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Abstract: Weeds are unwanted and invasive plants that proliferate and compete for resources such as space,
water, nutrients, and sunlight, affecting the quality and productivity of the desired crops. Weed detection is
crucial for the application of precision agriculture methods and for this purpose machine learning techniques
can be used, specifically convolutional neural networks (CNN). This study focuses on the search for CNN
architectures and technology used to detect and identify weeds in different crops; 61 articles applying CNN
architectures and technology were analyzed in the last five years (2019-2023). The results show the used of
different devices to acquire the image for training, such as digital cameras, smartphones, and drone cameras.
Additionally, the YOLO family and algorithms are the most widely adopted architectures, followed by VGG,
ResNet, Faster R-CNN, AlexNet, and MobileNet, respectively. This study provides an update on CNNs that
will serve as a starting point for researchers wishing to implement these weed detection and identification
techniques.

Keywords: precision agriculture; weed classification; machine learning; machine vision; image processing;
CNN

1. Introduction

According to the United Nations, the world population is estimated to reach 9.7 billion
inhabitants by 2050 [1]. Against this backdrop, facing the challenge of feeding this growing
population with quality and sustainable products becomes an imperative task. Increasing crop
productivity emerges as a measure to address this need. Thus, a strategy that contributes to
improving productivity is properly managing weeds, given their direct impact on crop yields.
Integrated weed management is essential to preserve agricultural productivity [2]. Plants considered
weeds are fast-growing and actively compete for vital resources such as space, water, nutrients, and
sunlight. This competition not only affects resource availability but also has a negative impact on
crop yield and quality [3]. According to [4], damage due to weeds can represent up to 42% of
agricultural production.

Currently, diverse weeding techniques are used, such as pre-and post-emergence herbicides,
whose application not only generates environmental impacts but also affects the health of the workers
who apply them [5]. Mechanical weeding applying mechanized or manually techniques, whose
effectiveness in eliminating weeds is not always the desired one, depending on their stage of
development [5]. Other weeding alternatives are still under development, or their feasibility has not
been fully demonstrated. One is physical weeding using plastic covers [5] and microbiological
weeding involving microorganisms [6]. Traditional weeding methods present environmental
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challenges or economic disadvantages, creating the need to explore innovative solutions based on
new technologies to increase treatment efficiency. For instance, precision weeding uses image sensors
and computational algorithms to apply herbicides only when weeds are identified [7].

Computational algorithms based on Deep Learning (DL) techniques [8], are used to improve the
accuracy of weed detection. DL is an advanced branch of machine learning that uses multi-layered
artificial neural networks to model and process more complex data, such as digital images. Within
the processes of pattern recognition through digital images, the application of neural networks has
evolved, creating new specific architectures for computer vision tasks such as Convolutional Neural
Networks (CNN). CNNs efficiently detect spatial patterns in digital images by using convolution
layers that apply filters to local regions of the input image [9]. These convolution layers allow the
network to automatically learn hierarchical and complex features, such as edges, textures, and
shapes, instead of relying on predefined features. The basic structure of a CNN model consists of
three layers (Figure 1), a convolutional layer, a clustering layer, and a connection layer [10].

Conwvolutional

Connection

Clustering
layer layer layer

*Feature *Dimensionality
extraction reduction

Figure 1. The basic structure of a CNN model.

*Full network activation
and connection function

e  The convolutional layer extracts feature from the image using mathematical filters; the features
can be edges, corners, or alignment patterns, which give the output a feature map that serves as
input to the next layer.

e  The grouping layer reduces the resolution by reducing the dimension of the feature map in order
to minimize the computational cost.

e  The connection layer the image obtained from the previous layer is sent to the fully connected
neural network layer, which contains the activation function used to recognize the final image.

The use of DL-based algorithms in agriculture has increased in recent years, and several works
have been found that compile the applications of this algorithm [11]. One of the most interesting
applications is weed detection using CNNs, which allow for rapid weed detection, localization, and
recognition [12, 8]. These methods, supported by large-scale datasets, have demonstrated high
robustness against biological variability and diverse imaging conditions [13], reaching the most
accurate classification or detection [14] [15], which allows automating weeding or weeding processes
accurately and efficiently [7]. However, weed detection faces several problems in practice, such as
similarities in colors, textures, shapes, occlusion effects, and variations in illumination environments.
To overcome these limitations both traditional and CNN-based machine vision offer effective
solutions [16]. Advances in the development of DL algorithms that train CNN models faced some
limitation specially when a new CNN model in particular needs to be trained, it required a large
amount of data and additional computing equipment with high processing capabilities. Therefore, to
reduce these limitations the transfer learning (TL) technique is adopted, this allows using pre-trained
models, and they are applied to the new model with some modifications to solve the specific problem
[17, 13]. TL aims to transfer the knowledge from the source domain to the target application by
improving its learning performance [18]. One of the examples of using TL with CNN is AlexNet,
which was trained on the ImageNet dataset [19]. In agriculture, the TL approach has been
implemented in weed detection and classification helping to minimize the need for large-scale image
data collection, and reduce the computational costs related to in the training hours of in a new CNN
model [20, 21, 22]. In addition to the use of e TL in agriculture, some generative adversarial network
(GAN) techniques have been applied to generate artificial images to augment the training set with
TL [23]. The evolution of CNNs has been marked by significant advances in terms of architectures,
training techniques, efficiency, and applications, starting from the need to implement fast solutions
in image analysis; some of the most used CNN architectures in weed detection are mentioned below:
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e AlexNet: Developed by [19] in 2012, won the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) competition, demonstrating the impact of CNNs in computer vision.

