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ABSTRACT

Accurate weed species identification is crucial for effective site-specific weed management (SSWM), enabling
targeted and timely control measures for each weed in crop field. This study advanced the current approach to
species-level weed identification during the early growth stage by integrating unmanned aerial vehicles (UAVs)
imagery with standard convolutional neural networks (CNNs) models such as VGG16, Resnet152 and Inception-
Resnet-v2. For this, a robust dataset was created with 33,467 labels of weeds (Atriplex patula, Chenopodium album,
Convolvulus arvensis, Cyperus rotundus, Lolium rigidum, Portulaca oleracea, Salsola kali, Solanum nigrum) and crops
(maize, tomato), which was subjected to different training, validation and test scenarios. Model inputs were
adjusted in order to align them with the information represented by the UAV images. Initially, models were
developed in balanced scenarios, gradually increasing label numbers to assess their performance. Inception-
ResNet-v2 achieved over 90% accuracy with 400 labels, while ResNet152 and VGG16 required 600 and 800
labels, respectively, for similar accuracy. In a more complex and realistic scenarios with unbalanced datasets,
Inception-ResNet-v2 outperformed, likely due to its deeper architecture and enhanced capability to capture
intricate features and patterns within UAV images. The study emphasized the importance of the minority-to-
majority species ratio in unbalanced datasets, which affects minority species classification. To prevent
misclassification, it is crucial to determine the right number of labels for CNN model training and validation.
Weed maps were generated after species classification using the Faster R-CNN algorithm as an object detector.
This advancement in methodology facilitates the precise and efficient implementation of SSWM techniques.

1. Introduction

characteristics, incorrect identification and treatment decisions may be
made, leading to a decrease in control efficacy.

Site-specific weed management (SSWM) is an agronomic strategy
that focuses on the precise location, identification and targeted man-
agement of weed populations in specific aereas, rather than treating the
entire field uniformly (Fernandez-Quintanilla et al., 2018; Lati et al.,
2021). Accurate and quick identification of weed species in an
early-stage is one of the key components of SSWM, since different spe-
cies require distinct control measures (Sa et al., 2018; Fernandez--
Quintanilla et al., 2022). Weed species identification is often a
challenging and time-consuming process that demands skilled
personnel. Since, many weed species possess similar physical
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The digitization of agriculture is a contemporary approach that
employs technology to enhance efficiency and productivity. This
approach integrates various technologies, such as sensors, unmanned
aerial vehicles (UAVs), Artificial Intelligence (AI), and big data analysis,
to enhance crop yields while minimizing the environmental impact of
crop production through a reduction in pesticide use. UAVs have great
potential in agriculture owing to their capacity to rapidly and effectively
gather large amounts of highly detailed imagery over crops and fields,
thus improving spatial and temporal data that facilitates crop scouting,
particularly the detection of weeds, pests and diseases (Rejeb et al.,
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2022). Deep Learning (DL), a subfield of Machine Learning (ML), has
demonstrated particular success in image processing, improving the
accuracy of classification tasks and reducing variability in regression
problems (Mesias-Ruiz et al., 2023). Currently, DL techniques such as
convolutional neural networks (CNNs) outperform traditional ML
techniques in object recognition (loffe and Szegedy, 2015). CNNs are a
type of algorithm inspired by the neural mechanisms underlying the
visual system, making them well-suited for computer vision and image
recognition tasks. CNNs have been particularly successful in these areas
because they are specifically designed to handle high-dimensional input
data, such as images, and are able to automatically learn relevant fea-
tures from the data.

DL algorithms have been recently applied to UAV-based image
analysis with some restrictions regarding the number of classes, i.e.
aiming to generate a segmented database containing only general classes
such as crop, soil, shadows, and two groups of grass and broadleaf weeds
(dos Santos Ferreira et al., 2017; Torres-Sanchez et al., 2021). Indeed,
dos Santos Ferreira et al. (2017) utilized the CaffeNet architecture, a
derivative of AlexNet, to classify weeds among crops, achieving an
average classification accuracy of 99.1% and 99.5% for balanced and
unbalanced datasets, respectively, using a dataset of 15,336 segmented
crop labels, including 3,249 soil samples, 7,376 soybean samples, 3,520
grass samples and 1,191 broadleaf weed samples captured at a height of
4 m. Bah et al. (2018) used a supervised dataset of UAV-captured images
at 20 m height, consisting of 30,105 weed images (thistles and young
shoots) and 46,736 crop images (beans and spinach), employing the
ResNet18 architecture for discriminatory analysis, resulting in a notable
area under the curve value of 0.957. Huang et al. (2020) focused on
weed identification, classification and mapping in two rice fields mainly
infested by Leptochloa chinensis, Cyperus iria, Digitaria sanguinalis and
Echinochloa crus-galli, using a UAV dataset captured at 10 m height,
employing four pre-trained CNNs (AlexNet, VGG-16, GoogLeNet, and
ResNet-101) as classifiers. The study demonstrated accuracy perfor-
mances of 86.8%, 88.4%, 87.2%, and 86.6%, respectively, for discrim-
inating between weeds and rice plants. Khan et al. (2021) devised an
optimized semi-supervised framework using generative adversarial
networks to classify weeds and crops, utilizing a dataset of 2,800 weed
images and 2,600 pea and strawberry crop images captured at a flight
altitude of 2 m, achieving classification accuracy nearing 90%.

Some advancements have been achieved in the classification of weed
species. For instance, Chen et al. (2022) employed transfer learning with
27 DL models on a dataset of 5,187 images representing 15 distinct weed
species at various growth stages, with the ResNet101 model demon-
strating superior performance in weed species identification by
achieving the highest F1-score of 99.1%. Precise identification of weed
species is fundamental to improve control techniques, as evidenced in
the work of Valente et al. (2022), where they emphasize the importance
of accurately mapping of Rumex obtusifolius for implementing effective
control strategies. By utilizing images captured at a 10 m altitude, they
achieved an F1-score of 78.4% using the pre-trained MobileNet model.
Additionally, the integration of diverse CNN architectures has enabled
significant advances in solving various computer vision tasks. An
example is the study by Shahi et al. (2023), where segmentation models
such as SegNet, DeepLabV3+ and UNet, were combined with classifi-
cation architectures such as VGG16, ResNet50, DenseNet121, Effi-
cientNetBO and MobileNetV2. The most noteworthy outcome was an
F1-score of 88.2%, achieved through the combination of EfficientNetBO
and UNet. The study successfully automated the semantic segmentation
of weeds like Sorghum halepense, Convolvulus arvensis and Portulaca
oleracea within a cotton crop, utilizing a dataset (Krestenitis et al., 2022)
acquired by flights at 5 m height.

