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In this study, an algorithm is implemented with a computer vision model to detect and classify coffee fruits and
map the fruits maturation stage during harvest. The main contribution of this study is with respect to the
assignment of geographic coordinates to each frame, which enables the mapping of detection summaries across
coffee rows. The model used to detect and classify coffee fruits was implemented using the Darknet, an open
source framework for neural networks written in C. The coffee fruits detection and classification were performed
using the object detection system named YOLOv3-tiny. For this study, 90 videos were recorded at the end of the
discharge conveyor of a coffee harvester during the 2020 harvest of arabica coffee (Catuai 144) at a commercial
area in the region of Patos de Minas, in the state of Minas Gerais, Brazil. The model performance peaked around
the ~3300th iteration when considering an image input resolution of 800 x 800 pixels. The model presented an
mAP of 84%, F1-Score of 82%, precision of 83%, and recall of 82% for the validation set. The average precision
for the classes of unripe, ripe, and overripe coffee fruits was 86%, 85%, and 80%, respectively. As the algorithm
enabled the detection and classification in videos collected during the harvest, it was possible to map the
qualitative attributes regarding the coffee maturation stage along the crop lines. These attribute maps provide
managers important spatial information for the application of precision agriculture techniques in crop man-
agement. Additionally, this study should incentive future research to customize the deep learning model for
certain tasks in agriculture and precision agriculture.

1. Introduction

From an economic point of view, the mechanical harvesting of coffee
is the most important agricultural operation in coffee farming. It has a
large share in production costs and influences the quality of coffee
produced (Matiello et al., 2015). Most of the farmers harvest the coffee
fruits in a traditional method, attempting to harvest all of the coffee
fruits at once. This method results in the harvesting of fruits at different
stages of maturation (unripe, ripe, and overripe), which is an outcome of
the coffee tree presenting uneven flowering over time (Dalvi et al.,
2013).

Achieving high uniformity in coffee fruit maturation is a major
challenge for the sector (Pimenta et al., 2018). Ideally, the harvest
should present a majority of ripe fruits, as it is possible to obtain a final
product with greater value from the cherry (ripe) coffee fruit. Harvesting
larger amounts of unripe fruits or in the senescence phase (overripe)
results in qualitative losses due to changes in type, drinkability, flavor,
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and aroma (Mesquita et al., 2008).

The knowledge of the maturation stage in coffee crops can guide
agronomic treatments, management of labor resources, and planning for
the future sales market. Traditionally, the maturation stage is deter-
mined by evaluating the color in samples of coffee fruits. This evaluation
can be carried out visually or using colorimeters. The downside of the
traditional method is the low density of sampling, which results in poor
spatial representation of the coffee maturation stage. Because the im-
aging of fruits is an important source of information regarding their
quality (Mazzia et al., 2020), the creation of a system to obtain such
information in high sampling densities is essential for a trustworthy
spatial representation and to assign value to the product. In this context,
computer vision has been shown as a promising technique, especially
with the ability to detect objects (Bresilla et al., 2019; Roy et al., 2019;
Sa et al., 2016; Song et al., 2014; Tu et al., 2020; Yu et al., 2019) and
provide a detailed pixel-based characterization of the color uniformity
of objects (De Oliveira et al., 2016; Leme et al., 2019; Mazen and Nashat,

E-mail addresses: helizanicouto@usp.br (H.C. Bazame), jpmolin@usp.br (J.P. Molin), daniel.althoff@ufv.br (D. Althoff), mauriciomartello@usp.br (M. Martello).

https://doi.org/10.1016/j.compag.2021.106066

Received 19 October 2020; Received in revised form 11 February 2021; Accepted 23 February 2021

Available online 4 March 2021
0168-1699/© 2021 Elsevier B.V. All rights reserved.


mailto:helizanicouto@usp.br
mailto:jpmolin@usp.br
mailto:daniel.althoff@ufv.br
mailto:mauriciomartello@usp.br
www.sciencedirect.com/science/journal/01681699
https://www.elsevier.com/locate/compag
https://doi.org/10.1016/j.compag.2021.106066
https://doi.org/10.1016/j.compag.2021.106066
https://doi.org/10.1016/j.compag.2021.106066
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compag.2021.106066&domain=pdf

H.C. Bazame et al.