e  GoogLeNet (Inception): Developed in 2014 by the Google Research team, introduced the concept
of Inception modules with multiple filter sizes in parallel [24].

e  VGG: Developed in 2014 by the Visual Graphics Group (VGG) at Oxford University, it is known
for its simplicity and depth [25]. Its structure of pure convolutional layers and deep subsampling
influenced the design of later architectures, which had different improved versions.

e  ResNet: Developed by [26] in 2015, this architecture was highlighted using residual blocks,
which allow the training of very deep networks by facilitating the information flow and
mitigating the gradient vanishing problem.

e  Fast R-CNN: In 2015 it was presented a significant improvement over its predecessor, the R-
CNN (Region-Based Convolutional Neural Network) model. It was developed by the Microsoft
Research group to address the speed and computational efficiency limitations associated with
R-CNN, providing a faster and more practical solution for object detection in images [27].

e  DenseNet: Proposed In 2017 by [28], it is notable for its densely connected structure, where each
layer is directly connected to all subsequent layers. This dense connectivity can potentially
improve information flow and mitigate the problem of gradient fading. It has influenced the
design of subsequent architectures and continues to be a popular choice in research and practical
implementation in computer vision tasks.

e  MobileNet: Proposed in 2017 by [29], it is specially designed for implementations on mobile
devices and uses lightweight and efficient operations to balance performance and resource
consumption.

e YOLO (You Only Look Once): Developed in 2016 by [30], it is a fast and efficient object detection
architecture as it approaches this task as a regression problem; instead of a separate classification
for each region, this feature allows several versions from YOLOv1 to YOLOVS in 2023. Starting
with the fifth version released in 2020, known as YOLOv5, was built on PyTorch [31],
maintaining the original YOLO approach of dividing the image into a grid and predicting
bounding boxes with class probabilities for each cell. The overall architecture includes
convolutional layers, attention layers, and other modern techniques; it is important to mention
that this version was developed by the Ultralytics team, not by the original authors. In 2022, the
YOLOvV6 and YOLOvV? versions were developed, presenting improvements in their architecture
and training scheme, and improving object detection accuracy without increasing the cost of
inference, a concept known as "trainable feature bags" [32]. Finally, in 2023, YOLOVS is
presented; its improvements include new features, better performance, flexibility, and efficiency.
Additionally, it includes improvements for detection, segmentation, pose estimation, tracking,
and classification [33].

This study aims to review the latest research on the detection or identification of weed using
CNN techniques, with the aim of providing a starting point for researchers interested in
implementing this technique. Therefore, this review will be focus on analysing the existing type of
architecture and the technology in weed detection.

2. Methods

In this study, a systematic review was carried out to identify and analyze scientific literature
published on weed detection using CNN. The guidelines of the PRISMA statement [34] were
followed in this review.

2.1. Research Question and Review Objectives

1. Research question: What are the Deep Learning techniques based on Convolutional Neural Networks
used for weed detection in agriculture?

2. Main Objective: To identify the Deep Learning techniques that are employed in Convolutional Neural
Networks for weed detection.

3. Specific Objectives:

e To investigate the architectures of Convolutional Neural Networks employed in weed detection.


https://doi.org/10.20944/preprints202401.1148.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 January 2024 d0i:10.20944/preprints202401.1148.v1

e To identify the technology used for weed identification in different forms of production.

2.2. Sources of Information

The scientific resources platform of the Spanish Foundation for Science and Technology
(FECYT), which has access to the following databases: Web of Science and Scopus, was used for the
systematic search.

