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ABSTRACT
Agave plants (Agave tequilana Weber) are an indispensable element in the tequila production 
chain. Traditionally, plantation monitoring has been done manually; however, having accurate 
information on agave inventories is crucial for planning and estimating production volume. 
In this context, it was proposed that deep learning algorithms can achieve high detection rates 
of agave plants, improving the management and control of plantations. For this purpose, 
YOLOv4 and YOLOv4-tiny convolutional algorithms were implemented and evaluated using 
high-resolution RGB aerial images captured by a remotely piloted aircraft system for the 
determination of agave plant density. Three flight plans were planned and carried out, with 
ground sampling distances of 1.10, 1.64, and 2.19 cm pixel-1, respectively. The database was 
created, and the algorithms were evaluated for a confidence level of 0.25 and an intersection 
threshold over the junction of 0.50. The results showed an average mean accuracy of 0.99 for 
both algorithms and an F1 score of 0.95 for YOLOv4 and 0.96 for YOLOv4-tiny. Furthermore, a 
high detection rate (Rc) of 99 % and precision values (Pr) between 90 and 92 % were obtained. 
A decrease in the performance of the algorithms was observed when detecting agave tillers 
in images with a spatial resolution of 2.19 cm pixel-1. The implemented YOLO convolutional 
algorithms proved to be highly robust and able to generalize agave plant characteristics at 
different phenological stages, allowing accurate detections. In addition, the coordinates of the 
detected plants were used to estimate the distance between them, with a maximum error of 
20 cm.
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INTRODUCTION
Blue agave (Agave tequilana Weber) is grown in the Denominación de Origen del 
Tequila region, which includes the Mexican states of Jalisco, Michoacán, Tamaulipas, 
Nayarit, and Guanajuato. It is used in the production of tequila, with the state of Jalisco 
accounting for more than 70 % of production (Ceja-Ramírez et al., 2017). Given the 
importance of the tequila industry, the agave field has been innovating to face several 
challenges, such as planting planning, agave availability, pest and disease control, 
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theft, and loss due to disasters. An example of this innovation is the use of remotely 
piloted aircraft systems (RPAS), known as drones, for surveillance work (CRT, 2016).
Because the agave plant is a strategic element in the tequila production chain, there is 
a need for accurate inventories to estimate yields, predict and plan production, and 
have control over the number of established plants (Calvario et al., 2020). Maintaining 
updated inventories provides accurate information on agave availability, vegetative 
stage, location, and phytosanitary status, among other aspects, allowing for better 
management and control. Furthermore, Mexican official standard NOM-006-
SCFI-2012 establishes that all agave used in tequila production must be registered with 
the Consejo Regulador del Tequila A.C., and producers of Agave tequilana Weber must 
annually update their registry of plantations and properties, indicating the condition 
and/or status in their inventory (DOF, 2012).
Given the extensive cultivation areas, manual recording of agave plants in the fields 
is laborious, risky, and time-consuming. In this framework, aerial remote sensing 
becomes relevant through the analysis of images acquired with devices that have no 
physical contact with the object of interest (Lillesand et al., 2015). It is now possible to 
capture photographs using RPAS for use in object identification methods such as deep 
learning algorithms (Prasad et al., 2017).
Deep learning (DL) algorithms offer the ability to examine large amounts of data 
