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ABSTRACT
Potato production in Canada typically involves approximately 20 uniform applications
(UA) of agrochemicals during a growing season, while usually ignoring spatial and
temporal variations in the occurrence of weeds and diseased plants within potato fields.
However, UA poses a serious threat to the environment and substantially increases the
cost of crop production. Spatial distribution of weeds and diseased plant patches within
potato fields emphasizes the need to develop a smart variable rate sprayer (SVRS).
Innovations in development of precision agriculture technologies have enabled Engineers
to develop SVRS using machine vision (MV) and deep learning (DL) to accurately
identify and encounter the targets (weeds and diseased plants) in real-time for withinfields variable rate application (VA) of herbicides and fungicides. Five potato fields were
selected to collect images of spatially and temporally variable healthy potato plants,
diseased potato plants, weeds and their combinations among them and with bare soil
patches. The images were collected using a Canon PowerShot SX540 HS camera and
Logitech C270 HD Webcam under varying natural light conditions and shadow effects.
An image database was constructed by resizing, labeling, processing, and categorizing
the above-mentioned images for real-time identification of weed, diseased and healthy
plants using DL algorithms. Results of DL models showed > 80% accuracy in detecting
targets. The tiny-YOLOv3 models were deployed and integrated into hardware to
develop an innovative SVRS (cameras, nozzles, flowmeters, computer, valves and
control system). Operational components of the sprayer were calibrated prior to testing in
lab and potato fields. The results of lab and field testing revealed that the SVRS was
accurate in detecting weeds and diseased plants in real-time and applied agrochemicals
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on an as-needed basis. Experiments were designed under two-factor factorial
arrangements with two treatments (UA and VA) and three levels of weather conditions
(cloudy, partly cloudy, and sunny) in a 2x3 factorial design. The spraying techniques and
weather conditions were the two independent variables and/or factors of interest with the
spray volume consumption as a response variable. A two-way ANOVA test indicated a
non-significant effect of the levels of factors of interest on volume consumption of
spraying liquid under different weather conditions (cloudy, partly cloudy and sunny);
e.g., the spraying application techniques (VA and UA) for both lab and field evaluations
had p-values respectively 0.329 and 0.156 for lab testing and 0.968 and 0.751 for field
testing during weeds and diseased plant detection experiments. However, there was a
significant effect of spraying application techniques on volume consumption (p-value <
0.01). The SVRS was able to save 47 and 51% of agrochemicals for weeds and diseased
plant detection experiments, respectively, under all weather conditions. Results indicated
that the SVRS was capable of significantly reducing the use of agrochemicals, when
compared with UA, both in lab and field environments. The results of this study
suggested that the developed SVRS has a great potential to reduce the use of
agrichemicals, lower environmental risks, and ultimately improve farm profitability of
potato producers.
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CHAPTER 1
INTRODUCTION
1.1 Background
Canada is one of the global leaders in potato production. Atlantic Canada’s contribution
to the country’s production reaches about 37%. Prince Edward Island (PEI) contributes
23% of potatoes to the national production. Potato production plays a substantial role in
PEI’s economy by contributing 10.8% to its GDP. Moreover, potato production in PEI
creates more than one billion dollars of direct and indirect economic benefits and 12% of
the total workforce. Total potato planted area in Canada is 146535 hectares with an
average production of 5.4×109 kg of potatoes every year. The average yield of potatoes in
Canada is 4×104 kg per hectare. Potato (sweet, fresh and processed) consumption is 80 kg
per capita per year. Increasing population and shrinkage of agricultural land highlights
the need for more crop production to meet food requirements. In order to increase
production and fulfill food requirements, agrochemical use in potato fields is increasing
at a rapid pace, posing threats to the sustainability of the agricultural ecosystem
(Government of Canada 2017-2018).
Weeds are naturally grown unwanted plants in different crops, and can reduce the crop
production by competing for the essential elements of the plants like water, nutrients and
sunlight (dos Santos Ferreira et al. 2017). Lambsquarters (Chenopodium album) is a
common weed in potato fields in Atlantic Canada (Basset and Crompton 1978). Reza
(2012) reported that Lambsquarters is a highly competitive weed that is widely
distributed throughout potato fields and causes significant potato yield losses. The spatial
1

distribution of this weed within potato fields demands for site-specific herbicide
applications using intelligent systems.
A widespread disease, early blight caused by Alternaria solani Sorauer, affects potato
foliage and tubers. This disease occurs in potato-growing regions worldwide. In foliage,
early blight appears as target-like leaf spots on older, often senescing foliage. As the
disease progresses, these spots expand, eventually coalesce, and in severe cases, leaves
drop off the plant. Young plants are resistant to early blight but mature plants are much
more susceptible. Yield losses of 20 to 30% caused by early blight have been reported
(Christ and Haynes 2001).
To reduce the disease effect on potato crops, fungicides are applied in the potato fields
uniformly. Uniform application of fungicides by ignoring the spatial disease distribution
within potato fields increases not only the production cost but also poses a threat to the
environment.
The population of the world is increasing and agricultural yields are reported to reduce up
to 35% due to weeds, diseases and insects damage (Azizpanah et al. 2015). Spraying of
agrochemicals is a common way of mitigating the negative effects of weeds, diseases and
insects. Production of agricultural crops decreases significantly due to the direct attack of
weeds, diseases, pests and insect at different growth stages. Sankaran et al. (2010) stated
that crop weeds use a significant amount of nutrients, water and sunlight. Uncontrolled
damage due to weeds can drastically reduce the crop yield and quality.
The farmers practicing conventional agriculture uniformly apply the agrochemicals in
agricultural fields without considering the spatial variations in weed, disease and bare soil
2

within fields. As a consequence, increased use of agrochemicals have been reported in
the past 20 years, i.e., from 9 to 23 million kg (Fernandez-Cornejo et al. 2011a). Uniform
application of agrochemicals results in over/under and even off-target applications,
causing increase in production costs and adverse effects on the environment and potential
risks to human health (Giles et al. 2008; Leach and Mumford 2008; Shutske and Jenkins
2002).
1.2 Methods of Application of Agrochemicals
Three methods of chemical application are commonly practiced; i.e., broadcasting, band
application, and spot-application. Broadcasting is considered the most inefficient method
of agrochemical application; in this method, chemicals are applied uniformly without
considering the spatial variability of the field. By using this technique, 60 to 70% of the
agrochemicals can potentially be wasted (Netland et al. 1994). Applying pesticides in
parallel strips is called a band application; this method is comparatively better than
uniform application. Spot-applications through variable rate sprayers by detecting and
targeting the weeds, diseases, and insects, is an efficient way to control competing
elements. The band and spot-application methods are more effective when compared with
uniform in terms of reducing agrochemical use and protecting the environment
(Niazmand et al. 2008). Brown et al. (2008) tested a spot-application system, reporting
reduced ground deposition by 41% and chemical runoff by 44% in orchards. They also
reported that the smart sprayers reduced the input costs and manual labor in addition to
enhancing the food quality.
Advances in precision agriculture technologies have introduced the air-blast and
electrostatic techniques to apply agrochemicals using a fan assisted technique. The
3