2019; Wu and Sun, 2013). This technique not only presents higher ac-
curacy, but has been documented to be more versatile, faster, and can
reduce labor costs (Belan et al., 2012).

Despite recent advances in computer vision techniques, only a few
studies have been carried out to identify coffee fruits and to classify their
maturation stage. Ramos et al. (2017) developed a machine vision sys-
tem for mobile devices capable of identifying and classifying coffee
fruits on branches and regardless of environmental conditions. Aven-
dano et al. (2017) developed a system for classifying vegetative struc-
tures of coffee branches based on obtaining 2D and 3D features from
videos acquired in the field. Ramos et al. (2018) determined the matu-
ration stage of the coffee fruit on the plant by processing images ac-
quired over the coffee harvesting period. However, the knowledge of
this information in high spatial resolution in the coffee crop is still an
unfilled gap. Despite the benefits of evaluating the maturation stage on
the plant, this practice is not effective for a wide evaluation of the
uniformity of maturation of the coffee at the field level. In this sense,
some works already show advances in the spatial evaluation of crop
attributes, such as the productive load in orchards and other agricultural
crops (Hani et al., 2018; Koirala et al., 2019; Liu et al., 2020; Wang et al.,
2019).

The advance in monitoring the spatial and temporal variability of
coffee cultivation should enable the development of maps that present
essential information in the diagnosis of crop variability and, conse-
quently, in the efficient use of precision agriculture techniques (Molin
et al., 2010). This information would make it possible to carry out
localized interventions, with the objective not only of increasing coffee
productivity, but also of increasing quality and, consequently, the
amount paid for the harvested product. In addition, it would assist
producers in organizing their crops, planning the number of workers
needed in the grain processing stage, preparing the facilities for post-
harvest service, carrying out machine maintenance and having greater
control of their properties, assisting in decision making in future years
(Ramos et al., 2017). Given the above, this work aims to develop and
implement an algorithm based on a computer vision technique to detect,
classify, and map coffee fruits during harvest.

2. Material and methods
2.1. Image acquisition

The images of the coffee fruits used in this study are frames derived
from videos collected during the coffee harvest period from May 31 to
June 06, 2020. The two experimental areas where harvest took place are
cultivated with commercial coffee crops of the Arabica specie, variety
Catuai 144, and are situated in Patos de Minas region, in the state of
Minas Gerais, Brazil (Fig. 1). The coffee crops were planted in the year
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2006 and 2003 for experimental areas 1 and 2, respectively, at a density
of 5000 trees hectare with 4.0 m spacing between lines and 0.5 m
between plants.

The platform used to collect videos during harvest is shown in Fig. 2.
The platform consisted of a structure assembled at the side spout of a
coffee harvester, just after the transverse elevator. The spout gutter was
illuminated by a set of six LED lamps totaling 21 W. The videos were
recorded using a camera of the mechanical shutter with a 1” comple-
mentary metal oxide semiconductor (CMOS) sensor and 20MP. The
camera was stabilized with a 3-axis Gimbal. The videos were recorded
with full HD definition (1920x1080) and 100Mbps bit rate (60 fps, 720P,
ISO 1600, Shutter 1/800). The frames from all videos were extracted as
images and used in the study. The videos were recorded under natural
conditions of daylight and including disturbances in illumination, vi-
bration, occlusion, and overlapping of coffee fruits.