efficiently and accurately, in particular convolutional neural networks (CNNs). 
These networks are a type of multilayer neural network whose typical architecture is 
composed of single or multiple blocks of convolution and clustering layers, then one 
or more fully connected layers and an output layer (Sultana et al., 2018). In the last 
decade, it has been observed that the use of CNNs has been the most effective option 
to address object detection and classification tasks in image analysis (Prasad et al., 
2017).
Following this approach, Ubbens et al. (2018) trained a CNN to count leaves in a rosette 
arrangement. Chen et al. (2017) described a method for counting apples challenged 
by illumination changes and occlusions of nearby foliage and fruit using two CNNs. 
On the other hand, Ampatzidis and Partel (2019) developed a technique applying 
CNNs to assess citrus phenotypic characteristics using images captured by RPAS with 
an accuracy of 99.9 %. These examples evidence a trend in agriculture towards the 
implementation of DL algorithms in image analysis, especially in terms of accuracy in 
plant identification and detection.
In relation to research focused on agave, Flores-Garnica et al. (2008) used LANDSAT 
7 satellite images to identify and locate agave plantations. They used regression and 
classification tree methods, achieving an accuracy of 70 %. However, they faced 
challenges due to the variability in plant density in the plots. Furthermore, the 
different soil characteristics and other vegetation cover could generate confusion with 
agave plants. Ceja-Ramírez et al. (2017) determined and located the area of blue agave 
that presented production restrictions. They used a LANDSAT 5 satellite image and 
applied digital interpolation through a supervised classification process, achieving an 
accuracy of 73 %. Calvario et al. (2017) used RGB images captured by RPAS at a flight 
altitude of 60 m to monitor agave crops. They applied layer extraction techniques to 
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separate agave plants from weeds and other elements. They achieved 99 % accuracy; 
however, they had problems with overlap between plants.
Calvario et al. (2020) developed an algorithm based on mathematical morphology 
applied to high-resolution RGB images obtained by RPAS with the objective of 
counting agave plants. They observed that the accuracy of the algorithm was affected 
by variability in plant size in the field and lighting conditions, obtaining a range of 
accuracy from 83 to 98 %. Furthermore, Flores et al. (2021) created a database of agave 
plant images and performed automatic plant detection and counting using a CNN 
applied to RGB images captured by RPAS at an altitude of 50 m, achieving an accuracy 
of 96 %, but with a high computational cost.
According to the review, the trend to implement DL techniques on sets of images 
acquired by RPAS in agriculture is reaffirmed. However, Flores et al. (2021) added that 
YOLO convolutional algorithms can be tested in the future, as their versatility and 
robustness could improve processing speed. YOLO algorithms have demonstrated 
their efficiency in different crops; e.g., Ammar et al. (2021), Chowdhury et al. (2022), 
and Jintasuttisak et al. (2022) applied CNNs algorithms, including YOLO algorithms, 
for palm counting and localization; Wang et al. (2021) and Mota-Delfin et al. (2022) for 
counting maize plants; and Lin et al. (2022) detecting peanut seedlings.
Therefore, it was proposed that deep learning algorithms can achieve high detection 
rates of agave plants, improving the management and control of plantations. For this 
purpose, YOLOv4 and YOLOV4-tiny convolutional algorithms were implemented 
and evaluated using high-resolution RGB aerial imagery captured by a remotely 
piloted aircraft system for agave plant density determination.