2.3. Search for Keywords

A primarily search was carried out to establish the relevant words for the systematic search; for
this, the Scopus database was used with the words "weeds detection deep learning," establishing the
"search within all fields," (ALL (weeds AND detection AND deep AND learning), in this search 6096
results were obtained. With the filtering options in "Filter by keyword," we found the five most used
keywords with their number of matches are: "Deep Learning" (1800), "Machine Learning" (988),
"Remote Sensing" (704), "Crops" (647), and "Convolutional Neural Networks" (638). The initial search
covered the topics of importance for this systematic review and took "Weed detection," "Deep
Learning," and "Convolutional Neural Networks" as keywords for the search.

2.4. Inclusion and Exclusion Criteria

The following inclusion and exclusion criteria were used and implemented through the filters
of each database:

1. The search field is selected where the search is directed through titles, abstracts, and keywords,

among others; this is specific to each database:

e In Scopus, "search within Article title, Abstract, Keywords" was established.

e In Web of Science, the search was established in "Topic"; this includes title, abstract, author keywords
and keywords plus.

2. The date range of the search is the last five years, from 2019 to 2023.

3. Document type: "Document type: Article".

4. Excluded are reviews, book chapters, narrative articles, conference or congress articles, unofficial
notes or communications, and studies from other areas such as social, human, biological, chemical,
legislative, social and economic impact.

5. Language: "English Language".

2.5. Search Equations in Bibliographic Databases

The search equation is established by restrictively connecting all the results containing the
keywords "weeds detection"” AND "Deep learning” AND "Convolutional Neural Networks." With
this, the search equation is established according to each platform:

e  Scopus: TITLE-ABS-KEY ("weed detection" AND "deep learning" AND "Convolutional Neural

Networks ")

e  WOS: TS = ("weed detection " AND "deep learning" AND "Convolutional Neural Networks ")

2.6. Initial Search Results
1. Initial records: Scopus 104 and WOS 40. Initial results obtained 144.

2. Records eliminated by exclusion criteria: 65 results eliminated and 79 results remained, 61 from
Scopus and 18 from WOS.

2.7. Duplicates and Screening
The free access tool Zotero 6.0.30 was used to eliminate duplicate results, and 14 duplicate results

were eliminated, obtaining a total of 65 results.

2.8. Additional Records


https://doi.org/10.20944/preprints202401.1148.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 January 2024 d0i:10.20944/preprints202401.1148.v1

16 articles obtained from reading book chapters and reviews were added to the results, obtaining
81 results.

2.9. Records Excluded

A total of 20 records were excluded because they do not meet the objective of this review or
cannot be accessed through the scientific resources platform of the Spanish Foundation for Science
and Technology (FECYT).

Finally, 61 articles that meet the established criteria were gathered and analyzed Figure 2
illustrates the process in a flow chart using the PRISMA methodology.
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Figure 2. Flow chart illustrating the number of articles included in the systematic review according
to the PRISMA process.

3. Results

3.1. Literature Analysis

A detailed analysis of the 61 bibliographic articles was conducted. The analysis indicated that in
the last two years, there has been a massive growth in the number of articles published on weed
detection, Figure 3. The increasing amount of research in this area is mainly due to the development
of new and more efficient CNN architectures, the increase in the processing capacity of computers,
as well as the reduction in the price of cameras and graphics processing units (GPU).


https://doi.org/10.20944/preprints202401.1148.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 January 2024 d0i:10.20944/preprints202401.1148.v1

25
22
20 19
o
.S
g
= 15
3
a.
° 9
-
g
5
Z
5 3
. 1R

2019 2020 2021 2022 2023
Year of publication

Figure 3. Number of publications for years.

3.2. Technology for image acquisition

In the review of the selected articles, it was found that the authors used different types of
technology for the acquisition of the images used in the training and validation of the CNNSs, such as
digital cameras, professional Reflex type, industrial high-speed and low-cost cameras such as those
using Raspberry cards. UAVs with various types of cameras, both RGB and multispectral.
Smartphones with high-resolution cameras were also used. In addition, it was found that some
researchers did not acquire images and used free databases or previous works. Figure 4 shows the
number of publications according to the technology used, where 49.2% used digital cameras, 29.5%
used UAV as a mean of acquisition, 11.5% used smartphones, and 9.8% used already built datasets.

Image Database

[e)]

Smartphones

~N

AUV Cameras 18

30

Digital Camera
Number of publication

Figure 4. Number of publications for technology.

3.3. CNN architecture used

Table 1 summarizes relevant information extracted from the selected reviewed studies on CNN
architectures such as author, publication year, CNN architecture used, technology and the species.