The harvest was carried out mechanically using a K3 Millennium
coffee harvester (Jacto, Pompeia, Brazil), equipped with a yield monitor
as described by Sartori et al. (2002). The coffee harvest operated at a
working speed ranging from 0.2 to 0.7 m s~! with the image capturing
platform onboard.

2.2. Detection and classification of coffee fruits

The algorithm for coffee fruit detection and classification was
implemented using open source neural network structures written in C
and known as Darknet. The detection and classification were carried out
using an object detection system called You Only Look Once (YOLO)
(Redmon et al., 2016). This specific object detection system is popular
for its high processing speed, as it processes images and, in a single step,
predicts the objects bounding boxes and probabilities of belonging to
classes.

2.2.1. YOLO background

With the goal of achieving state-of-art-performance, equivalent to
other reference methods, but still maintaining its high processing speed,
successive adaptations were implemented on the original version of the
YOLO classifier network (YOLOv2 and YOLOv3) (Redmon and Farhadi,
2018, 2017). For detection and classification, the system presents (i) a
bounding box prediction (or surrounding rectangle) of the object and (ii)
a class prediction. The bounding box prediction is performed in each cell
of the network prediction tensor where three bounding boxes are pre-
dicted considering three “anchor boxes” as base. Although the algorithm
has the ability to adjust the dimensions of the bounding boxes, standard
initial dimensions are configured for “anchor boxes” in order to facilitate
network learning. The settings of the “anchor boxes” are obtained by
applying the k-means clustering algorithm to the bounding boxes
marked for the training dataset. For each bounding box, five predictions
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Fig. 1. Location of the experimental areas of coffee crops in the state of Minas Gerais, Brazil. Coordinate reference system: WGS84.
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Fig. 2. Lighting and image acquisition platform mounted onboard the coffee harvester.

are made. Four of these predictions are related to the coordinates of the
bounding box and one is the “objectness” prediction, i.e., probability of
having an object in the bounding box predicted. During training, the
sum of squared errors is used as objective function for the predictions of
the bounding box coordinates, while the objectness prediction is per-
formed using a logistic regression. The classes a box may contain are
predicted for each bounding box using a multilabel classification. The
multilabel classification is done with independent logistic classifiers,
that is, one classifier for each class. The binary cross-entropy is used for
the class predictions during training.

Along the YOLOv3 feature extractor, predictions are made at three
different scales. That is, after a series of convolutional layers, the first
prediction is made at a scale 32x smaller than the input image. Then,
feature maps from earlier layers are concatenated with upscaled features
of the current layer and more convolutional layers are added to make the
second prediction. The second prediction is performed on a tensor twice
the size of the first prediction. The process is repeated for the prediction
on the third and last scale. This allows predictions to benefit from
refined features and initial feature extractor computations (Redmon and
Farhadi, 2018).

Adapted from the YOLOv3 version, YOLOv3-tiny is a network with a
simplified feature extractor and with fewer convolutional layers. Similar
to YOLOv3, YOLOv3-tiny also performs prediction across different
scales, but only on two different scales. Despite being a less robust
network, high performance is expected for simpler tasks, such as
detecting circular objects. The advantage of using a simpler network is it
can be trained more quickly and presents greater detection speed.

2.2.2. Network design and training

The types of layers, number of filters, size and stride, size of input
and output tensor for each layer of the network used are shown in
Table 1. This table presents an example for a network which input res-
olution is 608 x 608, termed here as YOLOv3-tiny-608. Considering that
three anchor boxes are used per cell in the prediction tensor and that the
coffee fruits classification was performed for three different classes
(unripe, ripe, and overripe), the prediction layers present 24 predictions
as output [(4 coordinates + 1 object prob. + 3 classes) x 3 anchors]
(layers 16 and 23). The scheme for object detection and classification is
shown in Fig. 3.