After reviewing the literature and evaluating the performance of
various models in image classification tasks, the present study focused
on three standard CNN architectures, selected based on their perfor-
mance and wide adoption in the scientific community: VGG16 (Simon-
yan and Zisserman, 2014), ResNetl52 (He et al., 2016), and
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Inception-ResNet-v2 Szegedy et al. (2017). These architectures offer a
diverse set of features and depths, enabling a comprehensive evaluation
of their performance.

The main objective of this research was to investigate the constraints
and limitations associated with the training and testing phases when
developing a methodology for classifying weed species in early-stage
field conditions using CNN architectures and UAV imagery. Indeed,
the development of an automated and accurate method to detect and
classify weed species at an early growth stage can support SSWM sys-
tems by enabling specific crop protection measures, reducing crop
management costs, and minimizing herbicide-related environmental
impact. In particular, the study addressed four specific objectives: 1)
Determine the minimum number of labels, i.e. optimal dataset size,
required to achieve an acceptable CNN model performance with an
accuracy, precision and recall value above 90%. 2) Evaluate the per-
formance, efficiency and suitability of three CNN models in classifying
weed species using a balanced dataset. 3) Examine the impact of an
unbalanced dataset, specifically focusing on scenarios where a) there is a
higher number of crop labels, and b) there are varying numbers of labels
for both crop and weed species, on the accuracy of weed species clas-
sification and the overall performance of the CNN models. And 4)
Implement an object detector integrated with the most effective classi-
fication model to assess its performance in accurately locating and
identifying weed species for mapping purposes within a field. This
research contributes to the progress of CNN models for UAV image
classification and detection of weed species, offering valuable insights
for future studies in this field.

2. Materials and methods

Fig. 1 provides an overview of the methodology to achieve the pro-
posed objectives. Firstly, UAV flight plans were designed to allow
automated flights, ensuring a consistent approach to image capture.
Secondly, the preprocessing stage involved the creation of orthomosaics,
image splitting and species labeling. Thirdly, three CNN-based models
were trained using both the training and validation datasets to perform
the classification task. Subsequently, the generalization of knowledge to
new data was assessed using widely-used classification metrics. Finally,
the best classification model was integrated with an object detection
architecture to automatically identify weed species and locate them in
the orthomosaics.

2.1. Acquisition of UAV images

Two different locations were used in this study. On the one side, UAV
images of an irrigated maize crop were acquired at the CSIC experi-
mental farm La Poveda, Arganda del Rey, Madrid, Spain (40°18'59.25"N
3°29'21. 53"W), at an early stage of crop growth (4 leaves unfolded,
BBCH 14 (Meier, 2018)). The area has a Mediterranean Continental
climate characterized by cold winters, hot summers, and an average
yearly rainfall of around 400 mm. The soil type is sandy loam, with a
plow layer containing 1.6% organic matter. An area of around 0.75 ha
was sampled, which consisted of conventionally tilled maize. The maize
was grown with rows spaced 0.75 m apart and a density of 85,000 plants
per hectare. On the other side, UAV images an irrigated tomato crop
were acquired from a commercial farm located in Santa Amalia, Bada-
joz, Spain (38°59'39.0"N 6°03'31.7"W), also at an early stage of the crop
growth (first flower bud visible, BBCH 501 (Meier, 2018)). Soil in this
farm is predominantly sandy and has low organic matter content.
Approximately 1.2 ha were surveyed, comprising conventionally tilled
tomato plants. The tomato crop was cultivated with 1.5-m row spacing
and a plant density of 25,000 per hectare.

A low-cost RGB camera, model Sony ILCE-6300L (Sony Group Cor-
poration, Tokyo, Japan), was mounted on the quadcopter UAV, model
md4-1000 (microdrones GmbH, Siegen, Germany) for image acquisi-
tion. The camera featured an APS-C type Exmor® CMOS sensor (23.5 x
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Fig. 1. Outline of the proposed methodology for the classification of weed species in early growth stage of maize and tomato crops.

15.6 mm) with 24.2 effective megapixels. The UAV flight plan param-
eters were set using the mdCockpit application (microdrones GmbH,
Siegen, Germany). The configuration specified a constant horizontal
speed of 2 m/s at a fixed altitude of 11 m above ground level, resulting in
a ground sampling distance of 0.17 cm per pixel. The acquired images
had an overlap ratio of 70% laterally and 70% frontally, with each image
measuring 6,000 x 3,376 pixels.

2.2. Preprocesing

2.2.1. Orthomosaic

Using the acquired imagery together with geospatial data extracted
from strategically placed control points in the experimental fields (seven
and six for the maize and tomato, respectively), we systematically
generated geomatics products with Agisoft PhotoScan software (Agisoft
LLC, St. Petersburg, Russia). These products enabled the creation of
orthomosaics, incorporating the information extracted from the RGB
channels. Consequently, the generation of an orthomosaic involved
stitching together multiple overlapping UAV images to produce a single
high-resolution image that covers the entire area of interest.

2.2.2. Split

The orthophotos were subdivided into smaller sections to enhance
processing efficiency and reduce computational complexity in subse-
quent analysis. This subdivision was prompted by the substantial size of
the orthomosaics, which size were 61,000 x 41,175 pixels (5.3 GB) for
maize and 72,304 x 34,574 pixels (6.3 GB) for tomato, making them
unwieldy for direct processing. This procedure was executed by imple-
menting an algorithm that automatically partitioned the orthophoto into
split images of 1,000 x 1,000 pixels. The algorithm was developed in
Python, using the necessary libraries, such as rasterio for geospatial data
management and PIL (Pillow) for image manipulation. After accessing

the orthomosaics, the geospatial coordinates of each upper left corner
were obtained. Iteration was performed on the partitions defined on the
x and y axes. Subsequently, an image was generated and saved as a JPG
file. This partitioning process facilitated the recognition and labelling of
distinct species.