electrostatic sprayers were developed on the basis of repulsion and attraction of different
charges to reduce the wastage of spraying chemicals. Sensing technologies such as
remote sensing, spectral analysis and machine learning (ML) can be used for detection
and classification of plants to achieve precise application of agrochemicals. A fully
automated controlled spraying system can be designed based on real-time detection of
targets for spot-application to reduce agrochemical use (Moshou et al. 2004).
Slaughter et al. (2008) developed a robotic weed control system, consisting of a detection
system using MV, a GPS (Global Positioning System) based guidance, a variable rate
control system, and a spray control system. This weed control system included sensors,
processing unit, and a decision support system to control nozzles for targeted
agrochemical spraying. Researchers (Gitelson et al. 2003; Sims and Gamon 2002) have
reported that various sensors including laser sensors, thermographs, remote sensors, ultrasonic sensors and image sensors can be used to detect the plant leaf features in order to
develop smart sprayers for targeted applications.
1.3 Artificial Intelligence in Agriculture
Nowadays the agriculture industry is turning to the use of artificial intelligence (AI)
technologies to aid yield monitoring in crops, control pests, monitor soil and growing
conditions, organize data for farmers, and help with workload (Bannerjee et al. 2018).
Machine learning technique was used by Onyango et al. (2005) to eradicate the weeds in
row crops. The authors classified the weed on the basis of morphology of plants (shape
and structure) using biological morphology algorithms. They used an edge segmentation
technique by processing 140 weed images to train the system and achieved > 94%
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accuracy (Ahmed et al. 2008). Hong et al. (2012) classified five weeds species with
respect to soil background and achieved 93% classification accuracy for training dataset.
ML is very useful for the detection of diseases and insects in the crops. Moshou et al.
(2004) used the artificial neural networks (ANNs) for the detection of yellow rust disease
in wheat crop. The authors used healthy and disease infected leaves, reporting 99%
classification accuracy.
Smith and Thomson (2003) developed an automated variable rate control system using
direct injection equipment for real-time application of herbicides and pesticides. This
system used the pulse-width-modulation technique in conjunction with a direct injection
system to control the concentration of agrochemicals. Bui (2005) customized a system
that used nozzles with controllable droplet size and flow rate to develop a more reliable
and accurate spraying mechanism to apply agrochemicals on the targets. The nozzles
used in this system combined a variable zone pre-orifice and a variable zone spray
orifice. This system was controlled with pressure regulators. Such precision agriculture
techniques are necessary for precise and accurate application of agrochemicals in
agricultural fields (Chen et al. 2002; Thorp and Tian 2004) in order to reduce production
costs and mitigate environmental risks.
Ground based MV systems are used for real-time weed and disease detection (Diao et al.
2009), where image processing is performed by using morphological features of plants.
The external morphological features include color, shape, structure, and pattern, whereas,
internal features consist of structure and form of internal components of plants. The shape
features of plants are more useful for classification and detection of plants in MV and DL
applications (Jones et al. 2009).
5

Ahmad et al. (2012) developed an automated intelligent system for real-time weeds
identification in oil palm plantations. They classified different types of weeds using three
types of image processing algorithms such as fast Fourier transform, grey level cooccurrence matrix, and scale-invariant feature transform. Results of their study revealed
that the scale-invariant feature transform technique was 99.5 to 99.8% accurate in
classifying the narrow and broad weeds. The grey level co-occurrence matrix resulted in
81 to 81.5% accuracy, and fast Fourier transform recorded 89.2% and 91% for the
classification of crop and different weeds. Results of their study suggested that these
algorithms were capable of identifying the crop and different weeds.
Various types of cameras have been used for image acquisition to facilitate the
development of precision agrochemical application systems. (Tian 2002) used HSI (hue,
saturation and intensity) color model for image processing using environmentally
adaptive segmentation algorithms. Inter row area was selected for weed recognition
against the crop plants in the field. Weed size and weed density was considered as a
deciding factor to control the spraying chemicals rates. Authors reported 48% savings in
herbicides using their precision chemical application system.
Camargo and Smith (2009) used an MV system to identify the disease symptoms in
cotton crops. They took plant leaf images and identified the disease infected areas by
image enhancement and segmentation processes. Diseased leaves were detected on the
basis of shape and appearance features of plats. Eccentricity, extent, centroid, solidity,
major and minor axis lengths, diameter, and area of disease region parameters were used
for the description of shape features. A plant texture co-occurrence matrix was applied
for the calculation and model support vector machine algorithm was applied for training
6

the classification. The authors recorded maximum accuracy in classifying the texture
(83%) and the lowest accuracy was recorded to extract the shape features. The overall
accuracy of the system was reported to be 90% by using all features (Camargo and Smith
2009). Cui et al. (2010) identified soybean rust by using an image processing technique
using HSI color model and reported that the threshold setting method had a potential to
diagnose the disease severity at lab scale, suggesting a centroid locating method to be
more appropriate in field conditions. Moltó et al. (2001) designed an automatic sprayer
that, using an electronic control system, applies the chemical dose according to the
canopy of plants. Under the conditions of field test experiments, the system achieved
savings of up to 37% of the product while maintaining the quality of the treatment. These
savings depend on the size, shape, and distance between plants.
Deep learning is a subclass of ML, commonly used for object detection and
classification. Different DL architectures are being used for precise agricultural farming
operations (Hall et al. 2015). Sladojevic et al. (2016) introduced different DL models to
identify the disease infected regions in the plants. They also presented a visualization
technique saliency map for diagnosing the disease symptoms in the plants. Deep learning
has become very useful for site-specific applications of herbicides as ANNs can be used
for classification of different types of plants and weed detection applications (Fennimore
et al. 2016). Digital images are required as input dataset and leaf vein morphology can be
used in the segmentation process (Grinblat et al. 2016) to identify and classify the targets
accurately.
Deep learning neural networks can be constructed for feature extraction, convolutional,
pooling, non-linear activation functions, and class label assignment (Ball et al. 2017).
7