In addition, other dimensions of image compression (416 x 416, 608
x 608, 704 x 704, 800 x 800, and 896 x 896 pixels) for the input in the
YOLOv3-tiny network were evaluated. The default anchors were recal-
culated using the Darknet function before training for each of the
different image resolutions used. The resolution of input images for the
network can be changed during inference for the detection of objects in
different resolutions without the need for further training. To avoid a
demand for a large number of images to train the object detection and

Table 1
Example of the structure of the YOLOv3-tiny-608 model used in the study.
Layer Type Filters  Size/ Input Output
stride
0 Convolutional 16 3x3/1 608 x 608 x 608 x 608 x
3 16
1 IMaxpool 2 x2/2 608 x 608 x 304 x 304 x
16 16
2 Convolutional 32 3x3/1 304 x 304 x 304 x 304 x
16 32
3 Maxpool 2x2/2 304 x 304 x 152 x 152 x
32 32
4 Convolutional 64 3x3/1 152 x 152 x 152 x 152 x
32 64
5 Maxpool 2 x2/2 152 x 152 x 76 x 76 x 64
64
6 Convolutional 128 3 x3/1 76 x 76 x 64 76 x 76 x
128
7 Maxpool 2 x2/2 76 x 76 x 38 x 38 x
128 128
8 Convolutional 256 3x3/1 38 x 38 x 38 x 38 x
128 256
9 Maxpool 2 x 2/2 38 x 38 x 19 x 19 x
256 256
10 Convolutional 512 3x3/1 19 x 19 x 19 x 19 x
256 512
11 Maxpool 2x2/1 19 x 19 x 19 x 19 x
512 512
12 Convolutional 1024 3x3/1 19 x 19 x 19 x 19 x
512 1024
13 Convolutional 256 1x1/1 19 x 19 x 19 x 19 x
1024 256
14 Convolutional 512 3x3/1 19 x 19 x 19 x 19 x
256 512
15 Convolutional 24 1x1/1 19 x 19 x 19 x 19 x 24
512
16 2YoLO
17 Route 13
18 Convolutional 128 1x1/1 19 x 19 x 19 x 19 x
256 128
19 Up-sampling 2x2/1 19 x 19 x 38 x 38 x
128 128
20 Route 19 and
8
21 Convolutional 256 3x3/1 38 x 38 x 38 x 38 x256
384
22 Convolutional 24 1x1/1 38 x 38 x 38 x 38 x 24
256
23 YOLO

classification model, a transfer learning technique was adopted. The
model was fine-tuned on parameters (or weights) of a YOLOv3-tiny
model pre-trained on the COCO data set (80 object categories, 1.5
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Fig. 3. (a) Structure of the YOLOv3-tiny network adapted for the study (b) the prediction scheme.

million object instances, and 330 thousand images) (Lin et al., 2014).
Using weights pre-trained on a more robust database provides the model
with greater capacity to extract different types of features. Although the
COCO data set does not contain classes of the maturation stages of coffee
fruits, the ability of the pre-trained model to extract certain features can
be transferred to the new model. The pre-trained network was, there-
fore, additionally trained using images of the object of study (coffee
fruits).

The “data augmentation” technique was also used during training.
This technique randomly rotated the images and increased or decreased
their exposure. Thus, the YOLOv3-tiny model is trained on a more
diversified data set despite the decreased number of images in the
training set (Koirala et al., 2019).

The model’s responses to the images provided are the detection of
the object and the class to which they belong. Thus, estimating quali-
tative parameters by classifying the maturation stage of coffee fruits.
The fine-tuning of the network aimed to classify the objects of interest
into three classes: (i) green or unripe coffee fruits; (ii) cherry or ripe
coffee fruits; and (iii) raisin or overripe coffee fruits. A set of 400 images
of coffee fruits, derived from frames of videos collected during the
harvest, were used for the implementation of the model, of which, 280
images were used as the training set and 120 images were used as the
test set (validation). The labeling of the images was performed using the
Yolo mark (Bochkovskiy, 2019). The Yolo mark is a graphical user
interface designed for marking the bounding boxes of objects of interest.
The fruits were labeled according to the authors’ visual classification
based on color. The confidence threshold and the non-maximum sup-
pression (NMS) threshold were set at 0.25 and 0.50, respectively. The
model was run on a computer with the following specifications: Core™
i7-8700HQ CPU, 3.2 GHz, 64 GB RAM, and GeForce RTX 2070 graphics
card with 8 GB dedicated memory. The model was implemented based
on the OpenCV library and programmed in C language using the Darknet
framework.