2.2.3. Labelling

Experts labeled the weed species by manually drawing bounding
boxes and annotating several visible objects each split image. This
procedure was carried out with the free software graphical tool labellmg
(Tzutalin, 2015). The following weed species were labeled to compile
the dataset: 1) Solanum nigrum (4,175 labels); 2) Cyperus rotundus (3,
500); 3) Portulaca oleracea (1,900); 4) Chenopodium album (1,200); 5)
Convolvulus arvensis (1,200); 6) Salsola kali (1,200); 7) Atriplex patula (1,
017); and 8) Lolium rigidum (1,014). In addition, 12,364 maize plants
and 6,622 tomato plants were labeled. The annotations made on the split
images were saved with XML extension in PASCAL VOC format. Dataset
generation included the following steps: 1) reading the XML file co-
ordinates that generate a square delimiting the weed; 2) extraction of
the weeds on the split images; 3) assignment of a distinct identifier to
designate its corresponding split area; 4) classifying the weed species
according to their labels; and 5) storing them in separate directories
based on their respective labels. The final result is a collection of indi-
vidual images corresponding to each label, i.e. each plant of every
species. This generated dataset is available at (Mesias-Ruiz et al., 2024).

2.2.4. Dataset

DL models are highly sensitive to quality and consistency of the
source dataset, which should be diverse, representative, and in sufficient
quantity to ensure robust and accurate performance. Since there is no
prior research on the optimal size of training, validation, and test subsets
for developing a DL model, we addressed this by dividing the dataset
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into multiple subsets to test the models across various scenarios.
Initially, we relied on the number of labels for the least frequent weed
species in the source dataset, namely Lolium rigidum and Atriplex patula,
each with slightly more than 1,000 labels. Several balanced datasets of
different sizes were created: 100, 200, 400, 600, 800 and 1,000 labels
per weed species. This strategy was implemented to avoid bias towards
the majority species. A constant distribution of 70% for training, 15% for
validation and 15% for test was maintained for the implementation of
each selected classification model.

Additionally, two tests (Tests I and II) were conducted using unbal-
anced datasets (Table 1) to evaluate the generalization ability of the
models in scenarios that better reflect real-world conditions. These tests
were performed on the models developed using a balanced dataset,
where the maximum number of labels per weed species (i.e. 700 for
training and 150 for validation) was utilized. Test I was designed to
simulate a scenario where crop labels dominate the dataset. To conduct
this analysis, the relationship between the number of crop and weed
labels was analyzed by adjusting the number of crop labels at various
ratios: 1:1, 1:2, 1:10, 1:20, and 1:30. This enabled us to achieve a range
of crop labels from 150 to 4,500. Alternatively, Test II aimed to assess
the models’ ability to generalize on an imbalanced dataset with varying
numbers of labels for each crop and weed species. Based on the results of
Tests I and II, the optimal correlation between species imbalance was
identified to achieve classification metrics that align with our objective.
This involved evaluating the frontiers at which a decrease in model
performance occurred as a result of the number of species labels. In this
study, separate datasets were analyzed for the maize-weed and tomato-
weed cropping systems.

2.3. Classification

2.3.1. Models

The three models used for classification task, namely VGG16,
ResNet152, and Inception-ResNet-v2, have unique architectures char-
acterized by varying numbers of layers and connectivity patterns. This
study explored the key features of these models, evaluating their
strengths and limitations, and the factors that differentiate them from
other CNN architectures.

The VGG16 model is known for its architectural simplicity and per-
formance improvements due to the implementation of the VGG block,
which increases the depth of CNNs. Specifically, the VGG16 model
comprised of 16 convolution layers with a 3 x 3 kernel convolution, five
Max pooling layers with a 2 x 2 size, and three fully connected layers
after the last Max pooling layer. ReLu activation was used in all layers,
and the final layer employed a softmax classifier.

The ResNet152 model is an architecture that introduces residual
connections to facilitate the training of very deep networks. By adding
layers to the network, its complexity and expressiveness are increased.
The introduction of the residual block in ResNet152 addresses a com-
mon issue encountered in other architectures, where shallower

Table 1
Distribution of labels of the unbalanced datasets: Test I with crop as the pre-
dominant species, and Test II with a varying number of labels for each species.

Species Unbalanced dataset

Test I Test II
Cyperus rotundus 150 2,500
Lolium rigidum 150 14
Atriplex patula 150 17
Chenopodium album 150 200
Convolvulus arvensis 150 200
Portulaca oleracea 150 900
Salsola kali 150 200
Solanum nigrum 150 3,175
Maize [150; 4,500] 11,364
Tomato [150; 4,500] 5,622
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convolutional networks tend to perform better than their deeper coun-
terparts. This is due to problems such as vanishing gradients and the
curse of dimensionality, where increasing the number of layers may not
always improve performance. The residual block overcomes this chal-
lenge by enabling information to skip certain layers and directly pass to
the next layer through a residual connection, thereby improving the
performance of the network with deeper layers (He et al., 2016).

The Inception-ResNet-v2 model was created by experimenting with
different convolution kernel sizes ranging from 1 x 1 to 11 x 11 in order
to achieve optimal performance. Through this process, it was discovered
that utilizing a combination of kernels of varying sizes was most effec-
tive, leading to the development of the Inception block. Compared to
other blocks, the Inception block is more computationally efficient due
to its reduced parameter count, while also generating more expressive
features by combining features produced by kernels of differing sizes
(Szegedy et al., 2015).