Convolutional neural networks (CNNs) have three types of hidden layers including
convolution, max pooling, and fully connected layers. There are different functions for
each type of layers. The function of convolutional layers is object feature extraction, the
max-pooling layers reduce the dimension of extracted feature and fully connected layers
change the feature map to a one dimension feature vector. The fully connected layers can
also be used for classification. Different deep convolutional neural networks (DCNNs)
like Inceptionv3, Inception-ResNet-v2, VGG-16 and VGG-19 were constructed on the
basis of CNNs principles (Barré et al. 2017).
VGG-16 and VGG-19 are image classification models, consisting of various layers
(Simonyan and Zisserman 2015) commonly used in agriculture applications. Ghazi et al.
(2017) used AlexNet, GoogLeNet and VGGNet models for classification of a plant
dataset. A very novel and famous deep neural network YOLO; developed by Redmon
and Farhadi (2018) is being used for the detection of different types of weed objects
(Sharpe et al. 2020). YOLO has important uses in weed and disease detection in the crop
for targeted application of spraying chemical in agricultural fields.
YOLOv3 is an object detection neural network that favors inference time even though it
compromises the accuracy. For real-time site-specific applications of agrochemicals, the
actuation of spraying nozzles after video processing the cameras depends upon the
inference time of the DL model. The lowest inference time is required for real-time
applications (Fennimore et al. 2016). Vision based algorithms have been applied for
target detection by using Raspberry Pi (3) single-board computers (SBC) and OpenCV
(4.1) in drone systems (Pathak et al. 2018a). (Tijtgat et al. 2017) demonstrated that the
object detection algorithm YOLO is capable for real time object detection. The DCNNs
8

are more accurate in object detection than tracking for real-time target detection
applications (Han et al. 2016).
Partel et al. (2019a) developed and evaluated a low-cost smart sprayer for precision weed
management utilizing deep learning model YOLOv3. They reported overall precision and
recall of 90% and 89% respectively with artificial plants, and 59% and 44% respectively
with real plants by using a compact SBC with an integrated GPU (Nvidia Jetson TX2).
The authors mentioned that the developed sprayer could also reduce costs, risk of crop
damage and excess herbicide residue, as well as potentially reduce environmental impact.
An electronic control system was designed using sensing technology and mounted on the
air-assisted sprayer for pesticide application proportional to the canopy width of plants.
Spraying liquid savings of 70, 28, and 39% were achieved in comparison to a
conventional application which was measured in the olive, pear, and apple orchards,
respectively (Solanelles et al. 2006). Gil et al. (2013) developed, implemented, and
validated a variable rate sprayer vineyard prototype; his sprayer was able to change the
sprayed volume application rate according to the target geometry by using an algorithm
based on the canopy volume. The potential pesticide savings were calculated at 21.9%,
relative to the costs of a typical application. Maghsoudi et al. (2015) designed an
electronic automated sprayer using multilayer perceptron neural networks for the
detection and estimation of tree canopy dimensions for application rate adjustment. Field
experiments showed a reduction in pesticide usage of about 34.5% by means of variablerate technology.
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Berenstein et al. (2010) proposed grape clusters and foliage detection algorithms for an
autonomous selective vineyard sprayer. They used novel machine vision algorithms to
detect gaps between grapevines in order to reduce pesticide use during foliage spraying
and to detect the exact location of grape clusters to target spraying towards them. Results
showed 90% accuracy of grape cluster detection leading to a 30% reduction in the use of
pesticides. Zaman et al. (2011a) developed a selective sprayer which sensed tall weeds in
blueberries using an ultrasonic sensor and selectively applied herbicide to the weeds. A
variable rate sprayer was designed by Zhu et al. (2017) for pest control in ornamental
nurseries. The developed sprayer used 77.6 and 29.7% less spray volume and chemicals
to control pod gall midges and sawflies, respectively. Fennimore and Cutulle (2019)
designed a robotic system to detect weed plants, and then used two spray nozzles on delta
robot arms to position two nozzles over weed plants and selectively apply herbicide
directly to detected weed plants.
This study evaluates the potential of different DL models and frameworks to accurately
classify and identify the weeds and diseased plants within potato fields in real-time.
Furthermore, this research investigates the integration of the successful models and
frameworks to develop a smart sprayer for potato cropping systems.
The SVRS is meant to be capable of encountering the spatial distributions of weeds and
diseased potato plants in real-time to accurately identify and apply herbicide on weeds,
and fungicides on diseased potato plants within potato fields. Applying herbicides only
on weeds and fungicides on diseased plants could reduce production costs, risk of crop
damage, environmental risks and excess pesticide residue (Balafoutis et al. 2017). In this
research, an SVRS was developed and evaluated for precision weed and disease
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management in potato cropping systems. This technology utilizes DL to distinguish
between target and non-target plants in real-time, and spray only on a selected target
(e.g., specific weed and diseased plants). The utilized DL neural networks analyze more
complex properties than image segmentation alone to distinguish weeds and diseased
plants from healthy crop plants. Very limited work has been done to integrate the DL and
MV techniques to develop an SVRS for the Atlantic Canadian potato industry. Machine
vision and DL based sprayers have great potential to reduce agrochemical use, improve
farm profitability, and lower environmental risks when compared with traditional
uniform sprayers.
1.4 Goals and Objectives
The overall goal of this research is to develop SVRS for potato crops using DCNNs for
spot-applications of agrochemicals in potato fields. The specific objectives are:
•

Detection of weeds, diseased and healthy plants in potato fields using deep
learning techniques.

•

Development, calibration and testing of the SVRS under laboratory environments.