2.3. Performance criteria

The performance of the model was assessed by comparing samples of
coffee fruits classified by the algorithm with the visual classification of
these fruits (traditional). The criteria used to assess the performance on

the training and test sets were the precision, recall, and F1-Score, which
were calculated as described in Egs. (1)-(3) (Olson and Delen, 2008)
below.

L P
Precision = TP+ FP (€8}
TP
Recall = ———— 2)
TP + FN

Fl— Score — 2 x Pr?c.ision X Recall 3)
Precision + Recall

where TP denotes the true positives, FP the false positives, and FN the
false negatives.

In addition, the average precision of the classes (AP) (Egs. (4) and
(5)) and the mean average precision (mAP) at an intersection over the
union of 50% were also calculated. After calculating the precision and
recall for a class in the entire test set, we consider the average precision
(AP) as the area under the Precision x Recall curve. The average pre-
cision is the precision averaged at all recall values between 0 and 1
(Mazzia et al., 2020):

1
[ pwar @

0
This is the same as taking the area under the curve. In practice, the

integral is approximated closely by a sum of the precision in each
possible threshold value, multiplied by the change in the recall:

ﬁ: P(k)Ar(k) )

where N is the total number of images in the collection, P(k) is the
precision in a cut of images k, and Ar(k) is the change in recall that
occurred between cut k-1 and cut k. The mAP was obtained from the
average of APs for each class.

2.4. Mapping the coffee fruits maturation stage

The geographic coordinates of each video recording, along the
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harvest lines, were collected at 20 Hz with C/A code type Global Nav-
igation Satellite System (GNSS) receiver, with Global Position System
(GPS) and Globalnaya Navigatsionnaya Sputnikovaya Sistema (GLO-
NASS) signal. Since the video frames were recorded at 60 Hz, available
coordinates were matched to frames considering the time of record, and
the remaining video frames were interpolated between available re-
cords. The detections from each frame were summarized in the total
number of coffee fruits detected and the percentage of coffee fruits
detected for each maturation stage. The summary information of the
detections for each frame was then assigned to the corresponding
geographic coordinates. The maps of the maturation stage of coffee
fruits were developed using 90 videos collected during harvest. The
interpolation of the video frame coordinates and assignment of detec-
tion information to the georeferenced points were performed using the R
programming language and environment (R Core Team, 2020). The
maps for each of the maturation stages of coffee fruits were developed by
kriging the georeferenced points.

3. Results and discussion
3.1. Object detection performance

The performance achieved by the YOLOv3-tiny models considering
different image input resolutions is presented in Fig. 4. A more signifi-
cant improvement was observed by increasing the resolution of input
images from 416 x 416 pixels to 608 x 608 pixels, while the perfor-
mance seemed to stabilize for input resolutions above 704 x 704 pixels.
The best performance was achieved considering the input resolution of
800 x 800 pixels at the ~ 3300 iteration. From this iteration, it is
possible to see that the performance for the test set does not improve,
and to continue the training could result in the over-fitting of the model.
For this reason, the weights of the model parameters of the 3300th
iteration were adopted. The YOLOv3-tiny-800 model showed mAP of
84.0%, F1-Score of 82.0%, the precision of 83.0%, and recall of 82.0%
for the validation set, respectively. The metrics showed balanced results,
i.e., close values of precision and recall, which is important for the
model.