2.3.2. Training, validation and test

Training, validation and test of the CNN models were submitted to
the Keras-Tensorflow DL framework (Abadi et al., 2016). The Ubuntu
20.04.4 LTS operating system and Python 3.9 were used on a worksta-
tion with an Intel ® Core (TM) i7-12700K CPU, a NVIDIA GeForce RTX
3070 Ti Graphic Processing Unit (GPU) with 8 GB of memory. To opti-
mize the classifiers parameters, the expected input of the models was
modified by adjusting it to the average size of our label set. For the
VGG16 and ResNet152 models an image size of 64 x 64 pixels was used,
while for Inception-ResNet-v2 the image size was 75 x 75 pixels. After
loading the models, the transfer learning technique (Pan and Yang,
2010) was employed with the pre-trained ImageNet weights, replacing
the last fully connected layer by a new fully connected layer with 9
neurons. The hyper-parameters for all three models were identical, with
a batch size of 32, 30 epochs, adaptive moment estimation (Adam) like
as optimizer with a learning rate of 10~>, and categorical cross-entropy
serving as the loss function. Leveraging the advantages of using transfer
learning in image pre-training, we hypothesized that having a sufficient
number of images for each class (e.g., up to 1,000 images) within a
balanced dataset could obviate the need for data augmentation (Shawky
et al., 2020; Khalifa et al., 2021) in our study. Such an approach would
facilitate our research objective of evaluating and comparing the per-
formance of the CNN-based models while preserving the inherent
quality of the original dataset derived from our UAV imagery. However,
exploring data augmentation techniques is a potential area for future
research. The optimal training accuracies for all case studies were ach-
ieved between 22 and 27 epochs.

2.3.3. Evaluation

The evaluation of the classification was carried out through a
confusion matrix to better understand the performance of the models.
The matrix includes four predictions categorized as follows: Tp = true
positive, Ty = true negative, Fp = false positive, and Fy = false negative.
The criteria of “type I error” (false positive) and “type II error” (false
negative) are used to perform a detailed analysis on the performance of
the models. Additionally, four different metrics commonly used in ML
were derived from the four predictions of the confusion matrix.

1) Accuracy: determines the degree of approximation of the measure-
ments of a quantity to the real value, it can lead to errors in the
quality of the model when the class imbalance is high.

Tp+ Ty

_— 1
Tp+Fp+Fy+ Ty )

Accuracy =

2) Precision: represents the positive prediction value, which measures
the quality of the model.
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Tp

Precision =
Tp +Fp

(2)

3) Recall: measures the ability of the model to identify true positives.

Tp

Recall = ————
Tp +Fn

3

4) Fl-score: Calculates the harmonic mean between precision and
recall, providing a balance between the two metrics. It is a general
score that represents the model overall performance, indicating its
ability to retrieve relevant results. F1-score is especially useful for
unbalanced classes.

2Ty

Fl1 —score = ————— 4
2Tp + Fp + Fy )

2.4. Object detection

The detection and localization of weed species in the two fields was
carried out by applying the Faster R-CNN algorithm as an object de-
tector. This algorithm is composed of two fundamental modules: a fully
convolutional network in charge of proposing regions of interest (RPN)
within the image, and the Fast R-CNN detector that executes the
detection of objects within these proposed regions (Ren et al., 2016).
The implementation of the Faster R-CNN detector was carried out using
the TensorFlow object detection API. The Adam optimizer was used,
with an image input size of 640 x 640 pixels, and a minimum confidence
threshold of 0.4 was set to validate the detections.

Model performance evaluation was performed individually for maize
and tomato crops, using the images acquired in subsection 2.2.2, which
were adjusted to the model input size. After obtaining the predictions
and locations of the objects of interest, the local coordinates of the
bounding boxes were extracted and aligned on the orthophoto. These
translated coordinates were exported to a CSV file, which simplified the
generation of weed maps and their visualization on the orthomosaic.

For the evaluation of maize, 30 frames of 1m? with their corre-
sponding georeferencing, randomly distributed in the field, were located
on the orthophoto. These frames were used to carry out the field veri-
fication of the weed species detected. For the tomato crop, the model
results were compared with approximately 200 plants of each weed
species (i.e. Cyperus rotundus, Portulaca oleracea and Solanum nigrum),
previously labeled on the orthophoto by experts. The percentage

100

Accuracy (%)

—=—VGG16 — & ResNet152 --a- Inception-ResNet-v2
T I

70

T i T i i T i T
100 200 400 600 800 1000

Number of labels

(a)
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detected and correctly classified was calculated. These approaches
allowed a rigorous evaluation of the discriminative capacity of DL ar-
chitectures applied to agricultural fields.

3. Results

3.1. Inference of the CNN models for classification as a function of
dataset size

As expected, performance of the studied CNN models improved as
the number of labels increased, with the highest accuracy obtained with
1,000 labels for each weed species in both crops (Fig. 2). Inception-
ResNet-v2 achieving the highest mean accuracy of 98.6% for the both
crops types, while ResNet152 and VGG16 had mean accuracies of 95.6%
and 92.6%, respectively. These models achieved high accuracy with
minimal variance (less than + 0.13%) in error means. An acceptable
threshold over 80% accuracy was achieved with only 200 labels,
although the three CNN models exceeded 90% accuracy with 800 labels
per weed species. Inception-ResNet-v2 consistently outperformed the
other models, achieving over 90% accuracy with just 400 labels, while
ResNet152 and VGG16 required 600 and 800 labels, respectively, to
reach similar accuracy.

Fig. 2 illustrates that the relationship between the increase in labels
and the improvement in model accuracy was not linear. When the
number of labels was increased from 100 to 200, there was a larger
relative variation in accuracy compared to increasing labels from 400
and above. In the maize crop, the VGG16, ResNet152, and Inception-
ResNet-v2 models showed accuracy improvements of 8.6%, 10.8%,
and 13.7% respectively, when the number of labels increased from 100
to 200. Similarly, in the tomato crop, the corresponding accuracy gains
were 6.9%, 9.5%, and 13.7%. However, the Inception-ResNet-v2 model
approached an asymptote, as the relative variation between 800 and
1,000 labels did not exceed 0.4% for both maize and tomato crops.

3.2. Inference of the CNN models with balanced datasets

Fig. 3 shows the analysis of the performance of the three models for
each weed species using a balanced dataset with 150 labels of each
species. In maize crop, the precision consistently resulted in a mean
above 86%. Overall, Inception-ResNet-v2 achieved the highest precision
values for overall species, whereas VGG16 had the lowest values. The
highest mean precision was achieved for Portulaca oleracea (99.9% with
Inception-ResNet-v2; and 95.7% with VGG16) and for Cyperus rotundus

100+

90

80

20 —=—VGG16 - & ResNet152 -4 Inception-ResNet-v2
T I T I T I T I T I

100 200 400 600 800 1000
Number of labels

(b)

Fig. 2. Relationship between the number of labels and model accuracy in the balanced data set for the VGG16, ResNet152 and Inception-ResNet-v2 models in two

different crops: (a) Maize crop, and (b) Tomato crop.
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Fig. 3. Mean precision (bars indicating standard error among ten executions for each model) using the maximum number of labels (1000 for weed species) in the
balanced dataset for VGG16, ResNet152 and Inception-ResNet-v2 models as affected by weed species in two different crops: (a) Maize crop, and (b) Tomato crop.