•

Field evaluation of the developed SVRS for spot-application of agrochemicals on
weeds and diseased potato plants.
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CHAPTER 2
Machine Vision System for Detection of Weeds in Potato Fields
Abstract
Excessive use of herbicide increases the cost of crop production and may cause
environmental degradation. An intelligent spraying system can apply agrochemicals on
an as-needed basis by targeting the weeds to be eliminated. The objective of this research
was to investigate the feasibility of DCNNs in detecting a weed called lambsquarters
(Chenopodium album) in potato fields. Five potato fields were selected in Prince Edward
Island (PEI) and New Brunswick (NB), Canada to collect images of spatially and
temporally varied potato plants and weeds. The image database included images, taken
under varying growth stages, outdoor light (clear, cloudy, and partly cloudy) and
shadowy conditions. The images were trained for DCNN models, namely GoogLeNet,
VGG-16, and EfficientNet to classify weeds and potato plants. Performance of the two
frameworks, namely Tensorflow and PyTorch, were compared in training, testing, and
inferring the DCNNs. Results showed excellent performance of DCNNs in weed and
potato plant classification (accuracy > 90%). However, the EfficientNet with PyTorch
framework showed maximum accuracy (0.92 - 0.97) for every growth stage of the plants.
Inference times of DCNNs were recorded using three graphic processing units (GPUs),
namely Nvidia GeForce 930MX, Nvidia GeForce GTX1080 Ti and Nvidia GeForce
GTX1050. All the DCNNs performed better with PyTorch than TensorFlow frameworks.
It was concluded that the trained models can be used in automation of the spraying
systems for the site-specific application of agrochemicals in potato fields. Such precision
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agriculture technologies will ensure economically viable and environmentally safe potato
cultivation.
2.1 Introduction
Potato (Solanum tuberosum) is one of the major food crops for over a billion people
worldwide with its global total tuber production exceeding 3×1011 kg per year (Camire
2016). Potato cultivation has various external and internal risks that include competition
from weeds, especially for nutrients and water, inhibiting potato plants’ nourishment and
reducing the tuber yield (Mirshekari et al. 2012). Lambsquarters is one of the most
common weeds with fast year-round growth in potato fields across the globe, including
Atlantic Canada (Basset and Crompton 1978; Sabzi et al. 2018).
A common practice of weed control is uniform application of agrochemicals in
agricultural fields without considering the weed, crop and bare land patches within the
fields (Yao et al. 2006). Uniform application of agrochemicals worldwide has resulted in
an increase in their use from 9.1×106 to 2.3×107 kg in the past 20 years (FernandezCornejo et al. 2011b). Excessive use of crop inputs and the resultant loss to farm income
can be avoided with the use of precision agriculture technologies, whereby crop inputs
are applied considering the temporal and spatial variability in fields; the same is true for
weed-free potato production (Cox 2002; Melakeberhan and Avendaño 2008).
The severity of weed competition changes with growth stages of crops and weeds; weed
control is easier at the early growth stage; nonetheless, it is challenging to detect weeds at
their early stage (Shaner and Beckie 2014). For the thorough, site-specific and timely
application of herbicides, it is necessary to detect weeds at all their phenological stages
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(Hall et al. 2015) as the weeds grow asymmetrically. Typical agricultural fields contain
weeds at their various phenological stages. This needs the use of twenty-first century
modern and intelligent techniques that are site-specific for agricultural operations
including detection and control of weeds at their varying stages and frequency of
occurrence. Site-specific weed control on a precision agriculture approach refers to the
spatially variable application of weed control chemicals to optimize the use of herbicides
and protection of the environment from agriculture related pollution (Harker and
O’Donovan 2013).
The use of AI can significantly improve the efficiency of variable rate sprayers
(Abdulridha et al. 2019a). The AI uses images as input for the development of the MV
system. Weeds are detected on the bases of morphology and texture of plants (Zaman et
al. 2011b). Machine vision technology has vast usage in agriculture. Artificial neural
networks can recognize images of plants with different features (Zubrzycki et al. 2016).
The CNNs that use DL in conjunction with computer-aided technologies, particularly
with GPUs and embedded processors (Gu et al. 2018), have resulted in advancements in
agricultural science (Lee et al. 2017). The ANNs are based on mathematical models and
work similarly to the neural system in the human brain (LeCun et al. 2015). The DCNNs
are progressive versions of ANNs and capable of extracting complex features from
images resulting in extraordinary recognition of the objects (Gu et al. 2018).
In order to select an appropriate DCNN for deployment and real-time application of
agrochemicals, it is necessary to compare the accuracy, computational complexity,
parameterization, inference times and memory usage of the potential DCNNs (Bianco et
al. 2018). Efficient memory consumption and the inference time of CNNs are considered
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for real-time feasibility in terms of detection of different objects (Badrinarayanan et al.
2017). Inference time is important to check the real-time approach of robots for object
detection using CNNs (Redmon and Angelova 2015). There are two steps to develop an
automated system for detection purposes: Firstly, the training of a deep neural network
model by using the available dataset, usually on a GPU or CPU (high performance).
Secondly, the trained model is deployed into a production environment in which a
continuous stream of input data is taken, and run inferences in real-time; then, the output
is obtained directly or it is further fed into the downstream systems, according to the user
requirements (Wang et al. 2017).
Limited literature is available regarding the investigation and feasibility of using MV
technology for detection of lambsquarters in potato fields. This paper presents a new
approach for lambsquarters and potato plant classification, with the ultimate goal of
utilizing MV system for precise spraying of the herbicide to control lambsquarters from
growing in potato fields. Therefore, the objective of this study was to investigate the
feasibility of DCNNs in detecting lambsquarters in potato fields. After weed detection, it
may be used in conjunction with smart sprayers to facilitate precise application of
herbicides with precision agriculture technologies.
2.2 Materials and Methods
2.2.1 Approach
Several DCNN architectures are being recommended each year, each with its own
specific characteristics. Regardless of the differences, they all share the same goal that is
to increase accuracy and reduce the model's complexity. Some DL models offer great
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performances on a wide range of applications. The most common architectures have been
selected for the classification of potato plants and lambsquarters. Three well-known
trained DCNNs including EfficientNet, GoogLeNet, and VGG-16 were used in this
research. The GoogLeNet consists of inception modules in which convolutions of
different sizes are performed to progress filters for the next layer (Figure 2.1). Hebbian
principle, multi-scale processing, and inception architecture are used to improve the
quality of the network (Szegedy et al. 2015). The main idea behind the inception layers
follows the approximation of local sparse structure in a neural network. It consists of 22
convolutional layers and is designed on small convolutions to reduce the number of
neurons and parameters. It reduces the number of parameters from 60 million (AlexNet)
to 4 million. It goes deeper in parallel paths with different receptive field sizes and it has
been reported to achieve a top-5 error rate of 6.67% (Szegedy et al. 2015).

Figure 2.1 Inception module with dimensionality reduction and naïve version.
The VGG-16 (Figure 2.2) is a convolutional neural network (CNN) model capable of
achieving 92.7% top-5 test accuracy in ImageNet, which is a dataset of over 14 million
images belonging to 1000 classes (Simonyan and Zisserman 2015). Recognized during

16

the ImageNet Large Scale Visual Recognition Competition 2014 (ILSVRC, 2014), it
improved the AlexNet model by replacing the large kernel-sized filters (11 and 5 in the
first and second convolutional layer, respectively) with multiple 3×3 kernel-sized filters
one after another. Its training was done by using Nvidia Titan Black GPUs (Simonyan
and Zisserman 2015).