MATERIALS AND METHODS

Experimental area
The study area is a 4.4 ha blue agave plantation located on the Guadalajara-Tepic 
highway km 36.2, municipality of El Arenal, Jalisco, Mexico, geographically located 
at coordinates 20° 47’ 35.39’’ N and 103° 42’ 4.27” W. This study area was selected 
because it had agave in different phenological stages, as well as the presence of bare 
soil and weeds (Figure 1).

Figure 1. Characterization of the agave field (Agave tequilana Weber) of the experimental area, located 
in the municipality of El Arenal, Jalisco, Mexico. A: double row agave; B: overlap between plants; C: 
agave tillers; D: presence of weeds.

A B C D
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RPAS image acquisition and photogrammetric processing
RPAS image acquisition and photogrammetric processing was divided into two 
phases: field data collection and image processing.
In the first phase, a DJI Phantom 4 Pro V2.0 multirotor RPAS (SZ DJI Technology 
Co., Shenzhen, China) equipped with a 20 MP RGB camera with a 24 mm equivalent 
focal length was used. The study area was flown over on September 5, 2021, between 
11:00 and 14:00 local time at three different altitudes: 40, 60, and 80 m, resulting in the 
following ground sampling distance (GSD) values: 1.10, 1.64, and 2.19 cm pixel-1. The 
temperature was 27 °C, with scattered clouds and a wind speed of 5 km h-1. The flight 
missions were planned and carried out using the DJI Pilot mobile application (SZ DJI 
Technology Co., Shenzhen, China), where the ISO value was set to 100, exposure value 
to 0, shutter to 1/400, and both lateral and frontal overlap of the images to 80 %. The 
images were captured from the top view (vertically), i.e., with the optical axis of the 
camera perpendicular to the plantation.
In the second phase, the Pix4Dmapper software (Pix4D S.A., Lausanne, Switzerland) 
was used to import the images and generate three orthomosaics. During this process, 
the internal and external calibration and orientation of the cameras were performed to 
reconstruct the study area.

Image labeling and database partitioning 
The use of supervised learning methods involves telling the algorithm which object 
to find in the images. For this purpose, a database with 2403 images of size 416 x 416 
pixels was created from the three orthomosaics generated. Data labeling was carried 
out according to the format required by YOLO, using the LabelImg tool (Tzutalin, 
2015).
LabelImg was used to manually locate the position of each agave plant in each of the 
images, and a bounding box was drawn assigning a class, naming “Agave” to the only 
class, which is the one to be detected. The labeled images were randomly divided into 
70 % (1683) for training, 15 % (360) for testing, and 15 % (360) for evaluation.

YOLOv4 and YOLOv4-tiny detection algorithms
YOLO uses a CNN to perform object detection in an image, and its operation is based 
on the division of an input image into a grid of cells. For this purpose, the algorithm 
employs a deep convolutional neural network to extract image features. For each cell 
in the grid, YOLO makes predictions over multiple bounding boxes. Each bounding 
box is characterized by five values: the coordinates of the box center (bx,by), the width 
(bw) and height (bh) of the box, and a confidence score representing the probability 
that the box contains an object (Figure 2A).
Likewise, YOLO uses multiple detection layers in different sizes. These layers, called 
“scales”, are responsible for generating bounding boxes for small, medium, and large 
objects in the image. To avoid duplicate object detection, non-maximum suppression 
is applied. This technique compares the confidence scores of the bounding boxes and 
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suppresses boxes that have high overlap (measured by intersection over union, IoU) 
and lower confidence scores (Figure 2B). Finally, class labels are assigned to the selected 
bounding boxes, and the final object detection results are obtained. Each bounding box 
is associated with a specific class and is displayed with its corresponding confidence 
score.
The architecture of YOLOv4 is composed of four main parts: input, spine, neck, and 
head or prediction section (Figure 2C). As a backbone, YOLOv4 implements CSPNet 
+ Darknet53, forming CSPDarknet53, which consists of multiple convolutional and 
clustering layers. This backbone is responsible for extracting feature maps to learn 
meaningful representations of the input image. The neck implements SPP + PANet 
architectures to merge features extracted by the backbone, enabling the capture of both 
fine details and broader features, resulting in an improved ability to detect objects of 
different sizes. The head is responsible for making the final predictions, consisting of 
detection layers that generate bounding boxes and confidence scores for the detected 
objects. These layers use information from multiple scales to locate and classify objects 
in the image.
YOLOv4 implements several techniques that improve its performance, such as 
Mosaic data augmentation, DropBlock regularization (Ghiasi et al., 2018), CloU-loss, 
and Mish-activation. With Mosaic data augmentation, YOLOv4 identifies objects at a 

Figure 2. YOLOv4 convolutional algorithm and aspects of its operation. A: dimensions and 
coordinates of the YOLO bounding box; B: general flow of the YOLO algorithms to obtain the 
prediction vector values; C: architecture diagram of the YOLOv4 algorithm with a 416 x 416 x 
3-pixel input image and three detection layers (Bochkovskiy et al., 2020).
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smaller scale by combining four training images into one in certain proportions. By 
introducing CloU during training as a loss function, accuracy is improved. Whereas, 
the Mish activation function prevents the gradient (the feedback information used 
to adjust the parameters and weights of the network) from becoming too small and 
causing the neurons to stop learning or contribute minimally to the training process. 
Maintaining a smoother gradient ensures that the neurons receive enough information 
to update their weights and improve the accuracy of the model. The Mish function is 
mathematically defined as: 

f(x) = x * tanh (ln (1 + exp (x)))