(97.7%) with ResNet152, while the lowest was observed for Solanum
nigrum (86.2% with VGG16; 92.8% with ResNet152; and 96.2% with

Inception-ResNet-v2).

In the case of tomato, the performance analysis of the three models

across diferent weed species consistently yielded a mean precision above
87%. Similar to maize crop, Inception-ResNet-v2 generally achieved the
highest precision values, while VGG16 had the lowest values. The
highest mean precision was attained for Portulaca oleracea (99.9%) with
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Fig. 4. Box (mean F1-score) and whisker (+1 SD) diagram showing Test I results across the range of weed-to-crop label ratios (from 1:1 to 1:30), for maize and
tomato, using ten executions for the VGG16, ResNet152 and Inception-ResNet-v2 models.
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Inception-ResNet-v2, Convolvulus arvensis (97.5%) with VGG16, and
Cyperus rotundus and Lolium rigidum (97.3%) with ResNetl152. The
lowest mean precision was observed for Solanum nigrum (87.7%) with
VGG16 and (95.7%) with Inception-ResNet-v2, as well as for Convolvulus
arvensis (93.0%) with ResNet152.

3.3. Inference of CNN models with unbalanced dataset: crop as
predominant class (Test I)

Test I was applied to analyze the performance of the different clas-
sification models in real-life scenarios, i.e. in which the source dataset is
composed by an unbalanced number of labels with the crop as pre-
dominant species. Fig. 4 illustrates the evolution of the F1-score metric
by weed species and the number of maize labels increasing in different
ratios. In general, most weed species (e.g. Cyperus rotundus, Lolium rig-
idum, Portulaca oleracea, Salsola kali and Solanum nigrum) consistently
displayed mean F1-score values above 86%, irrespective of the weed-to-
crop label ratio. Nevertheless, certain weed species showed a declining
F1-score value with an increasing number of crop labels. Atriplex patula
consistently demonstrated a decrease in F1-score value across all three
models, dropping below 80% in both VGG16 and ResNet152 models
when a large number of maize labels were present. The decline was less
pronounced but still noticeable in Convolvulus arvensis for these two
models. In line with the declining trend observed in some weed species,
the analysis of the confusion matrices in maize crop (Fig. 5) revealed a
remarkable number of false positives in Atriplex patula (Fp = 0.8% and
0.9% for VGG16 and ResNet152, respectively) and Convolvulus arvensis
(Fp = 0.9% and 0.6% for VGG16 and ResNet152, respectively). In
addition, the percentage of false negatives generated between Atriplex
patula and Solanum nigrum may have contributed to decrease the F1-
score, with Fy = 0.2% and 0.1% for VGG16 and ResNet152, respectively.

Test I showed improved results in the three models for the tomato
crop in comparison to the maize crop (Fig. 4), with consistent FI-score
values observed across all weed species, regardless of the weed-to-crop
label ratio. Remarkably, the Inception-ResNet-v2 and ResNet152 models
consistently achieved F1-score values above 91% in the tomato crop. In
contrast, the VGG16 model produced slightly lower values (though still
above 86%). Among the weed species using the VGG16 model, only
Atriplex patula displayed the lowest F1-score value. However, this species
maintained a stable F1-score value above 86.2% across the entire range
of weed-to-crop label ratios.

3.4. Inference of CNN models with unbalanced dataset: unequal number
of labels for each species (Tets II)

Based on the F1-score values (Table 2), the results of Test II indicated
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that Inception-ResNet-v2 model performed the best in both crops.
Indeed, the FI-scores for most weed species were consistently above
93%, except for Atriplex patula and Lolium rigidum. The ResNet152 model
showed values above 83% in both crops, except for the aforementioned
weed species and Convolvulus arvensis in the maize crop. The VGG16
model showed the lowest results, with values below 80% in Atriplex
patula, Lolium rigidum and Chenopodium album in both crops, in addition
to Convolvulus arvensis in maize. These findings confirm that all models
had a higher generalization ability with respect to the most commonly
represented species (e.g. maize and tomato crops) compared to the weed
species that had lower representation in the evaluated dataset (e.g.
Atriplex patula and Lolium rigidum).

The analysis of the confusion matrices in tomato crop (Fig. 6) showed
false negatives generated between Atriplex patula and Solanum nigrum,
with Fy = 0.4% and 0.5% for VGG16 and ResNet152, respectively. Other
false negatives were found between Solanum nigrum and Chenopodium
album (Fp = 1.4% and 0.4% for VGG16 and ResNet152, respectively), as
well as between Solanum nigrum and Portulaca oleracea (Fp = 0.9% and
0.6% for VGG16 and ResNet152, respectively). In addition, some false
positives between Cyperus rotundus and Lolium rigidum (Fp = 0.4% for
VGG16), as well as between Cyperus rotundus and Salsola kali (Fp = 0.4%
for ResNet152) were observed.

These findings lead to an inquiry concerning the appropriate ratio of
species imbalance necessary to attain acceptable classification metrics,
specifically with a rate exceeding 80%. Based on the results from Test I,
where the decrease in F1-score was mainly attributed to the prevalence
of maize labels in the dataset, the VGG16 and ResNet152 models ach-
ieved species-specific performance greater than 80% when the ratio of
minority to majority species (R = Sminority/Smajoriey Was 1:10 and 1:20,
respectively (Fig. 4). On the other hand, Inception-ResNet-v2 model
consistently achieved a F1-score higher than 90% when trained on 4,500
maize labels (e.g. R = 1:30); moreover, Test II results (Table 2) showed
the lowest F1-score for Atriplex patula when tested on 11,364 maize la-
bels (e.g. R = 1:667). In this study, we assessed the suitable ratio in the
Inception-ResNet-v2 model by varying the numbers of Atriplex patula
labels (17, 50, 75, 150, and 167) while adjusting the number of maize
labels in increments (e.g. from 200 to 10,000) constant. Fig. 7 estab-
lishes that an R value of approximately 1:107 or higher is required to
attain an F1-score higher than 80%.