Figure 2.2 A schematic of the VGG-16 deep convolutional neural network architecture
trained on ImageNet database.
EfficientNet is a newly developed DCNN (Tan and Le 2019). EfficientNet was
developed as a family of eight scaled models (B0 to B7) with increasing complexity and
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size ranging from B0 to B7. Compared to other models achieving similar ImageNet
accuracy, EfficientNet-B0 is much smaller. Its parameters have been reduced
significantly as compared to ResNet50, which contains a total of 23.5 million parameters,
compared to the EfficientNet-B0 which has only 5.3 million parameters in total. In this
research study we will refer to EfficientNet-B0 simply as EfficientNet. The main building
block of EfficientNet is a mobile inverted bottleneck MBConv, which was first
introduced in MobileNetV2. EfficientNet uses 7 MBConv blocks. MBConv block takes
two inputs, first is data and the other is block arguments. A block argument is a collection
of attributes to be used inside an MBConv block like input filters, output filters,
expansion ratio, squeeze ratio, etc. EfficientNets are advisable to use for complex
datasets.
Two frameworks, namely TensorFlow and PyTorch were used for training the models.
TensorFlow is an open-source library that operates at large scale and in heterogeneous
environments. This framework was developed by the Google Brain team. It was initially
developed to run large data sets of numerical computations (Abadi et al. 2016). It uses the
data flow graphs to process data and performs different types of computations. The data
is taken in the form of arrays of potentially higher dimensions and ranks. TensorFlow
allows for fast training of the models as it has a fast compilation time. TensorFlow
facilitates developers to experiment with innovative optimizations and training
algorithms. Researcher teams can run TensorFlow on large scale server farms embedded
on devices, CPUs, GPUs, and TPUs, etc. It provides both C++ and Python APIs that
make it easier to work on (Kochura et al. 2017). PyTorch is a DL platform developed by
Facebook AI researchers. PyTorch is a better option for rapid prototyping in research
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because it has a user friendly interface. It has better utilization and optimization for use of
GPUs. PyTorch also uses its capability of dynamic computation graphing (Ketkar 2017),
unlike other framework such as TensorFlow.
2.2.2 Image Acquisition
A total of 30400 RGB digital images of lambsquarters and potato plants were taken from
PEI and NB potato fields using a digital Canon camera (Power Shot SX540 HS) with a
maximum resolution of 5184 x 3888 pixels. The images were captured from three fields
of PEI at Winsloe North (46° 21' 24.47" N, 63° 12' 4.99" W), Agriculture and Agri-Food
Canada, Harrington Research Station (46° 20' 59.2" N, 63° 09' 08.2" W) and 225
Highway (46° 14' 57.64" N, 63° 11' 46.46" W) and two of NB at Florenceville (46° 19'
5.38" N, 67° 37' 1.7" W) and Lavasque (47° 6' 5.53" N, 67° 46' 44.55" W). Images were
taken at different growth stages of weed and potato plants because the structure, color
and other physical features of lambsquarters change during its life cycle. The total dataset
was divided into five classes (Table 2.1).
Table 2.1 Five classes of lambsquarters weed and potato plant images taken at various
growth stages.
Class Name

Days after Emergence
(Growth Stages)

Total Images
(Training)

Total Images
(Validation)

Total Images
(Testing)

Class-1
Class-2
Class-3
Class-4

7-29
30-49
50-70
70-125

5200
5200
5200
5200

1560
1560
1560
1560

780
780
780
780

Class-5

Combined

20800

6240

3120

A total of 30400 images were captured, out of which 15200 images were of
lambsquarters and 15200 of potato plants. For equal distribution and excluding some
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blurred and defective images, only 30160 images were finally available for use. For each
class, 5200 images were used, in which 2600 were of lambsquarters and 2600 of potato
plants to train the data set. Thirty percent of the images of each class (Table 2.1) were
used for validation that was 1560 for each of the four classes and 6240 for Class-5.
Fifteen percent of images were used for testing purposes for all the classes. All these
images were captured at 9:00am, 12:00pm, 3:00pm, and 5:00pm during June to August
2018 and 2019. In order to increase the performance of the selected model, images were
taken under varying lighting conditions including sunny, cloudy and partially cloudy
weather, from different heights (including 1, 1.3 and 1.5 m), at 60, 70, 80 and 90 degrees
from ground level and under the shadow of trees.
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Figure 2.3 Different classes of potato plants and lambsquarters at different growth stages.
2.2.3 Image Classification
All the images were resized (1280×720) using Irfanview (Version 5.54) prior to image
classification. During the training of datasets, different hyper parameters were chosen to
attain the maximum value of the accuracy. Momentum value was selected as 0.95, image
size (224×224) the base learning rate was 0.001 and the exponential decay learning rate
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policy was selected. Parameterization was finalized with trial and error approach (Table
2.2). To make the training more effective, a transfer learning technique was applied. In
transfer learning the existing weights are used from the specific model which is fully
trained in a particular dataset like ImageNet (Deng et al. 2010), and is retrained for new
classes. Previous studies have confirmed that transfer learning is effective in many
sensing applications (Hu et al. 2015). During the training of the DCNNs, the states (set of
weights) in which the models showed the lowest loss value for the validation set were
saved for further steps. All the saved models were then evaluated with the test dataset and
the results were computed in terms of statistical parameters, namely accuracy, precision
and recall. All the models were trained using an Nvidia GeForce GTX1080 Ti with
CUDA toolkit 10.0. The hyper-parameters used during the models training are presented
in the Table 2.2.
Table 2.2 Hyper-parameters used for training the classification CNN models.
Parameter
Batch size
Image size
Epochs
Solver type
Base learning rate
Learning rate policy
Momentum

Value
64
224×224
60
Adam
0.001
Exponential decay
0.95

2.2.4 Statistical Parameters
A confusion matrix was designed using validation and testing results of image
classification models using the four possible conditions (Table 2.3).
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Table 2.3 Confusion matrix for the evaluation of statistical parameters for potato.

Predicted
Values

Potato
TP
FN

Potato
Weed

Actual Values

TP = true positive; FP = false positive; FN = false negative; and TN = true negative

Weed
FP
TN

Precision, recall, F1Score, error rate, accuracy, Matthew’s correlation coefficient, and
inference time were used to evaluate the performances of the models used in this study.
Precision is also called a positive predictive value. It is a ratio between the number of
correct TP and the sum of TP+FP (equation 1) and used to measure the performance of
neural networks. The best precision is 1.0; whereas, the worst is 0.0.
TP

Precision = TP+FP

--------- (1)

Recall is also called sensitivity or true positive rate and is measured by dividing TP with
the sum of TP+FN (equation 2). Its value varies from 0 to 1. The effectiveness of a neural
network in the identification of weed was measured by Recall as:
TP

--------

Recall = TP+FN

(2)

F1Score is the harmonic mean of precision and recall. The best F1Score is 1.0; whereas,
the worst is 0. It was measured by using equation (3).
F1Score =

2×P×R
P+R

------- (3)

Error rate (ERR) is the ratio (equation 4) between numbers of all incorrect predictions
(FP+FN) to the total number of conditions of the confusion matrix (TP+FP+TN+FN).
Error rate =

FP+FN

FP+FN+TP+TN
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------- (4)

The best error rate is 0 and the worst rate is 1.0. Accuracy is calculated using a formula
given as equation 5.
Accuracy =

TP+TN

FP+FN+TP+TN

-------

(5)

