (b) NS obtained in C1; (c) CC-NDRE
obtained in C2; (d) NS obtained in the C2; (e) CC-NDRE obtained in C3; (f) N-Sensor data obtained
in C3; (g) CC-NDRE obtained in C4; (h) N-Sensor data obtained in C4; (i) CC-NDRE obtained in C5;
(j) N-Sensor data obtained in C5; (k) CC-NDRE obtained in C6; (1) N-Sensor data obtained in C6;
(m) N-Sensor data obtained in C7.
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Figure 7. Yield map for Y2 collection and AOS-estimated yield maps for Y2 collection. (a) Yield data
obtained with yield monitor in Y2; (b) estimated yield with CC-NDRE in C1; (c) estimated yield with
N-Sensor in C1; (d) estimated yield with CC-NDRE in C2; (e) estimated yield with N-Sensor in C2;
(f) estimated yield with CC-NDRE in C3; (g) estimated yield with N-Sensor in C3; (h) estimated yield
with CC-NDRE in C4; (i) estimated yield with N-Sensor in C4; (j) estimated yield with CC-NDRE in
C5; (k) estimated yield with N-Sensor in C5.
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Figure 8. Yield map for Y3 collection and AOS-estimated yield maps for Y3 collection. (a) Yield data
obtained with yield monitor in Y3; (b) estimated yield with CC-NDRE in C5; (c) estimated yield with
N-Sensor in C5; (d) estimated yield with CC-NDRE in C6; (e) estimated yield with N-Sensor in C6;
(f) estimated yield with N-Sensor in C7.

Figure 9. Photos indicating the presence of variability at short distances within a single row of coffee.

4. Conclusions

A procedure for acquiring and processing active optical sensor (AOS) data collected
from the side of coffee plants was proposed and used for the spatio-temporal evaluation of
coffee yield over its biennial cycle. The results of this study suggest that sensors should be
positioned to collect data from the middle third of the coffee plants (scenario TM) and that
AOS data obtained from both sides of the coffee plant (scenario A3) should be averaged to
obtain a better correlation between vegetation indices and coffee yield.
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Regarding the temporal relationship of AOS data to yield, it was observed that the
vegetation indices measured at the beginning of the coffee cycle (before the rainy season
that starts in October) present a positive correlation to the coffee yield of that same year. On
the other hand, this relationship is inverted after the beginning of the rains, at which time
the vegetation index increases abruptly and its correlation to the yield is inverted, becoming
negative. Furthermore, it was observed that, due to the biennial nature of coffee production,
the vegetation index acquired at a specific time has an inverted relationship when compared
with the yield of that year and to the yield of the following (or previous) year.

The assessment of coffee spatial variability using AOS equipment and yield monitors,
as in this study, shows that one cause of the variability present in the field is the existence
of plants with different yield potential behaviors due to their uneven bienniality. This
discrepancy can be observed and mapped by using proximal sensors in order to create
strategies to manage it. This study presents the spatio-temporal variations of AOS data in
large-scale coffee plantations, as well as their relationship to the coffee crop yield. More
studies are needed to go further into practical applications of these data in order to support
optimized input management through precision agriculture practices in coffee crops.
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