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6. Crop Disease Source Location and Monitoring System Based on Diffractive Light
Identification Airborne Spore Sensor Network

SCHRYE:  1EEE,2022-07-01

fi#: Traditional methods based on the Internet of Things (1oT) or lIoT methods based on
microscopic imaging are difficult to automatically realize early warning of crop diseases. In
this article, a diffraction imaging loT system based on spore detection is proposed to indirectly
monitor crop diseases instead of directly taking crop disease images. Multiple NB-lIoT nodes
are deployed to build an loT system to realize the judgment of spore diffraction image
transmission, which is based on the detection of environmental temperature and humidity. The
method of digital image processing is applied to filter out impurities and count microparticles
with the accuracy of 85%. By obtaining the number of spores in different positions, the
microparticles diffusion model is established to study the law of microparticles transmission in

specific space. According to the diffusion model, the weighted centroid and particle filter
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algorithm are applied to locate the particle source in windless and windy conditions. Thirteen
nodes are arranged in a 2 m x 2 m laboratory to carry out the experiment. The maximum error
in windless and windy conditions is 0.18 and 0.35 m. Compared with the traditional
microscopic imaging-based loT method, the detection limit of the proposed diffraction imaging
method is 1/50. It provides inspiration for the 10T in the early detection and disease location of
crop diseases.
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8. MTS-CNN: Multi-task semantic segmentation-convolutional neural network for
detecting crops and weeds

SCHRJE: ScienceDirect,2022-06-19

i %L: Research is being extensively conducted on using deep learning in the field of crop and
weed segmentation based on images captured with a camera. However, the segmentation
performance for various crops and weeds varies significantly, implying that certain classes of
crops or weeds are not being detected properly. This problem may also occur in the loss
calculations used in crop and weed segmentation. In previous studies, the cross-entropy loss
(corresponding to a distribution loss) and dice loss (using spatial information) have been widely

used. However, such losses lead to large discrepancies in crop and weed segmentation
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performance, as the correlations between crop and weed classes are not considered. In order to
solve these problems, this study proposes multi-task semantic segmentation-convolutional
neural network for detecting crops and weeds (MTS-CNN) using one-stage training. This
approach adds the crop, weed, and both (crop and weed) losses to heighten the correlations
between the crop and weed classes, and designs the model so that the object (crop and weed)
region is trained intensively. In experiments conducted using three types of open databases -
the BoniRob dataset, a crop/weed field image dataset (CWFID), and rice seedling and weed
dataset -the mean intersection of union (MIOU) values of the segmentation for the crops and
weeds inthe MTS-CNN are 0.9164, 0.8372, and 0.8260, respectively. Thus, the results indicate
higher accuracy from the proposed approach than from the state-of-the-art methods.
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9. Crop Yield Maximization Using an loT-Based Smart Decision

CHRJE: JOURNAL OF SENSORS ,2022-05-17

% . Today, farmers are suffering from the low yield of crops. Though right crop selection
is the main boosting key to maximize crop yield by doing soil analysis and considering
metrological factors, the lack of knowledge about soil fertility and crop selection is the main
reason for low crop production. In the changed current climate, the farmers having primitive
knowledge about conventional farming are facing challenges about making sagacious
decisions on crop selection. The selection of the same crop in every seasonal cycle makes the
low soil fertility. This study is aimed at making an efficient and accurate system using 10T
devices and machine learning (ML) algorithms that can correctly select a crop for maximal
yield. Such a system is reliable as compared to the old laboratory testing manual systems,
which bear the chances of human errors. Correct selection of a crop is predominantly a priority
in agricultural arena. As a contribution, we propose an ML-based model, Smart Crop Selection
(SCS), which is based on data of metrological and soil factors. These factors include nitrogen,
phosphorus, potassium, CO2, pH, EC, temperature, humidity of soil, and rainfall. Existing 10T-
based systems are not efficient as compared to our proposed model due to limited consideration
of these factors. In the proposed model, real-time sensory data is sent to Firebase cloud for
analysis. Its results are also visualized on the Android app. SCS ensembles the following five
ML algorithms to increase performance and accuracy: Decision tree, SVM, KNN, Random