Following an examination of the results across various scenarios for
the two selected crop types, it was discerned that the Inception-ResNet-
v2 model consistently demonstrated superior performance. This model
stood out in terms of accuracy and efficiency, thereby establishing it as
the best choice for advancing to the subsequent phase of our study.

Coperus | gg”o/u o.g% o.?% o.g% o.(o)% o.g% o.?% o.g% o.g% o Cyperus| gg“:/,: o_g% n.g% o.g% 0.0% og% 0.?% o.g% o.g% N Cyperus ;.:;o og% og% n.‘o)% o.g% c.g% o.g% o.g% og% 0%
Lolium 0‘11% ;.433“ o_g% o.g% o.g% o.g% o.?% o.g% o.g% ;z;»/;, Lolium-| o.(o)% gg‘z u.g% o.g% o,g% 02% o.g% o.g% o.g% 3% Lolium=] u.g% ;gg og% u.g% o.g% o.g% u.g% ov‘o’% o(o’% 1‘D“:J“io
Atriplex og% o.g% 352 o_Z% o.(o)% o.g% o.?% 0122/., o.g% b Atriplex-| o.g% o.g% 2.3‘2 o_?% og% og% 0.?% 0.15% o.g% S Atriplex- o.g% og% ;g“i o_g% o.g% o.g% o.g% ovg% og% e
3 Chenopodium og% o.g% o.g% :g‘:ﬁ o,g% ovg% o.g% 0.:1’% o.g% Saw Chenopodium o.g% o.g% o.g% ggﬂi og% og% o.g% o.g% a.g% S, Chenopodium o,g% 0.0% og% 3.23, o.g% u.g% o.g% og% og% o
§ Convolwilis™ og% o.g% o.g% o.g% ggf/g o.g% o.g% o.g% o.?% 3;000// Convolyulus-1 o.g% o.g% o.g% o.(o)% gg‘% og% o.g% o.g% o.g% ( Convolvulus u.g% og% og% o.g% ;g‘gﬂ o.g% o.g% o.g% og% ‘g(\“ﬂg//
= Portulaca~ og% o.g% o.g% 0.?% 0.11‘% ;.?‘:/t o.g% 0.-1[% o.g% ?D);Z Portulaca o.g% o.g% n.g% o.?y% of% ;43‘2 o.g% o.?% o.g% Portulaca-] u.g% 02% og% o.g% o.g%‘;.g‘g 0.8% o.:w,% og% o7
Salsola 0?% 0.?% o.?% o.g% o,g% ovg% gggn o.g% o.g% 1871;)/? Salsola| o.g% o.?% o.g% o.g% o,?% og% gg;s o.g% o.g% ! Salsola— u,g% og% og% o.g% o.g% o.g% gg‘g ovg% og% QUQ;Z
Solanum-| Dg% o.g% O.g% 0.?% o,g% o.?% o.g% 23»1 o.g% S“’”’”"“’o.g% o.g% o.g% o.g% o,g% 0?% o.g% ;g‘i u_g% ) Solanum=| o.g% og% og% o.g% o.g% o.g% o.g% ;.ggu og% 18(’03/:'

Maize 01"1& 0.?% o‘tg/u 0249/0 ossg/a og% og% ng% ‘713212:' 4 Maize og% 0(13% 0591/,, 031% 0:,36?/:, 0111% o.?% 0.0% 474;1?;3 T Maize ng% ng% 0256% 010% n?% ng% ng%

49 72.0%|94 87.39 "% |99.8% 96.6% |97.39 8 A 1 1.7% 99.9 00 4.9% [98.6% /o

zam/ 5. 1270/ . 34% 3% ;1% A%
o bo\\unw‘,\z* L\\“‘ \M\Yx\ e gu\ 0\: g o »“‘““Ao‘v\e wm \\M\m e So\\ox;\“\m 3 o™ \)0\‘ W‘,m Oé\\\m W‘;’x\ e w““\;\ o
[

Predicted label

(@)

Predicted label

(b)

Fig. 5. Confusion matrices of CNN models using Test I on maize crop and individual weed species. (a) VGG16, (b) ResNet152, (c) Inception-ResNet-v2.
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Table 2
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F1-score metrics for three CNN models using Test II with an unbalanced dataset of different weed species and crops.

Species Maize crop (%) Tomato crop (%)
VGG16 ResNet152 Inception- ResNet-v2 VGG16 ResNet152 Inception- ResNet-v2
Cyperus rotundus 95.17 + 0.09 97.30 + 0.05 98.43 + 0.03 95.74 + 0.06 97.53 + 0.04 98.37 + 0.04
Lolium rigidum 25.46 + 0.72 55.01 + 1.19 58.53 + 1.56 27.94 + 0.47 64.36 + 1.23 61.25 + 1.74
Atriplex patula 11.21 + 0.28 13.57 + 0.34 27.26 + 1.06 20.80 + 0.44 27.73 + 0.53 54.61 + 1.53
Chenopodium album 61.22 + 0.44 85.18 + 0.26 94.28 + 0.47 66.43 + 0.51 85.98 + 0.29 94.62 + 0.43
Convolvulus arvensis 74.56 + 0.61 79.21 + 0.58 93.18 + 0.52 94.79 + 0.27 95.26 + 0.19 98.94 + 0.22
Portulaca oleracea 90.14 + 0.14 93.30 + 0.12 95.96 + 0.14 88.77 + 0.13 91.89 + 0.13 95.25 + 0.07
Salsola kali 82.49 + 0.46 83.45 + 0.33 95.78 + 0.23 83.70 + 0.33 85.29 + 0.25 95.54 + 0.26
Solanum nigrum 92.95 + 0.10 96.09 + 0.05 97.51 + 0.10 92.85 + 0.10 95.90 + 0.05 97.67 + 0.05
Maize 98.44 + 0.04 98.84 + 0.04 99.50 + 0.03
Tomato 99.41 + 0.01 99.49 + 0.01 99.72 + 0.01
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Fig. 6. Confusion matrices of CNN models using Test II on tomato crop and individual weed species. (a) VGG16, (b) ResNet152, (c) Inception-ResNet-v2.
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Fig. 7. Assessment of the optimal ratio of minority to majority species using
Atriplex patula labels and maize labels (from n = 17 to n = 150) and maize
labels (e.g. from 200 to 10,000) to achieve an F1-score above 80% with the
Inception-ResNet-v2 model.