It is the number of all correct predictions (TP+TN) divided by the total number of
predictions (TP+TN+FP+FN). Its value changes from 0 to 1. Matthew’s correlation
coefficient is a correlation coefficient calculated using equation 6, which includes all four
values in the confusion matrix.
MCC =

TP×TN−FP×FN

�(TP+FP)(TP+FN)(TN+FP)(TN+FN)

-------

(6)

Matthew’s correlation coefficient is a coefficient between targets and predictions, and its
value ranges from -1 to 1. If the value of MCC is -1, it means that there is a perfect
disagreement between actuals and predictions and vice versa.
Three types of GPUs namely Nvidia GeForce 930MX, Nvidia GeForce GTX1080 Ti and
Nvidia GeForce GTX1050 were used to measure the inference time for all training
models using Cudnn 7.6.5, Cuda toolkit 10.1 and Python 3.6 on Ubuntu 16.04 Linux
operating system. During inference time calculation, all other tasks were closed, and
GPU activities were monitored by nvidia-smi live watch. Different GPUs or CPUs can be
used to find the performance of CNN models using different frameworks (Liu et al.
2018).
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2.3 Results and Discussion
2.3.1 Performance of CNNs under PyTorch Framework
For PyTorch framework, the EfficientNet and VGG-16 performed better than GoogLeNet
to correctly detect plant images of all the four growth stages and the combined class
images. However, EfficientNet performed slightly better than VGG-16 and GoogLeNet,
and VGG-16 was relatively better than GoogLeNet in terms of accuracy (Figure 2.4).
These results support the findings of (Yu et al. 2019a) who reported that VGG-16
(accuracy = 0.96) performed better than GoogLeNet (accuracy = 0.98) in classifying the
weeds with turfgrass. The values of F1Score, recall, precision, accuracy, and MCC were
comparatively larger in the case of EfficientNet and VGG-16 as compared to GoogLeNet
(Table 2.4), which means EfficientNet and VGG-16 can perform significantly better to
identify the lambsquarters in potato fields as compare to GoogLeNet. These trends also
follow the findings of Mungofa et al. (2018) who also reported that the VGG-16 model

achieved a higher average true positive than the other models they used. In that study,
both models were able to correctly identify the unknown chemical sample with a high
probability score of 93.34% (GoogLeNet) and 99.41% (VGG-16). Accuracy values for
classes 2 and 5 were comparatively higher than all other classes (Table 2.4). It might be
because of the reason that at class-2, the lambsquarters and potato plants were more
visible, and the plant color and leaf edges were more apparent. The accuracy for class-5
was higher and may be due to larger images dataset of class-5 consisting of all growth
stages of plants. This means that the accuracy of the DL models can be increased by
using a larger dataset and collection of weed and crop images at different growth stages
and conditions. The models trained on images of only tall weeds and crop plants would
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not be able to accurately identify the weed and crop at their initial growth stages.
Therefore, in order to make the model more accurate and applicable, it is necessary to
add the images of smaller weed and crop (seedling) in the training dataset (Dutta et al.
2018). Overall, the accuracy for EfficientNet and VGG-16 was more than 0.90, and the
EfficientNet gave more accurate and precise results (accuracy = 0.92-0.97) as compared
to the other two models using PyTorch framework. Higher value of MCC for
EfficientNet reflected that it was a more reliable model for the classification of
lambsquarters and potato plants.

1.00

PyTorch

Class-1

Class-2

Class-3

Class-4

EfficientNet

VGG-16

GoogLeNet

EfficientNet

VGG-16

GoogLeNet

EfficientNet

VGG-16

GoogLeNet

EfficientNet

VGG-16

GoogLeNet

EfficientNet

0.85

VGG-16

0.90

GoogLeNet

Accuracy

0.95

Class-5

Figure 2.4 Accuracy of EfficientNet, VGG-16, and GoogLeNet using PyTorch
framework for different growth stages of lambsquarters and potato plants.
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Table 2.4 Convolutional neural network validation results for the classification of
lambsquarters and potato plants with the PyTorch framework.
Growth
Stages
Class-1

Class-2

Class-3

Class-4

Class-5

Model

Precision

Recall

F1Score

ERR

MCC

GoogLeNet
VGG-16
EfficientNet
GoogLeNet
VGG-16
EfficientNet
GoogLeNet
VGG-16
EfficientNet
GoogLeNet
VGG-16
EfficientNet
GoogLeNet
VGG-16
EfficientNet

0.92
0.95
0.96
0.91
0.97
0.98
0.91
0.97
0.97
0.90
0.95
0.97
0.95
0.99
0.99

0.93
0.95
0.94
0.90
0.95
0.95
0.91
0.87
0.90
0.93
0.94
0.95
0.96
0.96
0.96

0.92
0.95
0.95
0.91
0.96
0.96
0.91
0.92
0.94
0.91
0.94
0.96
0.96
0.97
0.98

0.09
0.06
0.06
0.11
0.05
0.04
0.11
0.10
0.08
0.10
0.07
0.05
0.05
0.03
0.03

0.81
0.88
0.88
0.77
0.90
0.91
0.77
0.80
0.85
0.79
0.86
0.89
0.89
0.93
0.94

ERR = error rate; and MCC = Mathew’s correlation coefficient

2.3.2 Performance of CNNs Models under TensorFlow Framework
The EfficientNet and VGG-16 performed better than GoogLeNet on the TensorFlow
framework for all growth stages of lambsquarters and potato plants (Figure 2.5). The
VGG-16 based network achieved the highest classification accuracy in the study
conducted by Huang et al. (2018). For EfficientNet and VGG-16 the accuracy values
(0.90-0.96) were comparatively higher than GoogLeNet (0.88-0.94). F1Score, precision,
recall, and MCC values were higher for EfficientNet and VGG-16 than GoogLeNet in all
classes. However, VGG-16 performed better than GoogLeNet and showed higher
F1Score, precision, recall, and overall accuracy as compared to GoogLeNet as also
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reported by Yu et al. (2019b) (Table 2.5). VGG-16 CNN achieved a comparatively higher
success rate in the classification of 17548 images (Ferentinos 2018).