Forest, and Gaussian Naive Bayes. For rainfall prediction, a dataset containing historical data
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of the last fifteen years is acquired from Bahawalpur Agricultural Department. This dataset and
an ML algorithm, Multiple Linear Regression leverages prediction of the rainfall in future, a
much-desired information for the health of any crop. The Root Mean Square Error of the rain
fall prediction model is 0.3%, which is quite promising. The SCS model is trained for 11 crops'
prediction, while its accuracy is 97% to 98%.
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11. Internet of Things (10T) and Agricultural Unmanned Aerial Vehicles (UAVS) in
smart farming: A comprehensive review

SCHRJE: ScienceDirect,2022-05-07

## % . Internet of Things (loT) and Unmanned Aerial Vehicles (UAVs) are two hot
technologies utilized in cultivation fields, which transform traditional farming practices into a
new era of precision agriculture. In this paper, we perform a survey of the last research on loT
and UAV technology applied in agriculture. We describe the main principles of 10T technology,
including intelligent sensors, 10T sensor types, networks and protocols used in agriculture, as
well as 10T applications and solutions in smart farming. Moreover, we present the role of UAV

technology in smart agriculture, by analyzing the applications of UAVSs in various scenarios,
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including irrigation, fertilization, use of pesticides, weed management, plant growth
monitoring, crop disease management, and field-level phenotyping. Furthermore, the
utilization of UAV systems in complex agricultural environments is also analyzed. Our
conclusion is that 1oT and UAV are two of the most important technologies that transform
traditional cultivation practices into a new perspective of intelligence in precision agriculture.
W
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12. CCTNet: Coupled CNN and Transformer Network for Crop Segmentation of
Remote Sensing Images

WHkJE: REMOTE SENSING,2022-04-19

% : Semantic segmentation by using remote sensing images is an efficient method for
agricultural crop classification. Recent solutions in crop segmentation are mainly deep-
learning-based methods, including two mainstream architectures: Convolutional Neural
Networks (CNNs) and Transformer. However, these two architectures are not sufficiently good
for the crop segmentation task due to the following three reasons. First, the ultra-high-
resolution images need to be cut into small patches before processing, which leads to the
incomplete structure of different categories' edges. Second, because of the deficiency of global
information, categories inside the crop field may be wrongly classified. Third, to restore
complete images, the patches need to be spliced together, causing the edge artifacts and small
misclassified objects and holes. Therefore, we proposed a novel architecture named the
Coupled CNN and Transformer Network (CCTNet), which combines the local details (e.g.,
edge and texture) by the CNN and global context by Transformer to cope with the
aforementioned problems. In particular, two modules, namely the Light Adaptive Fusion
Module (LAFM) and the Coupled Attention Fusion Module (CAFM), are also designed to
efficiently fuse these advantages. Meanwhile, three effective methods named Overlapping
Sliding Window (OSW), Testing Time Augmentation (TTA), and Post-Processing (PP) are
proposed to remove small objects and holes embedded in the inference stage and restore
complete images. The experimental results evaluated on the Barley Remote Sensing Dataset
present that the CCTNet outperformed the single CNN or Transformer methods, achieving
72.97% mean Intersection over Union (mloU) scores. As a consequence, it is believed that the
proposed CCTNet can be a competitive method for crop segmentation by remote sensing

images.
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13. Land cover classification from remote sensing images based on multi-scale fully
convolutional network