Table 1. Summary of articles describing CNN architecture, technology, and species.
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No. Year Reference CNN architecture Technology Species
Black grass (Alopecurus
myosuroides), Charlock (Sinapis
arvensis), Cleavers (Galium
aparine), Chickweed (Stellaria
Camera Canon 600D uses media), Common wheat (Triticum
a dataset group from aestivum), Fat hen (Chenopodium
Aarhus Uni ity i Ibum), L ilky-bent (A
1 2019 (35] Specifically designed CNN arhus University i album), Loose silky-bent (Apera
collaboration with spica-venti) and Maize (Zea
Southern Denmark mays), Scentless mayweed
University. (Tripleurospermum perforatum),
Shepherd's purse (Capsella
bursapastoris), Small-flowered
Cranesbill (Geranium pusillum),
Sugar beet (Beta vulgaris)
20 MP JAI camera with a
5 2019 [36] Design-specific CNN with  spatial resolution of 5120 Mache lettuce (Valerianella
SVM x 3840 pixels, mounted locusta f.)
with a 35 mm lens.
Perennial ryegrass, dandelion
AlexNet, GoogLeNet and Sony Cyber-Shot camera (Tara*acum officinale Web.),
3 2019 [37] VGGNet and a Canon EOS Rebel ground ivy (Glechoma hederacea
e
T6 digital camera L.), and spotted spurge
(Euphorbia maculata L.)
SegNet, UNet, VGG16 and Nikon D610 Quad .
4 2020 [38] Canola (Brassica napus)
ResNet-50. Camera
CRowNet is based on
Parrot RedEdge -M Beet (Beta vulgari dC Z
5 2020 139] SegNet and the Hough arrot Rechdee eet (Beta vulgaris) and Corn (Zea
multispectral camera mays)
transform
YOLOV3 and YOLOV3- . Sugar beet (Beta vulgaris subsp)
6 2020 [40] . Camera Nikon D7200 .
Tiny and C. sepium
Sugar Beet, Black grass, Charlock,
Cl , C Chickweed,
ResNet50, VGG16, VGG19, Camera Canon 600D uses cavers, Lommon Lhickwee
i Common Wheat, Fat Hen, Loosy
7 2020 [41] Xception and the dataset group of the ) :
. . . Silky-bent, Maize, Scentless
MobileNetV2. Aarhus University .
Mayweed, Shepherd's purse and
Small-flowered cranesbill
Zea mays (corn), Phaseolus
Unspecified digital vulgaris (green bean), Brassica
8 2020 [42] Mask R-CNN cameras and nigra, Matricaria chamomilla,
smartphones Lolium perenne, and
Chenopodium album
YOLOV3, Mask R-CNN
’ ' Mavic Pro with th
and CNN with SVM-HOG avie Tro Wit e ,
9 2020 [43] i . Parrot Sequoia Lettuce (Lactuca sativa)
(histograms of oriented .
] multispectral camera
gradients)
YOLO-WEED, based
10 2020 [44] ased.on DJI Phantom 3 Pro Green Onion (Allium fistulosum)
YOLOv3
soybean leaves (Glycine max),
. . . water hemp (Amaranthus
Faster R-CNN and Single ~ DJI Matrice 600 pro with
11 2020 [45] tuberculatus), Palmer amaranthus

Shot Detector (SSD)