1.00

TensorFlow

Class-1

Class-2

Class-3

Class-4

EfficientNet

VGG-16

GoogLeNet

EfficientNet

VGG-16

GoogLeNet

EfficientNet

VGG-16

GoogLeNet

EfficientNet

VGG-16

GoogLeNet

EfficientNet

0.85

VGG-16

0.90

GoogLeNet

Accuracy

0.95

Class-5

Figure 2.5 Accuracy of EfficientNet, VGG-16, and GoogLeNet using TensorFlow
framework for all growth stages of potato plants and lambsquarters.
Table 2.5 Convolutional neural network validation results for classification of
lambsquarters and potato plants with TensorFlow framework.
Growth
Stages
Class-1

Class-2

Class-3

Class-4

Class-5

Model

Precision

Recall

F1Score

ERR

MCC

GoogLeNet
VGG-16
EfficientNet
GoogLeNet
VGG-16
EfficientNet
GoogLeNet
VGG-16
EfficientNet
GoogLeNet
VGG-16
EfficientNet
GoogLeNet
VGG-16
EfficientNet

0.93
0.94
0.95
0.91
0.97
0.98
0.91
0.97
0.97
0.89
0.95
0.97
0.92
0.95
0.96

0.95
0.97
0.95
0.91
0.97
0.96
0.92
0.88
0.91
0.94
0.95
0.96
0.98
0.98
0.98

0.94
0.95
0.95
0.91
0.97
0.97
0.91
0.92
0.94
0.92
0.95
0.96
0.95
0.97
0.97

0.07
0.06
0.06
0.12
0.05
0.04
0.12
0.11
0.08
0.11
0.07
0.05
0.06
0.04
0.04

0.84
0.86
0.86
0.73
0.90
0.90
0.73
0.77
0.82
0.76
0.85
0.89
0.87
0.91
0.92

ERR = error rate; and MCC = Mathew’s correlation coefficient
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In computation of inference times of DCNNs (EfficientNet, GoogLeNet and VGG-16)
using the PyTorch and TensorFlow frameworks on three types of GPUs (GeForce
930MX, GeForce GTX1080 Ti and GeForce GTX1050), no major difference was
observed for different classes of weeds. The inference speed using GeForce 930MX for
all growth stages of plants was recorded to be (6.15-6.99), (11.12-11.78) and (48.2849.11) frames per second (FPS) for VGG-16, GoogLeNet and EfficientNet, respectively.
The inference speed using GeForce GTX1080 Ti for different classes was calculated
(206.22-207.86), (216.89-217.85) and (331.89-332.51) FPS for VGG-16, GoogLeNet and
EfficientNet respectively. The inference speed using GeForce GTX1050 for all classes of
dataset was in the range (8.12-9.06), (17.31-18.12) and (51.35-52.42) FPS for VGG-16,
GoogLeNet and EfficientNet respectively (Table 2.6). There was not major difference in
inference speeds of DCNNs by using PyTorch or TensorFlow frameworks. Overall,
GoogLeNet and EfficientNet performed better for all the GPUs (Tables 2.6 and 2.7).
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Table 2.6 Inference times by using different types of GPUs of VGG-16, GoogLeNet and
EfficientNet with PyTorch.
DCNN

VGG-16

GoogLeNet

EfficientNet

Dataset

Frames Per Second for Nvidia GeForce GPUs
GTX930 MX
GTX1080 Ti
GTX1050

Class-1
Class-2
Class-3
Class-4
Class-5
Class-1

6.15
6.37
6.99
6.82
6.18
11.67

207.86
207.16
206.38
207.09
206.22
217.73

8.12
8.42
9.06
8.73
8.23
17.52

Class-2

11.64

217.39

17.31

Class-3

11.12

217.41

18.12

Class-4

11.34

217.85

17.84

Class-5
Class-1
Class-2
Class-3
Class-4
Class-5

11.78
48.72
48.28
49.11
48.92
48.74

216.89
332.14
332.51
332.13
331.89
332.29

17.61
52.14
51.35
52.23
52.11
52.42

Huang et al. (2018) reported similar results regarding inference speed of the DL models.
They concluded that the inference time of DCNN in this range is applicable for real time
detection of weeds. Simone et al. (2019) also reported very similar results of inference
time for VGG-16 and GoogLeNet architectures with PyTorch framework using Nvidia
Titan X Pascal GPU.
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Table 2.7 Inference times by using different types of GPUs of VGG-16, GoogLeNet and
EfficientNet with TensorFlow.
DCNN

VGG-16

GoogLeNet

EfficientNet

Dataset

Frames Per Second for Nvidia GeForce GPUs
GTX930 MX

GTX1080 Ti

GTX1050

Class-1
Class-2
Class-3
Class-4
Class-5
Class-1
Class-2
Class-3
Class-4
Class-5
Class-1
Class-2
Class-3
Class-4

6.95
7.32
6.21
5.89
6.45
11.43
10.12
11.33
11.36
11.01
47.23
47.21
49.11
48..03

206.54
205.89
207.21
207.56
206.45
216.22
218.37
217.23
218.25
216.82
332.72
331.34
331.45
330.09

7.56
8.19
8.23
7.55
8.01
17.9
16.34
16.88
17.02
17.3
51.12
50.01
50.12
52.22

Class-5

49.18

331.33

51.03

2.3.3 Comparison of the Performance of PyTorch and TensorFlow Frameworks
The values of precision, recall, F1Score, and accuracy were slightly better for PyTorch
framework as compared to TensorFlow framework (Tables 2.4 and 2.5), reflecting that
the PyTorch can give the best performance for large convolutional and fully connected
networks using GPUs. The maximum value of accuracy for PyTorch was 0.97 and for
TensorFlow 0.96 (Figure 2.6). There was no major difference in the performance of
PyTorch and TensorFlow frameworks for inference speeds of EfficientNet, GoogLeNet,
and VGG-16.