The performance analysis for the YOLOv3-tiny model, based on the
three classes of fruit ripening stage (unripe, ripe, and overripe), are
shown in Fig. 5. The model presented AP of approximately 86.0%,
85.0%, 80.0% in the classification for the validation set of unripe, ripe,
and overripe, respectively. The lesser precision for the classification of

Computers and Electronics in Agriculture 183 (2021) 106066

overripe fruits leads us to believe that there was some confusion be-
tween ripe and overripe fruits at the time of classification, probably due
to the proximity of their colors. In other words, the model sometimes
failed to adequately classify the overripe fruits leading to a false positive.
The model’s AP for the coffee fruit detection and classification in the
validation set improved when the resolution of the images used as input
increased. The performance also peaked when the resolution of 800 x
800 pixels was used as input. This improvement in the result with the
increase in the resolution of the images can be explained by the fact that
the convolutional and pooling layers used in YOLO gradually decrease
the spatial dimension with the increasing depth of the network. Thus, it
may be difficult to detect some objects at lower resolutions, e.g., small or
overlapped and not obvious fruits (Koirala et al., 2019).

The color of the fruits, leaves, and the amount of impurities not
eliminated by the harvester pre-cleaning process can vary according to
the cultivar and the growth stage. Therefore, results of detection and
classification of fruits based on algorithms that consider only the color to
detect objects can vary their results. On the other hand, computer vision
algorithms are robust to variations in lighting, vibrations, among others.
Additionally, the deep learning technique used in this study does not
only consider the object color, as it automatically learns to extract many
other features during training. For example, Koirala et al. (2019) eval-
uated the performance of six deep learning architectures to detect
mango fruits in tree crown images. The authors evaluated 1515 images
and obtained an F1-Score of 95.1% and a mAP of 96.7% using the
YOLOvV3-512 network and F1-Score of 90.0% and mAP of 93.8% using
the YOLOv2-tiny-416 network.

Mazzia et al. (2020) evaluated an embedded solution in real time
inspired by “Edge AI” for apple detection with the implementation of the
YOLOv3-tiny algorithm on several embedded platforms. The study
proved to be feasible with mAP results in the detection of 83.6%, recall
of 83.0%, and precision of 69.0% using a resolution of 30 fps. The au-
thors concluded that even for difficult scenarios such as overlapping
apples, complex background, less exposure of the apple due to leaves
and branches, the algorithm can detect, count, and measure the size of
the apples in real time, which can help farmers and agronomists in
decision-making and management of their crops.

A visual assessment of predictions for images in the test set was
performed for the YOLOv3-tiny-800 trained model (Fig. 6). In these
figures, although most coffee fruits have been identified and classified
correctly, some fruits have not been detected nor classified. For example,
the mAP was 85.6% for the first arbitrary frame (Fig. 6a) and 72.1% for
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Fig. 4. Performance criteria achieved by the YOLOv3-tiny model for the validation set.
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Fig. 6. Two arbitrary video frames collected during the coffee harvest: (a-c) original frames with fruits at different stages of maturation, (b-d) detection performed by

the proposed model.

the second arbitrary frame (Fig. 6¢). The lower mAP for the second
frame can be attributed to the higher density of fruits in the frame. A
higher density of fruits can lead to the overlapping of objects of interest
and interfere in their detection. In addition, the downscaling of the
image to 800 x 800 pixels during detection can result in clusters of fruits
of similar colors blurring together.