On the other hand, one of the differences between YOLOv4 and YOLOv4-tiny is 
the size and complexity of the network. This means that the tiny version has fewer 
convolutional layers and parameters compared to YOLOv4, resulting in a smaller 
model in terms of inference speed, making detections on two different scales instead 
of three. Furthermore, due to its lower complexity, YOLOv4-tiny may have lower 
detection accuracy as it is focused on fast object detection. YOLOv4 architectures were 
selected for their efficiency, as they are designed to be fast and offer high accuracy and 
detection capability.

Learning transfer
During the training of the architectures, the transfer learning approach was applied, 
whereby the pre-trained weights of the detection algorithms previously trained on a 
specific dataset were exploited. These weights were transferred and used as a starting 
point to train the algorithms on a new data set. This approach improves efficiency 
during training, in contrast to initializing the weights randomly (Wang et al., 2022). 
In this case, YOLOv4 and YOLOv4-tiny weights previously trained on the COCO 
database were used (Lin et al., 2015).

Hyperparameter setting
Hyperparameters are values that are defined prior to training and affect how a model 
learns and generalizes to new data (Wang et al., 2022). Adjusting the hyperparameters 
facilitates training and maximizes the number of correct detections, not only on 
training data but also on test data and other inputs.
Modifications were made to the YOLO source code to adapt the algorithms to the 
agave image dataset. The input size of the algorithm was set to the size of the images 
in the database, 416 x 416 x 3, where the number 3 indicates RGB images. The number 
of classes was set at one. The number of filters to extract features in the convolutional 
layers before the YOLO layers was set to 18, considering the formula: (number of 
classes + 5) x 3. The number of iterations was set at 6000, while other hyperparameters 
were kept as default (Table 1).
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Training
The training of the algorithms was carried out using the Google Colaboratory Pro 
service, which provides a GPU to reduce training times when working with neural 
networks. The assigned GPU was a Tesla P100-PCIE-16GB.

Evaluation metrics
Precision (Pr), Recall (Rc), F1-score (F1), and mean average precision (mAP) metrics 
were used to evaluate the performance of the algorithms (Padilla et al., 2021). The Pr 
metric evaluates the proportion of correctly identified positive results out of the total 
number of results classified as positive, i.e., it measures the accuracy of an identified 
object being an agave plant. Recall evaluates the proportion of correctly identified 
positive results out of the total number of results that should have been identified 
as positive, i.e., it measures the ability to identify agave plants. The F1-score is the 
harmonic average between Pr and Rc, it is used to measure overall performance, 
obtaining a high value if both Pr and Rc are high. Also, mAP summarizes the average 
detection accuracy to a defined IoU value:

	 TP
Pr =
	 TP + FP

	 TP
Rc =
	 TP + FN

F1 Score = 2 Precision + Recall
Precision * RecallT Y

where TP (true positives) are agave plants correctly identified, FP (false positives) are 
objects identified as agave that are not, and FN (false negatives) are unidentified agave.

Count and estimation of distance between plants
Random images were selected from the evaluation dataset, spanning different values 
of ground sampling distance. A manual count of the plants in the selected images was 
carried out to compare the results obtained by applying the YOLO algorithms.
The detections generated by the YOLO algorithms in an image captured at a height of 
40 m with a GSD of 1.10 cm pixel-1, which provide the coordinates of each bounding 

Table 1. Hyperparameters used for training the YOLOv4 and YOLOv4-tiny algorithms.