HkJE: GEO-SPATIAL INFORMATION SCIENCE ,2022-04-03

i % Although the Convolutional Neural Network (CNN) has shown great potential for land
cover classification, the frequently used single-scale convolution kernel limits the scope of
information extraction. Therefore, we propose a Multi-Scale Fully Convolutional Network
(MSFCN) with a multi-scale convolutional kernel as well as a Channel Attention Block (CAB)
and a Global Pooling Module (GPM) in this paper to exploit discriminative representations
from two-dimensional (2D) satellite images. Meanwhile, to explore the ability of the proposed
MSFCN for spatio-temporal images, we expand our MSFCN to three-dimension using three-
dimensional (3D) CNN, capable of harnessing each land cover category's time series
interaction from the reshaped spatio-temporal remote sensing images. To verify the
effectiveness of the proposed MSFCN, we conduct experiments on two spatial datasets and
two spatiotemporal datasets. The proposed MSFCN achieves 60.366% on the WHDLD dataset
and 75.127% on the GID dataset in terms of mloU index while the figures for two
spatiotemporal datasets are 87.753% and 77.156%. Extensive comparative experiments and
ablation studies demonstrate the effectiveness of the proposed MSFCN. Code will be available
at https://github.com/lironui/MSFCN.
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14. Intrusion Detection Using Machine Learning for Risk Mitigation in loT-Enabled
Smart Irrigation in Smart Farming

SCHRYE: JOURNAL OF FOOD QUALITY,2022-02-11

5% : The majority of countries rely largely on agriculture for employment. Irrigation accounts
for a sizable amount of water use. Crop irrigation is an important step in crop yield prediction.
Field harvesting is very reliant on human supervision and experience. It is critical to safeguard
the field's water supply. The shortage of fresh water is a major challenge for the world, and the
situation will deteriorate further in the next years. As a result of the aforementioned challenges,

smart irrigation and precision farming are the only viable solutions. Only with the emergence
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of the Internet of Things and machine learning have smart irrigation and precision agriculture
become economically viable. Increased efficiency, expense optimization, energy maximization,
forecasting, and general public convenience are all benefits of the Internet of Things (1oT). As
systems and data processing become more diversified, security issues arise. Security and
privacy concerns are impeding the growth of the Internet of Things. This article establishes a
framework for detecting and classifying intrusions into loT networks used in agriculture.
Security and privacy are major concerns not only in agriculture-related 10T networks but in all
applications of the Internet of Things as well. In this framework, the NSL KDD data set is used
as an input data set. In the preprocessing of the NSL-KDD data set, first all symbolic features
are converted to numeric features. Feature extraction is performed using principal component
analysis. Then, machine learning algorithms such as support vector machine, linear regression,
and random forest are used to classify preprocessed data set. Performance comparisons of
machine learning algorithms are evaluated on the basis of accuracy, precision, and recall
parameters.

B
http://agri.ckcest.cn/file1/M00/03/3E/Csgk0Yd9p8KAd307AAbHuUwr4aAQ844.pdf

15. A Comprehensive Survey of the Recent Studies with UAV for Precision
Agriculture in Open Fields and Greenhouses

HkJE: APPLIED SCIENCES-BASEL ,2022-01-20

% . The increasing world population makes it necessary to fight challenges such as climate
change and to realize production efficiently and quickly. However, the minimum cost,
maximum income, environmental pollution protection and the ability to save water and energy
are all factors that should be taken into account in this process. The use of information and
communication technologies (ICTs) in agriculture to meet all of these criteria serves the
purpose of precision agriculture. As unmanned aerial vehicles (UAVS) can easily obtain real-
time data, they have a great potential to address and optimize solutions to the problems faced
by agriculture. Despite some limitations, such as the battery, load, weather conditions, etc.,
UAVs will be used frequently in agriculture in the future because of the valuable data that they
obtain and their efficient applications. According to the known literature, UAVs have been
carrying out tasks such as spraying, monitoring, yield estimation, weed detection, etc. In recent
years, articles related to agricultural UAVs have been presented in journals with high impact

factors. Most precision agriculture applications with UAVs occur in outdoor environments


http://agri.ckcest.cn/file1/M00/03/3E/Csgk0Yd9p8KAd3O7AAbHuwr4aAQ844.pdf

where GPS access is available, which provides more reliable control of the UAV in both
manual and autonomous flights. On the other hand, there are almost no UAV-based
applications in greenhouses where all-season crop production is available. This paper
emphasizes this deficiency and provides a comprehensive review of the use of UAVs for
agricultural tasks and highlights the importance of simultaneous localization and mapping
(SLAM) for a UAV solution in the greenhouse.