Zenmuse X5R camera

(Amaranthus palmeri), common
lamb's quarters (Chenopodium
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No. Year Reference CNN architecture Technology Species
album), velvetleaf (Abutilon
theophrasti) and foxtail species.
CNN-LVQ- ific desi
Q spec.l ¢ cesign DJI Phantom 3 Soybean (Glycine max), grass, and
12 2021 [46] based on Learning Vector .
L Professional broadleaf weeds
Quantization (LVQ)
Digital cameras with
Hair F , Sheep Sorrel, and
YOLOV3, YOLOV3-Tiny resolutions between 4,000 aur Fescue eeP .orre an
13 2021 [47] . Blueberry (Vaccinium sect.
and YOLOv3-Tiny-PRN x 3,000 and 6,000 x 4,000
. o Cyanococcus)
pixels, not specified
Cotton (Gossypium hirsutum),
Bellflower (Ipomoea spp .),
14 2021 (48] Faster R-CNN and Unspecified top digital Palmer Amaranth (Amaranthus
ResNet50 camera palmeri), prostrate spurge
(Euphorbia maculata) and
Soybean (Glycine max).
Detectron2, EfficientDet
’ § C Nikon 7000 Phalaris Parad d
15 2021 [49] YOLOVS, and Faster R- ameta eon atamls tatacoxaan
professional Convolvulus
CNN.
DJI Spark with an
Faster R-CNN, ResNet-101, . onbo?rd camera Peas. (Pisum sa.tivum),
16 2021 [50] VGG16 and Yolov3 with1/2.3" CMOS sensor,  strawberries (Fragaria ananassa),
and Yolov.
12-megapixel and FOV  and prickly grass (Eleusine indica)
81.9° 25 mm £/2.6 lens
VGG- Beet based on .
17 2021 [51] DJI Phantom 4 Sugar beet (Beta vulgaris subsp)
VGG16
YOLOV5 and Classic K-
18 2021 [52] Nearest Neighbors, Uses Non-specific Ambrosia, Amaranthus,
Random Forest, and Dataset Bindweed, Bromus and Quinoa
Decision Algorithms tree
Cameras NikonTM
Faster R-CNN and Mask Nutsed d and
19 2021 53] aster and Mas D3300 and Canon EOS Hsecse weed an
R-CNN Bermudagrass Turf
Rebel T7
Wheat (Triticum aestivum L.),
RealSense D415 Depth Alopecurus aequalis, Poa annua,
20 2021 [54] Faster R-CNN and VGG16  Camera (99mm x 20mm x Bromus japonicus, E. crusgalli,
23mm) Amaranthus retroflexus, and C.
bursa-pastoris
VGG16, ResNet-50 and Camera SONY Cybershot o
21 2022 [55] . Rumex obtusifolius
Inception-V3 DSC-60
” 2022 [56] AlexNet vs VGG-16 Unspecified drone Soybean (Glycine max), broadleaf
camera weeds and grasses.
DahengMER-132-43U3C-
1 ,1/3” CCD t
23 2022 [57] YOLOvV4, YOLO- sesame. camera . / }fpe Sesame (Sesamum indicum)
sensor, with a resolution
of 1292 x 964
Horseweed, Palmer Amaranth,
C EOS T7 digital Redroot Pi d, R d,
24 2022 (58] VGG16 and ResNet16 anon S earoot Higweed, magwee
cameras Waterhemp, Canola, Kochia and
Sugar beets
. Canon T6 DSLR 7 Blueberries (Vaccinium
25 2022 [59] YOLOV3-Tiny