3.5. Detection and mapping of weed species

After integrating the RPN and other Faster R~-CNN modules with the
output of the Inception-ResNet-v2 feature extractor, the inference pro-
cess was performed on the dataset of real images corresponding to each
field (subsection 2.2.2). The inference times resulted in 120.7 s for the
maize field and 141.6 s for the tomato field. During this period, the al-
gorithm detected 70,134 individual plants in the maize field (including
Atriplex patula 676, Chenopodium album 8,373, Convolvulus arvensis

above 99%. Conversely, species like Chenopodium album and Solanum
nigrum exhibit high accuracy but lower recall, indicating proper classi-
fication when detected, albeit with some instances missed. Notably,
Salsola kali displays comparatively lower overall performance, with an
F1-score of 36.4%.

Fig. 9 illustrates cases of evaluation of the model’s discrimination
performance. This analysis involved comparing the output images
generated by our Faster R—-CNN Inception-ResNet-v2 model with real
images of maize and tomato fields.

4. Discussion
The contribution of this study allows the detection, classification and

location of weeds at the species level in an early growth stage, which
enables tailored management and control strategies per species. This is
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Fig. 8. Weed maps created using the integrated architecture of Faster R-CNN and Inception-ResNet-v2 for the tomato and maize fields.

particularly important because significant morphological and physio-
logical variations exist within each weed species and they required
different treatments. Identifying weed species at an early-stage using DL
in UAV imagery poses a significant challenge (Rai et al., 2023). The
development of an automated method for detecting and classifying weed
species entails constraints to be solved and limitations, notably during
training and testing phases. In this sense, we assessed the minimum
dataset size required to attain 90% accuracy. The results revealed that
increasing the number of labels in the training and validation phase
enhances the accuracy of CNN-based models in the classification task.

In our study, we found that using a UAV to capture images at an
altitude of 11 m resulted in orthophotos with a pixel size of 0.17 cm,
which is a higher altitude and lower spatial resolution compared to
similar research. For instance, (dos Santos Ferreira et al., 2017; Shahi
et al., 2023) conducted weed classification research using UAV imagery
at altitudes of 4 and 5 m, respectively, achieving relatively higher spatial
resolutions of 0.11 and 0.14 cm/pixel. Consequently, extracting useful
features from our images poses a greater challenge. To mitigate this
issue, one approach could involve training a more complex model
capable of learning from smaller images. However, such a solution en-
tails longer training time, increased consumption of computing re-
sources, and hence increased energy expenditure. The CNN models
selected for this study, exhibited varying levels of performance. Specif-
ically, in balanced datasets, the minimum dataset size required to train
CNN models and achieve accuracies exceeding 90% ranged from just
400 labels for Inception-ResNet-v2 to 800 labels for VGG16, with in-
termediate label requirements for the ResNet152 model.

Due to the robustness of our dataset, we were able to train the CNN
models with equal numbers of labels for each species, thereby pre-
venting any bias towards the dominant class (Liu et al., 2022). The CNN
models, VGG16, ResNet152 and Inception-ResNet-v2, achieved note-
worthy classification accuracies of 92.6%, 95.6% and 98.6%, respec-
tively, when evaluated using models created with the maximum number
of balanced labels per species. These results demonstrate the ability of
CNN models to generalize knowledge by adapting to new data from
natural environments at early growth stages, showing promising po-
tential for implementing SSWM systems at an early stage of crop growth.

Previous research has effectively integrated remote sensing methods
with artificial neural networks to differentiate weed groups, such as
monocotyledons versus dicotyledons (Torres-Sanchez et al., 2021).
Employing a similar methodology, dos Santos Ferreira et al. (2017)
utilized CaffeNet model on their segmented database, assessing its per-
formance against traditional ML classifiers (e.g. Support Vector Ma-
chines, AdaBoost, and Random Forests). The evaluation involved feature

extraction techniques such as shape, color and texture. Their results
showed an accuracy of over 98% in classifying all classes using the CNN
model, thus concluding that the CNN model did not rely on the choice of
feature extractor, unlike other models. Similar to prior studies (Hasan
et al., 2021), our research aimed to take a step further by demonstrating
the capability of CNN architectures in discriminating between multiple
weed species in crop fields. We utilized a UAV imagery-based dataset,
which proved robust to training across various CNN architectures
through transfer learning techniques. The results were remarkable in
accurately classifying all the weed species present in the two crop fields
under investigation.

Although we acknowledge the limitations of our evaluation dataset
in representing the full extent of field conditions, the analysis performed
with Test II considering an unbalanced dataset provided results that
closely approximate real-life scenarios. Under these more realistic con-
ditions, the Inception-ResNet-v2 model produced the best results among
the applied metrics, likely due to its greater depth and ability to capture
more complex features and patterns in the UAV imagery. Indeed, the
Inception-ResNet-v2 model achieved a performance (mean FI-score)
ranging from 27.3% to 99.7%, while the ResNet152 model exhibited a
range of 13.6%-99.5%, and the VGG16 model showed a range of
11.2%-99.4%. It is worth noting that the low values in the three CNNs
corresponded to the results for the minority weed species, Atriplex
patula. This is likely attributed to its confusion with another weed, So-
lanum nigrum, as indicated by the high percentages of false negatives
observed in the confusion matrices, irrespective of the crop. When
calculating the mean value of the whole species, Inception-ResNet-v2
model showed a performance (mean FI-score) above 86%, ResNet152
nearly 80% and VGG16 nearly 74%. Based on these results, the
Inception-ResNet-v2 architecture proved to be the most effective model
of weedy species, regardless of whether the dataset was balanced or
unbalanced. In previous studies on individual species classification
using UAV imagery, dos Santos Ferreira et al. (2019) reported a mean
accuracy of 83.4% for four species using VGG16, while Chew et al.
(2020) achieved F1-score ranging from 49% to 96% for six species.
Considering the lower number of species classified in previous works,
some authors have suggested that the performance of CNN-based models
tends to deteriorate when training on multiple species (Dyrmann et al.,
20165 Olsen et al., 2019), making our work interesting as our dataset
includes ten species.