The fact that the model performs the detection and classification of
the object of interest regardless of the scenario leads us to believe that
the algorithm is suitable for adverse field situations and can be a good
support tool for decision making in coffee farming. However, some
working conditions can diminish the confidence of the detections made
by the algorithm. For example, high crop yield or high harvester forward

speed can result in a high flow rate of fruits inside the spout and interfere
in detections. Terrain roughness and irregularities can likewise lead to
blurred images and decrease the quality of the frames collected. In
contrast, the low computational demand of the YOLOv3-tiny model
means that the model can be adapted and embedded, as shown by
Mazzia et al. (2020), on the harvesting platform to bring real-time re-
sponses during harvest. Such information would enable the fine ad-
justments of the harvester for a more suitable selective harvest, i.e., the
real-time correction of the vibration frequency of the harvester rods. The
correct adjustment of the vibration of the rods and the machine’s
working speed according to the variety, size, and maturation stage of the
fruits maximizes the harvest efficiency, regulates the maturation stage of
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harvested coffee fruits, and reduces the operational costs (Santinato
et al., 2014; Santos et al., 2015; Velloso et al., 2020).

3.2. Quality mapping: Spatial variability of coffee maturation stages

The use of images (video frames) with a small number of detections
could increase the variation and distort the real proportion between the
detected classes. Thus, to reduce the failures attributed to the detection
and incorrect classification of coffee fruits in the images, an analysis of
the distribution of the total detected fruits was performed through a time
series (Fig. 7). From this analysis, a threshold of 40 fruits was chosen as
the minimum number of detected fruits in a frame for the detection to be
included in the coffee fruits quality mapping (Fig. 7a). Images with less
than 40 fruits were, therefore, excluded from the database (Fig. 7b). This
exclusion is also necessary to prevent that detection values are consid-
ered in a null detection area or that does not belong to the field.

For an arbitrary video, the total number of coffee fruits detected in
each frame of the video is shown in Fig. 8a, the total number of fruits
detected per class in Fig. 8b, and the proportion of classes detected per
frame in Fig. 8c. Along with the frames, i.e. the harvest line, the pro-
portion of ripe fruits was more or less stable, with a subtle peak of
underripe fruits between the frames 4500 and 6500. A large proportion
of overripe coffee fruits (31.4% to 75.3%) were detected in relation to
ripe (21.0% to 59.6%) and underripe fruits (0-25.6%) (Fig. 8c). The
overall higher proportion of overripe fruits is due to the delay to begin
the harvest in the experimental areas. These areas were specifically
chosen for the experiment and depended on the availability of labor
during the peak of the harvest.

For the same video used in Fig. 8, Fig. 9 shows the total of detected
fruits in each frame (Fig. 9a) and the detections by class (Fig. 9b)
mapped along the respective harvest line. In both Figs. 8a and 9a, it is
evident that the beginning of the line presented a higher number of
detections. In Fig. 9b, the proportion of ripe fruits seem higher in the
beginning to middle of the harvest line. The sensitivity in spatial vari-
ation is evidence of the effectiveness of the algorithm in evaluating the
different stages of maturation of coffee fruits in the field. This type of
information is important not only to improve the quality of the coffee
drink but also to optimize production, since coffee growers could, in

a) Raw video frames
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advance, better appreciate the contribution of the coffee maturity stage
to the final quality of the drink (Baluja et al., 2013).

The coffee fruit classification at different maturation stages was
spatialized, generating maps with information related to crop quality
attributes (Fig. 10). Despite only one variety of coffee being cultivated in
this area, the spatial variability of the qualitative attributes of the coffee
crop can occur due to several factors such as microclimate, altitude, side
exposure to the sun, soil type and physical-chemical properties,
phenological characteristics of the plants, humidity, microfauna, among
others. In Area 1 (Fig. 10a), a higher percentage of underripe fruits was
harvested in relation to Area 2 (Fig. 10b), presenting an overall more
balanced proportion between classes of maturation stage (Fig. 10c).
Area 2 should preferably have had an earlier harvest when compared to
Area 1, with a higher percentage of overripe coffee fruits. The higher
percentage of overripe fruits in Area 2 is mainly located in the eastern
region of the area, which may be explained by the positioning of the
field. The eastern side of Area 2 is in the lowest part of the field and
closest to native vegetation. The border influence from the native forest
may have favored the early flowering and ripening of the coffee fruits. In
commercial areas, this variability is expected. However, without tech-
nological approaches like the one presented in this study, there are no
easy means to identify these aspects with high resolution and asser-
tiveness in the field.