3

http://agri.ckcest.cn/file1/M00/03/3E/Csgk0Yd9YHCADi2yAFc2f5bTe9k792.pdf

16. A Revisit of Internet of Things Technologies for Monitoring and Control Strategies
in Smart Agriculture

HkJE: AGRONOMY-BASEL,2022-01-05

#%L: With the rise of new technologies, such as the Internet of Things, raising the productivity
of agricultural and farming activities is critical to improving yields and cost-effectiveness. IoT,
in particular, can improve the efficiency of agriculture and farming processes by eliminating
human intervention through automation. The fast rise of Internet of Things (l1oT)-based tools
has changed nearly all life sectors, including business, agriculture, surveillance, etc. These
radical developments are upending traditional agricultural practices and presenting new
options in the face of various obstacles. 10T aids in collecting data that is useful in the farming
sector, such as changes in climatic conditions, soil fertility, amount of water required for crops,
irrigation, insect and pest detection, bug location disruption of creatures to the sphere, and
horticulture. 0T enables farmers to effectively use technology to monitor their forms remotely
round the clock. Several sensors, including distributed WSNSs (wireless sensor networks), are
utilized for agricultural inspection and control, which is very important due to their exact output
and utilization. In addition, cameras are utilized to keep an eye on the field from afar. The goal
of this research is to evaluate smart agriculture using 10T approaches in depth. The paper
demonstrates loT applications, benefits, current obstacles, and potential solutions in smart
agriculture. This smart agricultural system aims to find existing techniques that may be used
to boost crop yield and save time, such as water, pesticides, irrigation, crop, and fertilizer
management.

W&
http://agri.ckcest.cn/filel/M00/10/10/CsgkOGMm-AyAXzoGADoxsXdJPOw772.pdf
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(&3]
1. Sustainable and Smart Agriculture: A Holistic Approach
RATIE: 1EEE
RAGETE]: 2022-07-18
5% : The sustainability of our future depends on how we produce food and the impact it has
on our environment. Smart farming is a revolution in food production through which farmers
are able to use technology to generate bigger harvest yields from existing resources. In addition,
the creation of smarter irrigation systems, optimized soil composition and smart monitoring
systems are leading to agriculture that takes place at a smaller footprint with lower
environmental impact. Smart farming is a huge challenge as 70% of the world's population will
live in cities by 2050 or later, making it increasingly difficult for farmers to source their crops.
In recent times, agriculture is integrated with state of the art technology such as Cloud
computing, Internet of Things, RFID, WSNs, data mining etc. for yield improvement with
climate conscious approach leading to sustainability of the system. This paper discusses the
various trends in smart and sustainable agriculture.
B
http://agri.ckcest.cn/file1/M00/10/10/Csgk0GMNAM2AMY gjAARG000jEM8755.pdf

2. An automated prediction of crop and fertilizer disease using Convolutional Neural

Networks (CNN)
KATIR: |EEE

RAGIE]: 2022-07-18

i #2: The main motive of this project is “to create a website for the farmers to get a better
crop, fertilizer recommendation, and plant disease prediction”. The Open Weather API is used
to get the live temperature and humidity of the respective locations and we need to enter the
soil nutrition values to get a better crop recommendation. We have used Resnet architecture
for leaf disease prediction.

W
http://agri.ckcest.cn/file1/M00/03/3E/Csgk0Yd9scSAHFwW_AAINnMwUO0gk933.pdf
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