camera, LG G6

corymbosum)
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No. Year Reference CNN architecture Technology Species
smartphone, and
Logitech ¢920 camera
Wheat (Triti 3
Nikon D7200 Digital " e (1 3 feum) |
1 n
26 2022 [60] YOLOV5 Single Lens Reflex onocotylodone wee
(Convolvulus), and
(DSLR) Camera . .
Dicotyledonous weed (Phalaris)
Faster R-CNN, SSD, .
. phone with a 12-
27 2022 [61] YOLOV3, YOLOv3-tiny meeapixel resolution Corn (Zea mays)
i uti
and YOLOv4-tiny 8ap
Huawei Y7 prime digital . .
28 2022 [62] Faster R-CNN and ResNet Pea (Pisum sativum)
camera phone
FotoClip 2164 digital
29 2022 [63] UNet based on ResNet50 camera 480 x 640-pixel Beta vulgaris subsp and weed
resolution
DJI Phantom 3 .
. . soybean (Glycine max), grass, and
30 2022 [64] MobileNetV2, ResNet50 Professional - Uses
broadleaf weeds
dataset
31 2022 [65] YOLO-v3 and faster R- Nikon P250 semi- Soybean (Glycine max), cotton
CNN professional camera (Gossypium), and Viola Rope
Faster R-CNN, ResNet-101, Chinee Apple, Lantana, Prickly
3 2022 [66] YOLOV4, SSD-Inception- Uses Datasets Acacia, Parthenium, Parkinsonia,
v2, MobileNet, ResNet-50, DeepWeeds Rubber vine, Siam Weed, Snake
EfficientDet and CenterNet Weed
SSD- MobileNet, SSD-
. obrieive Chinee Apple, Lantana, Negative,
InceptionV2, Faster R- . . .
Uses Datasets Prickly Acacia, Parthenium,
33 2022 [67] CNN, CenterNet, . . . .
o ] DeepWeeds Parkinsonia, Rubber vine, Siam
EfficientDet, RetinaNet
Weed and Snake Weed
and YOLOv4
Cotton (Gossypium), Soybean
leaves (Glycine max), bluebells
(Ipomoea spp .) composed of tall
bluebells (Ipomoea purpurea) and
FUJIFILM GFX100 100- ivy-leaf bluebells (Ipomoea
34 2022 [68] YOLOV4 and Faster R- megapixel camera witha hederacea), Texas millet (Urochloa
CNN. multi-copter drone Hylio ~ texana), johnsongrass (Sorghum
AG-110 halepense), Palmer amaranth
(Amaranthus palmeri), the
prostrate spurge (Euphorbia
humistrata) and brown panic
(Panicum fasiculatum).
FUJIFILM GFX100 100-
35 2022 [69] Mask R-CNN and GAN mega.lpixel camera with.a Cotton (Gossypium) and grass
multi-copter drone Hylio weeds
AG-110
Xi i Mi 11 bil
Alexnet, GoogLeNet, 1a(?m1 1 xmobre .
36 2022 [70] . . device camera, 48 MP, Peppers (Capsicum annuum)
InceptionV3, Xception .
£/1.8, 26 mm (wide angle)
VGGNet (16 and 19),
37 2022 71] GoogLeNet (Inception V3 Unspecified tractor- Bean (Phaseolus vulgaris) and
and V4) and MobileNet mounted digital cameras Beet (Beta vulgaris)
(V1 and V2)
VGG, R t, D Net, DJI Phantom 3 L
38 2022 [72] eshe er.lse ¢ J aIT om Rumex obtusifolius
ShuffleNet, MobileNet, Professional
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No. Year Reference CNN architecture Technology Species
EfficientNet and
MNASNet
39 2022 73] AlexNet, GoogLeNet, Panasonic DMC-Z5110 Alfalfa (Medicago sativa),
VGGNet and ResNet Digital Camera broadleaf weeds and grasses
DJI Phantom 4 equipped ~ Saccharum officinarum, Spinacia
40 2023 [74] Faster R-CNN with a 12-megapixel RGB oleracea, Capsicum annuum,
camera Musa paradisiaca and Weeds
UAV digital camera 1”
4 2023 73] YOLOV5, RetinaNet, and CMOS Senso.r, .Effecti.ve Consolidates regalia
Faster R-CNN Pixels: 20 million, Still
Image Size 5472 x 3648
Hybrid CNN, AlexNet, . . . Beetroot, Rice, Siam weed,
Raspberry Pi-3 with a Pi . . )
42 2023 [76] GoogLeNET, VGG-Net, camera of version 2.1 Parkinsonia, and Chinese
ResNet, and GAN snakeweed Manzana
43 2023 (771 VGGNet, VGG16, VGG19 Uses Datasets agri_data Falsethistle grass, Walnut (Carya
and SVM available on Kaggle illinoinensis)
m 2023 78] WeedFocusNet based on Uses Non-specific Soybean (Glycine max), broadleaf
ResNet152v2 Dataset weed
Cotton thistle, purslane,
SONY IMX386 camera solanumnigrum, sclerochloa dura,
45 2023 [79] Faster R-CNN and VGG16 and an Honor Play Sonchus oleraceus, salsola hill
mobile phone pall, chenopodium album, and
convolvulus
YOLOv7, YOLOV7-m,
YOLOvV7-x, YOLOvV7-w6, .
UAYV camera not Sugar beet (Beta vulgaris subsp)
46 2023 [80] YOLOvV7-d6s, YOLOVS, . .
specified and weeds (Mercuralis annual)
YOLOvV4 and Faster R-
CNN
Monochrome Camera
47 2023 [81] Inception-V3, VGG-16 and (PointGrey GS3-U3- Rumex obtusifolius
ResNet-50
2356M-C) Uses database.
YOLOV3, YOLOV3-tiny, Camera ].AI AD-130(.3E Carrots (Daucus f:arota), Sugar
48 2023 [82] . camera with a resolution beet (Beta vulgaris subsp), and
YOLOvV4 and YOLOv4-tiny . . . .
of 1296 x 966 pixels rice seedlings (Oryza sativa)
Crabgrass, Dollargrass,
Goosegrass, Old World
49 2023 [83] DenseNet, EfficientNetand =~ SONY DSC-HX1 digital Diamondflower, Purple
ResNet camera Nutsedge, Tropical signalgrass,
Virginia Buttongrass, and
Bermuda Grass
. . . Soybean (Glycine max), grass,
50 2023 [84] 2D-CNN of specific design AUV not specified
broadleaf weed
Sugar cane (Saccharum
officinarum), male goat
(Ageratum conyzoides L.), purple
One Plus Nord AC2001 nutsedge (Cyperus rotundus L.),
Alexnet, DarkNet53, Phone, High Image scarlet pimpernel (Anagallis
51 2023 [85] GoogLeNet, InceptionV3, Quality 3:4 Camera arvensis L.), Lepidium didymum
ResNet50 and Xception Frame in 48 MP Sony (Coronopus didymus L.), field
IMX586 with OIS+8 MP  creeper (Convolvulus arvensis L.),