The identification of the different stages of maturation in the same
field, consistent over the years, is valuable information for indicating
preferential areas for the beginning of the harvest. The late harvest
generally results in lower quality of the beverage (Laderach et al., 2011).
The mapping of coffee quality also opens the opportunity to prevent the
mixing of coffee fruits at different stages of maturation, favoring allot-
ments with a higher percentage of cherry coffee fruits over unripe and
overripe coffee fruits for the production of specialty coffees. This in-
formation can be of great help for coffee farmers, because such infor-
mation influences the final cost of coffee production since it affects the
costs of harvesting, drying handling, storage, storage infrastructure,
processing, and other operations (Donizetti et al., 2011). In addition,
this information becomes even more important for making it feasible to
plan and include precision agriculture techniques in crop management
and decision-making planning in upcoming years. However,
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recommendations are generally site-specific and difficult to generalize
(Laderach et al., 2011). According to Laderach et al. (2011), practices
such as shading management, soil sampling, harvesting period, fruit

thinning, etc., can be better determined by on-farm experimentation by
the own farmer. The practices should be evaluated by the farmer’s
criteria on whether they result in economic or environmental benefits.
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The maps that identify the spatial variability present in crops are
extremely important to improve management initiatives that seek to
understand this variability to manage it efficiently through precision
agriculture practices (Koirala et al., 2020). The effect of factors associ-
ated with coffee maturation, reflected in the quality of the drink, jus-
tifies the assessment of the variability of attributes or characteristics of
the cultivated area. That is, it is possible to conduct guided sampling to
explore the possible factors that may have led to these results. This in-
formation could, consequently, support decision-making related to
agricultural management practices (Ferraz et al., 2019), especially in the
scope of delimiting management zones with specificities of each loca-
tion. Once the management zones are defined, new actions can be taken.
Therefore, the coffee crop would be ideal for proposing a precision
harvesting project (Kazama et al., 2020).

4. Conclusions

The deep learning model adopted in this study supports the possi-
bility of detecting coffee fruits and classifying their maturation stage

regardless of the context they are in, i.e., contrasts between the fruit and
the background, lighting and vibration conditions, harvest angle, etc.
The structure of the object detection system, based on the architecture of
the YOLOv3-tiny neural networks, proved to be robust and computa-
tionally efficient. The model presented as performance criteria a mAP of
84.0%, F1-Score of 82.0%, the precision of 82.0%, and recall of 83% for
the validation set. The average precision for the classes of unripe, ripe,
and overripe coffee fruits was 86.0%, 85.2%, and 80.0%, respectively.
The low computational demand of the “tiny” version of the YOLOvV3
model means that it is a great candidate, as also shown in other studies,
to be adapted and embedded to bring responses in real-time during the
harvest. This would enable fine adjustments in real-time for a better
selective harvest.

The model was used for the detection and classification of coffee
fruits in videos recorded during the coffee harvest, making it possible to
map the qualitative attribute of the maturation stage of coffee over the
experimental area. Mapping this attribute provides managers with in-
formation that allows the introduction of precision agriculture tech-
niques in coffee crop management. The options for obtaining
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information on the coffee maturation stage are still limited and labo-
rious. The platform used in this study proves efficient for data collection
and can be implemented for any type of coffee harvester.

This study can support future research in coffee growing to, for
example, investigate the differences in maturation stage within coffee
rows, analyze soil samples in the search for correlations with coffee
maturation, optimize the harvester speed and the vibration of harvester
rods, etc. The detection of coffee fruits in consecutive frames can also
lead to the same fruits being accounted for multiple times. Thus, future
research should aim for object tracking techniques that can better assess
the number of coffee fruits and even generate crop yield maps.
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