Algorithm Lot Moment Learning rate Decay (%)

YOLOv4 64 0.949 0.001 80 and 90
YOLOv4-tiny 64 0.9 0.00261 80 and 90
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box in the image, were used to estimate the distance between plants. The center of the 
bounding box (bx,by) was calculated using these coordinates, which approximates the 
center of an agave plant that is completely visible in the image due to its distinctive 
shape.
The coordinates of each plant center were used to calculate the distances in meters. 
The following formula was proposed for this purpose:

d (A, B) = bx2 - bx1Q W2 + by2 - by1R W2 100
GSDS X

where A and B are the centers of the agave plants between which the distance is 
calculated. The values bx1, by1 are the coordinates of the center of plant A, and bx2, by2 
are the coordinates of the center of plant B. The GSD is the ground sampling distance 
given in cm/pixel, related to the spatial resolution of the images captured by the RPAS.

Both YOLO detections and agave plant distance estimation were performed on a 
computer running Windows 10 (64-bit), AMD Ryzen 5 4600H processor, 512 GB solid 
state disk, 8 GB RAM, and NVIDIA GTX 1650 4 GB video card.

RESULTS AND DISCUSSION

Training
The loss curve during training becomes asymptotic in the range of 3 to 5 from iteration 
2500 for YOLOv4, and in the range of 0.9 to 1.2 from iteration 2000 for YOLOv4-tiny, 
although it reaches its lowest value in the range of 0.7 to 0.9 from iteration 5000 (Figure 
3A). The mAP value remains above 96 % for a confidence greater than 25 % and an 
IoU threshold greater than 50 % on the test data set, reaching a maximum value of 
99.22 % for YOLOv4 at iteration 3660 and 99.16 % for YOLOv4-tiny at iteration 5340 
(Figure 3B).

Figure 3. Curves obtained during the training of the convolutional algorithms YOLOv4 and 
YOLOv4-tiny for a confidence of 25 % and an IoU threshold of 50 % during 6000 iterations. A: 
loss-iterations curve; B: mAP-iterations curve.
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Although both algorithms reached a value of 99 % in the Recall (Rc) metric, YOLOv4 
had a slightly lower precision (Pr), which affected the F1 metric. Likewise, there is a 
difference in the training time of YOLOv4, compared to YOLOv4-tiny, due to the size 
of the network, its depth, and number of parameters, making the training slower in 
terms of computation time required (Table 2).

Table 2. Metrics obtained on the test set by the YOLOv4 and YOLOv4-tiny algorithms for a 
confidence of 0.25 and an IoU threshold of 0.50.

Algorithm Training time (hours) Pr Rc F1 mAP@0.50

YOLOv4 6.58 0.90 0.99 0.94 99.22
YOLOv4-tiny 0.76 0.92 0.99 0.95 99.16

Table 3. Metrics obtained on the evaluation dataset by the 
YOLOv4 and YOLOv4-tiny algorithms.

Algorithm Pr Rc F1 mAP@0.50

YOLOv4 0.90 0.99 0.95 99.40
YOLOv4-tiny 0.92 0.99 0.96 99.28

Evaluation
The maximum mAP score, for a confidence greater than 25 % and an IoU threshold 
greater than 50 %, in the evaluation dataset was obtained by YOLOv4 with a value 
of 99.40 %, while YOLOv4-tiny obtained a mAP value of 99.28 %. Although both 
algorithms obtained 99 % in the Rc metric, it was observed that YOLOv4 obtained a 
lower Pr accuracy, influencing the F1 metric (Table 3).

Although both the F1 metric and the mAP are slightly higher in the evaluation 
compared to the test (Tables 2 and 3), the models do not show significant differences 
in percentage points in each metric, thus ensuring the absence of overfitting (Parico 
and Ahamed, 2021). Furthermore, the metrics obtained highlight the ability of both 
algorithms to effectively generalize agave plant characteristics, allowing them to make 
accurate predictions on new data sets. One technique that contributes to this capability 
is DropBlock regularization (Ghiasi et al., 2018). This technique consists of switching 
off groups of neighboring neurons in the network, which causes certain sections of 
the image to be temporarily hidden during the learning process. By doing this, the 
network is forced to learn distinct features in different regions of each image. This 
variation in learning helps to improve the generalization capability of the algorithm. 
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Another influential aspect is the random splitting of data, as in Sozzi et al. (2022). 
After reviewing the data set, it is observed that the proportion of “difficult to detect” 
images is lower in the evaluation set. Images with “difficult to detect” are considered 
to be those with agave tillers and with the highest GSD value. This means that there 
are fewer detection errors in the evaluation set, which slightly increases the value of 
the metrics. 