ragweed parthenium (Parthenium
hysterophorus L.), prickly thistle
(Sonchus asper L.), cornspur
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No. Year Reference CNN architecture Technology Species
(Spergula arvensis L.) and Asian
escalistem (Elytraria acaulis L.).
Yolov8l, RetinaNet, and Cano'n PoweljShot SX540 Sc?lanum lycopersicum, Solanum
52 2023 [86] GAN HS integrating a 20.3- nigrum L.; Portulaca oleracea L.
megapixel CMOS and Setaria Verticillata L.
X10d 2 ipped
AlexNet and CNN-RF ) rone equlpPe ) :
53 2023 [87] i with a 20-megapixel Chinese cabbage (Brassica rapa)
specifies )
resolution camera.
ResNet-18, YOLOv3,
54 2023 [88] CenterNet, and Faster R- phone 48 M.P. resolution Eggplant (Solanum melongena)
CNN
DenseHHO is based on
Harris Hawk (HHO), . Wheat (Triticum aestivum L.),
Unspecified drone .
55 2023 [89] DenseNet-121, and Rumex crispus and Rumex
camera
DenseNet-201 optimization obtusifolius
algorithms.
Uses Datasets " crop and
AlexNet and AlexNet - weed detection data with o
56 2023 [90] . . Sesame (Sesamum indicum)
SVM bounding boxes,
available on Kaggle
Logitech H.D. 920c
fessional web
YOLOv3, YOLOv3-tiny, prlo essiona V\.,e cam Creeping thistle, bindweed, and
57 2023 [91] YOLOv4 and YOLOvA-ti with a resolution of 1 Californi
v4 an v4-tin alifornia poppy.
Y M.P. and dimensions of POPPY
1280 x 720
CoFly-WeedDB is based on
Cotton (G ium), John
SegNet, VGG16, ResNet50, otton (Gossypium), Johnson
grass (Sorghum) halepense),
58 2023 [92] DenseNet121, DJI Phantom Pro 4 . .
. bindweed (Convolvulus arvensis)
EfficientNetB0 and d ) Portul )
MobileNetV2 and purslane (Portulaca oleracea)
Xception, VGG (16, 19),
ResNet (50, 101, 152, 101v2,
152v2), InceptionV3,
I tionResNetV2, DJI Phantom 3
59 2023 [93] n.cep ronses ) ¢ J an. om Soybean leaves (Glycine max)
MobileNet, MobileNetV2, Professional
DenseNet (121, 169, 201),
NASNetMobile,
NASNetLarge
Soybean leaves (Glycine max),
Digitaria sanguinalis L, Scop and
. . Setaria viridis L, Beauv and
MobileNetV3 and Huawei mate30 cell
60 2023 [94] broadleaf weeds such as
ShuffleNet phone .
Chenopodium glaucum L,
Acalypha australis L, and
Amaranthus retroflexus L.
Digital SONY
YOLOV3, Faster R-CNN, DIS%; .;)c(z;m::ra Ho of Florida pusley (Richardia scabra
- ataratioo
61 2023 [95] AlexNet, GoogLeNet and . . L.) and bahia grass (Paspalum
16:9 with a resolution of
VGGNet natatum Flugge)

1920 x 1080 pixels
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Figure 5 illustrates the frequency of use of the different CNNs for segmentation, detection, and
classification of weeds. The YOLO family of algorithms with its multiple versions is the most applied
technology, followed by the VGG, ResNet, and Faster R-CNN architectures and the previous one
with various versions. Alexnet and MobileNet are also commonly used.
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Figure 5. The frequency of use of the different CNN architectures found in this study.

4. Discussion

The selected papers analysed in this review show the use of a range of technologies to capture
images from multispectral cameras on UAVs, to low-cost system development, to smartphones
available to everyone. Several articles integrated different technologies, as, for example, in [60], who
used a Nikon 7000 camera to build the image dataset for training using YOLOv5. Additionally, they
built a spraying system using Raspberry cameras to distinguish dicotyledonous from
monocotyledonous weeds. In [68] study, they used an AUV, a multi-copter drone (Hylio Inc.,
Houston, TX, United States) equipped with a Fujifilm GFX100 (100 MP) camera, used YOLOv4 and
Faster R-CNN architectures. In [37], they used two cameras Sony Cyber-Shot and Canon EOS Rebel
T6 for image acquisition, used AlexNet, GoogLeNet, and VGGNet architectures to detect Perennial
ryegrass, dandelion (Taraxacum officinale), ground ivy (Glechoma hederacea L.) and spotted spurge
(Euphorbia maculata L.).

As the digital camera is the most used technology in this study, it can be concluded that it is
preferred for its higher image quality and speed compared to that of a smartphone or an AUV camera,
as for example[59] evaluated three digital cameras, a Canon T6 DSLR 7 camera, an LG G6
smartphone, and a Logitech c920 camera, the detection results were higher for the Canon T6 camera.
In contrast, the Logitech ¢920 camera was not suitable for weed detection, demonstrating that SLR-
type cameras are preferred for the development of mobile platforms, field carts, or robots due to their
image quality and different adjustment options. In the work of [65], a semi-professional Nikon P250
camera was used to develop a prototype autonomous sprayer; similarly, in [36], a field robot was
designed to detect weeds in high-density crops using a 20-Mpixel JAI camera, which is a high-speed
industrial camera.