A significant contribution of this study was the finding that the ac-
curacy of weed species classification relies on identifying the ratio be-
tween minority and majority species, as it can have a substantial impact
on the efficacy of SSWM systems. Neglecting this ratio could result in
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Table 3

Confusion matrix and metrics for the evaluation of classification and detection by species, derived from the comparison of model results and ground-truth results in maize and tomato crops.

Detection

Fl-score
(%)

(%)

Recall
(%)

Precision
(%)

Tomato Support

Maize

Solanum
nigrum

Salsola

kali

Portulaca
oleracea

Convolvulus
arvensis

Chenopodium

Atriplex
album

patula

Cyperus Lolium

Species

rigidum

rotundus

100.0 98.0 99.0 98.0

203

199

Cyperus

rotundus
Lolium rigidum'

Atriplex patula

100.0
43.2

80.0

100.0
41.6

66.7

58.1

96.3

125

52

Chenopodium

album
Convolvulus

75.5

78.6

67.3

94.3

49

33

arvensis
Portulaca

99.0 99.5 99.3 99.5

205

204

oleracea
Salsola kali

36.4 25.0

25.0

66.7

100.0 74.8 85.6 75.7

100.0

206
172

154

Solanum nigrum

Maize

89.7 81.4

81.4

140

Tomato *
Total

970

Lolium rigidum was not found in the true ground frames.

The tomato category was excluded from evaluation due to its nature as a continuous row crop.
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errors in decision-making and unintended consequences that could
affect productivity weed control, hence crop productivity. Based on our
results, in order to ensure an F1-score greater than 80% for each species
using the models VGG16, ResNet152 and Inception-ResNet-v2 on an
unbalanced dataset, a ratio of 1:12, 1:24, and 1:107 between the ma-
jority and minority species, respectively, should be maintained. Often,
control methods are tailored to target a specific species. However, if the
relationship between the target species and the other species for which a
CNN-based identification system can accurately identify is not consid-
ered, there is a possibility of misapplying control methods to the crop.

This article introduces inference time data, 120.7 s for maize and
141.6 s for tomato. This information not only provides insights into the
model’s computational efficiency (which clearly depends on the hard-
ware used and the complexity of the orthomosaics), but also offers a
general insight of how quickly the model can analyze and process large
datasets. It is important to note that the efficiency demonstrated by the
model is not comparable to that of human experts who could manually
undertake the same task. Regarding individual plant detection, the
findings demonstrate notable efficacy. For maize, the algorithm suc-
cessfully identified a total of 70,134 individual plants, providing a
detailed distribution between different weed species and the maize crop
itself. Likewise, for tomato, the model detected 14,377 individual plants
underscoring its capability to discriminate both the primary crop and
the weed population within the field. Indeed, the evaluation of predic-
tion accuracy by Faster R-CNN Inception-ResNet-v2 model against
ground-truth data revealed generally satisfactory species detection
rates, albeit with a few exceptions, such as Chenopodium album in maize
and Solanum nigrum in tomato fields. The lower detection rate for these
species could possibly be attributed to the small size of their seedlings
during the early stages, typically less than 5 cm?. Addressing this chal-
lenge might necessitate higher resolution UAV imagery, enabling more
accurate identification and classification.

In summary, by employing 850 labels for each species in the training
and validation phases of the Inception-ResNet-v2 classifier, along with
the Faster R-CNN object detector, our approach has successfully iden-
tified all weed species within the maize and tomato experiments. The
precise identification of individual weed classes and crops has enabled
the generation of detailed and customized maps, thereby facilitating
accurate and site-specific weed management strategies.

5. Conclusions

This research represents a significant advance in early-growth stage
weed species classification using UAV imagery and standard CNN
models, such as VGG16, ResNetl52 and Inception-ResNet-v2. We
introduce a methodological innovation addressing the challenge of
training a CNN model with images of varying sizes, deviating from its
original design specifications and causing performance decline. To
counteract this, we adapt the model inputs to align with the information
conveyed by low spatial resolution images, providing an effective so-
lution to mitigate model performance degradation in scenarios with
image size variability. This approach offers valuable insights for the
practical application of CNN in diverse environmental settings. In
addition, we assessed the constraints and limitations related to the
development of a weed species classification method during both the
training and testing phases. Our findings reveal that, in balanced data-
sets, the minimum dataset size necessary to train CNN models and attain
accuracies exceeding 90% varied from 400 to 800 labels, depending on
the particular model used. Inception-ResNet-v2 consistently out-
performed other models with accuracy values of 96% in both maize and
tomato crops, likely due to its deep architecture and greater ability to
capture intricate features and patterns within UAV images.

In complex and realistic scenarios with unbalanced datasets,
Inception-ResNet-v2 also showed the best performance. The study
revealed the critical role of the minority-to-majority species ratio on the
classification accuracy, particularly affecting less represented species,
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Fig. 9. Detection and identification of crop and weed species in maize (upper images), as well as weed species in tomato (lower image), using the integrated ar-
chitecture of Faster R-CNN with the Inception-ResNet-v2 classifier on split orthophoto images.

like Atriplex patula and Lolium rigidum weeds. Unequal label distribution
penalizes minority species, decreasing accuracy, while favoring more
abundant species, such as crops. Therefore, determining the appropriate
number of labels for CNN model training and validation is crucial for the
precise and effective implementation of SSWM techniques. Our results
suggest maintaining ratios of 1:12, 1:24, and 1:107 between the majority
and minority species for VGG16, ResNet152 and Inception-ResNet-v2
models, respectively, to ensure F1-score exceeding 80% per species.

The integration of Faster R-CNN algorithms with Inception-ResNet-
v2 shows promise for detecting and classifying various weed species in
maize and tomato crops. While these architectures present opportunities
for optimization in agriculture, it is worth recognizing their limitations.
Factors such as image resolution, plant overlap and the presence of other
structures or elements in the field can affect detection accuracy.
Generalization to different environmental conditions and crop types
requires further evaluation. Despite the challenges, the results obtained
support the potential usefulness of these architectures in agriculture and
provide valuable information for crop management. Further research is
recommended to address limitations and refine the applicability of the
technology in diverse agricultural settings.
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