Detection, counting, and estimation of distance between plants
The 100 % of plants detected in both algorithms were obtained for GSD values of 1.10 
and 1.64 cm pixel-1, corresponding to images captured at 40 and 60 m height. However, 
for a GSD of 2.19 cm pixel-1, corresponding to images at 80 m, it was observed that 
YOLOv4 achieved 96.8 % detections, while YOLOv4-tiny obtained 93.6 % (Figure 4A).
Both algorithms were able to detect plants even in cases of overlap between agaves and 

Figure 4. Detections and counts of agave plants (Agave tequilana Weber) A: detections and 
counts of agaves with YOLOv4 and YOLOv4-tiny compared to manual counting; B: centers of 
the detections of the bounding boxes obtained with YOLO.

presence of weeds (Calvario et al., 2017) at different phenological stages (Calvario et al., 
2020). However, a decrease in performance was observed when detecting agave tillers 
in images with a GSD of 2.19 cm pixel-1. This is attributed to the reduction in spatial 
resolution and the size of the plants in the images. Therefore, it is recommended to use 
high resolution images with a GSD of no more than 1.64 cm pixel-1, especially for the 
accurate counting of tillers.
The estimation of distance between plants was made with the coordinates of the center 
of each object detected as an agave plant (Figure 4B). There is a difference between the 
calculated and actual distance, with plants A–B and E–F having the largest margin of 
error of 20 cm (Table 4).
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Since the bounding boxes only take into account the visible part of the plant, there is 
a mismatch between the actual and predicted centroid for plants located at the edges 
of the image. Therefore, distance calculations can only be considered accurate for 
predictions of fully visible plants. Even so, an error of ± 20 cm in the calculation of the 
distance between plants is not significant. To be significant, the difference would have 
to be more than 0.90 m to be considered a missing plant, due to the planting frame of 
the agaves. 
For example, Calvario et al. (2020) reported that the distance between agave plants is 
1.0 to 1.20 m. Zúñiga-Estrada et al. (2018) mentioned a distance of 1.5 m. Due to the 
above, the estimated distance can be used as a reference since it has been shown that 
object detection and distance estimation tasks benefit each other, resulting in increased 
accuracy of the predicted bounding box functionality (Vajgl et al., 2022). Furthermore, 
distance estimation between objects with YOLO algorithms can be implemented in 
real time (Bhambani et al., 2020).

CONCLUSIONS
The results of this study demonstrated the versatility and robustness of the YOLOv4 
and YOLOv4-tiny architectures, based on convolutional neural networks, in the 
detection and counting of agave plants. Furthermore, its ability to generalize agave 
plant characteristics was demonstrated, even in cases of overlap between agaves, 
different phenological stages, and the presence of weeds, overcoming the problems of 
overlapping found in previous research.
It was identified that the detections made by the YOLO algorithms can also be used 
to estimate the distance between plants. This information, combined with plant 
counts, is beneficial for inventorying and determining areas of vacant plantations. 
This methodology presents significant advantages by reducing the time required to 
monitor agave plantations and the risks and costs associated with manual counting.
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Table 4. Comparison of the distance between Agave tequilana Weber plants calculated 
by applying the YOLO algorithm against the real distance between agaves.

Plants Calculated distance (m) Real distance (m) Error (m)

A – B 0.94 1.14 0.20
B – C 0.98 1.10 0.12
C – D 0.96 1.09 0.13
D – E 0.96 1.13 0.17
E – F 0.90 1.10 0.20
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