In this review the use of AUV cameras is largely based on the integrated cameras manufactured
by DJI, in the Phanton 3 and 4, Matrice 600, Spark and Mavic versions. Therefore, they are limited to
the performance and sensor configuration used by the brand. [72] used UAV Phantom 3 Professional
imaging at three flight altitudes (10 m, 15 m, and 30 m), the VGG, ResNet, and DenseNet
architectures, along with smaller ShuffleNet, MobileNet, EfficientNet, and MNASNet models were
used to detect Rumex obtusifolius. In [51], they used a Mavic pro AUV integrated with a Parrot
Sequoia camera, modified the CNN VGG-16 to detect weeds in sugar beet (Beta vulgaris subsp.), and
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used a Mavic pro AUV integrated with a Parrot Sequoia camera, modified the CNN VGG-16 to detect
weeds in Sugar beet (Beta vulgaris subsp.).

The use of smartphones as imaging technology has increased in recent years, as can be seen in
the work of [62], who used a Huawei Y7 Prime smartphone to take images in pea (Pisum sativum) to
work with the Faster RCNN ResNet 50 model. Similarly, [70], a Xiaomi Mi 11 smartphone on bell
pepper (Capsicum annum L.) to apply Alexnet, GoogLeNet, InceptionV3, and Xception. Researchers
in [67] took advantage of existing databases and image repositories and used the DeepWeeds dataset
to train SSD- MobileNet, SSD-InceptionV2, Faster R-CNN, CenterNet, EfficientDet, RetinaNet, and
YOLOv4 models. [77] used the agri_data dataset available on Kaggle, on Falsethistle grass and
walnut (Carya illinoinensis), to train VGGNet, VGG16, VGG19, and SVM models. In summary, Table
2 presents an analysis of the articles and groups them according to the technology used for the
acquisition of the images and the most frequently used CNN architectures.

Table 2. Summary of CNN architecture and technology used for weed detection over the last five

do0i:10.20944/preprints202401.1148.v1

years.
Technology CNN architectures References
YOLO [40, 47, 49, 57, 59, 60, 65, 68, 82, 86, 91, 95]
VGG [37, 38,41, 54, 55, 58, 71, 73, 76, 79, 81, 95]
ResNet [38, 41, 48, 55, 58, 63, 73, 76, 81, 83]
Cameras
Faster R-CNN [48, 49, 53, 54, 65, 68, 79, 95]
Alexnet [37,73,76,95]
MobileNet [41, 71]
YOLO [43, 44, 50, 75, 80]
VGG [50, 51, 56, 72, 92, 93]
ResNet [50, 64, 72,92, 93]
Cameras AUV Faster R-CNN [45, 50, 74, 75, 80]
Alexnet [56, 87]
MobileNet [64, 72,92, 93]
YOLO [61, 88]
VGG -
Smartphone ResNet [62, 85, 88]
Faster R-CNN [61, 62, 88]
Alexnet [70, 85]
MobileNet [94]
YOLO [52, 66, 67]
VGG [77]
ResNet [66, 78]
Database Faster R-CNN 66, 67]
Alexnet [90]
MobileNet [66, 67]

5. Conclusions

In this systematic review, following the guidelines of the PRISMA statement, 61 scientific articles
on the detection of weeds using CNN were analysed, using the scientific resources platform of the
Spanish Foundation for Science and Technology (FECYT), which has access to the following
databases: Web of Science and Scopus. The review covers the last five years (2019-2023).

The CNN architectures were identified as the most applied for weed segmentation, detection,
and classification followed by the YOLO family of algorithms with its different versions. The tVGG
architecture and its versions are the third most used, followed by the ResNet, Faster R-CNNN. The
Alexnet and MobileNet were the least used architectures.
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The technology used to acquire the images used to train and validate the CNNs was identified.
Fixed digital cameras, reflex type, or low-cost cameras which allow a wide configuration and higher
image quality, are the main technology applied. Cameras integrated in UAVs are also used, despite
their speed limitation and lower configurations compared to an SLR camera, which can be RGB or
multispectral. Smartphones with high resolutions camera have also been used, with the drawbacks
of low processing speed.

In this review, it was noted that some authors used free databases or databases from previous
studies to avoid image acquisition and the difficulties associated with it.

As future work, it is expected that the review will be extended to focus on the search for the most
appropriate CNN architectures for weed detection and classification. Finally, it is hoped that this
review article will help researchers to create new technological developments that will improve weed

detection.
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