31

1.00
TensorFlow

PyTorch

Accuracy

0.95

Class-1

Class-2

Class-3

Class-4

EfficientNet

VGG-16

GoogLeNet

EfficientNet

VGG-16

GoogLeNet

EfficientNet

VGG-16

GoogLeNet

EfficientNet

VGG-16

GoogLeNet

EfficientNet

VGG-16

0.85

GoogLeNet

0.90

Class-5

Figure 2.6 Comparison of accuracies of EfficientNet VGG-16 and GoogLeNet using
PyTorch and TensorFlow framework for all growth stages of lambsquarters and potato
plants.
2.4 Conclusions
Different CNN were successfully trained and tested with the images of potato plants and
weeds. Three DCNNs, namely EfficientNet, VGG-16, and GoogLeNet were tested with
two frameworks TensorFlow and PyTorch. EfficientNet and VGG-16 were more
effective than GoogLeNet based on the accuracy of the models. PyTorch framework
performed considerably better than TensorFlow. All CNNs showed reliable results of
accuracies (i.e., 0.88-0.97) for all growth stages of plants; however, maximum accuracy
was recorded for Class-2 (0.96) and Class-5 (0.97) datasets. All CNNs performed well
with respect to inference speeds using both PyTorch and TensorFlow frameworks. The
obtained results for inference times showed that the trained models used in this study
namely EfficientNet, GoogLeNet and VGG-16 meet the requirements of real-time weeds
detection in potato fields. The algorithms in this paper achieve a perfect balance between
accuracy and inference speed, and are suitable for weed detection in real-time
applications. The overall results suggested that the DL models EfficientNet, GoogLeNet
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and VGG-16 may be used in agricultural sprayers for variable rate applications of
agrochemicals for potato cropping systems.
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CHAPTER 3
Development, Calibration and Lab Testing of the Variable Rate Smart
Sprayer System in the Lab Environments
Abstract
In general, agrochemical is applied uniformly in agricultural fields, despite the fact that
distribution of weeds and diseased plants is not uniform in the field. An SVRS was
developed and tested using DL for spot-application of agrochemicals in potato fields to
avoid increased input cost and environmental damages. Real time testing of SVRS took
place for detecting and spraying and/or skipping lambsquarters mixed potato plants
grown in the greenhouse at Agriculture Agri-Food Canada Farm. Varying outdoor light
conditions (sunny, cloudy, and partly cloudy) were taken into consideration for accurate
detection of target plants. Images in a dataset were trained using YOLOv3 and tinyYOLOv3 models. Due to faster performance, the tiny-YOLOv3 was finalized to deploy
in SVRS in this study. The lab experiment was designed under two-factor factorial
arrangements using two treatments (UA and VA) and three levels of weather conditions
(cloudy, partly cloudy, and sunny) with six repetitions in a 2x3 factorial design. The
spraying techniques and weather conditions were the two independent variables with
spray volume consumption as a response variable. By using two-way ANOVA, it was
recorded that there was not a significant effect of volume consumption of spraying liquid
under different weather conditions (cloudy, partly cloudy and sunny) on spraying
application techniques as the p-value was calculated at 0.329 and 0.156 for weeds and
diseased plant identification experiments, respectively. A significant effect of spraying
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application techniques was recorded on volume consumption of spraying liquid (p-value
< 0.01). The SVRS was able to save 42 and 43% spraying liquid during weeds and
diseased plant identification experiments, respectively. Water sensitive paper analysis
showed the applicability of SVRS for variable rate application of spraying liquid. More
than 40% savings of spraying liquid by SVRS would be possible to reduce the input costs
and the environmental risks.
3.1 Introduction
Site-specific variable rate application of herbicides is the preferred technique over
uniform broadcast application to kill weeds present in patches in agricultural fields.
Uniform application of herbicides causes over-application of herbicides, increases crop
input costs, deteriorates the environment (Jurado-Expósito et al. 2005; López-Granados et
al. 2016; Swanson et al. 2014) , risks human health (Lamichhane et al. 2016), and results
in low application efficiency (Creech et al. 2015). The SVRS uses available electronics
and automation in agricultural machinery (Esau et al. 2014) for optimization of
agrochemical applications through a sensor-based control system that helps apply
agrochemicals as and when required (Dammer et al. 2008).
There are different spaying methods for agrochemical applications in the fields, including
broadcasting and band application methods. Broadcasting is considered to be the most
inefficient spraying method; in this method, chemicals are applied uniformly without
considering the variability of the field. By using this technique 60-70% spraying
chemicals are wasted (Netland et al. 1994). Variable rate technology is required to save
the spraying chemicals as well as to decrease the environmental degradation. Almost
40% of herbicides can be saved by considering the patches of weeds in the field during
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the spraying operation. For bushes and tree crops, pesticides can be saved up to 75% by
applying the chemicals according to the canopy structure of trees (Miller 2003).
The use of AI can significantly improve the efficiency of sprayers (Abdulridha et al.
2019a). The AI uses data driven modeling techniques by taking images as input for the
development of an MV system. Weeds are detected on the bases of morphology and
texture of plants (Zaman et al. 2011b).
Real-time detections of targets depend upon several factors, including quality of images,
quantity of images, design of CNN, available memory resources such as GPUs, and other
related hardware. Qiongyan et al. (2017) used CNNs to identify wheat spikes with 86.6%
detection accuracy for the quantification of phenotypic changes that arise genetically or
due to environmental variations. Deep learning models were used for the counting of
wheat spikes and spikelet with 95.9 and 99.7% accuracies, respectively (Pound et al.
2017). Yang and Sun (2019) reported that deep CNNs are supportive in agricultural
applications. They used deep CNN models to classify weeds with > 95% accuracy.
Milioto et al. (2017) reported that the high classification accuracy (99%) could be
achieved using CNNs for sugar beets and weeds distinction.
Deep learning CNN models can also be applied for disease recognition in the plants.
Wheat disease was identified by using these CNN models with 95% accuracy (Lu et al.
2017). In addition, the trained models were used as a smartphone application for realtime recognition of disease in crops. Liakos et al. (2018) detected yellow rust infected
plants of wheat with 99.4% accuracy in wheat crops by using CNNs. Object detection
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models may achieve detection as well as real time accuracy for on the go applications
(Hirz and Walzel 2018).
A rapid surge was observed in applications of object detection models including
autonomous vehicles, agriculture robots and other MV tasks. Among several object
detection CNNs, YOLO and single-shot detector (SSD) are comparatively faster and
more accurate models in object recognition (Ren et al. 2017). YOLOv3 was used in small
aircraft detection, and it performed well concerning accuracy and detection speed at the
same time (Zhao and Ren 2019). Thai traffic signs were detected and recognized using
CNNs with 93% average precision (Shahud et al. 2018). Tiny-YOLOv3 was designed by
simplifying the YOLOv3 algorithm and reducing the depth of convolutional layers,
which improves the inference speed significantly. It is also ideal for running on personal
computers (Xiao et al. 2019).
Many researchers have developed vision-based spot-applicators for weed detection that
operate in real-time using a variety of remote sensing devices (Tian 2002). Vision-based
algorithms were applied to develop variable rate systems for target detection using
Raspberry Pi and OpenCV in drone systems by Pathak et al. (2018b). Machine learning
based systems gave very good accuracy (Han et al. 2016) in real-time target detection
applications (Tijtgat et al. 2017). Partel et al. (2019a) developed and evaluated a low-cost
smart sprayer at lab scale for agrochemical spraying on weeds utilizing YOLO models.
They recorded 40 to 90% accuracy using different Nvidia GPUs. The automated variable
rate sprayers were developed for disease and pest control (Abdulridha et al. 2019b;
Ampatzidis et al. 2017) and for detection of weeds (Fernández-Quintanilla et al. 2018)
using ML techniques. Moller (2010) concluded that computer vision technologies for
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variable rate applications in agricultural fields can reduce the inputs and lower the
operator’s stress levels. It can locate weed spots in real time and manage to spray the
chemical only on the proper location. Möller (2010) obtained a significant reduction in
the total amount of applied volume (58%) using a variable rate prototype during lab
experimentation in comparison with a conventional and constant application volume rate.
It has been reported in literature that YOLO and tiny-YOLO are suitable for real-time
weed and disease detection. Object detection DCNN tiny-YOLOv3 was selected for weed
(lambsquarters) and disease (early blight) detection at lab scale. The image classification
is a technique that is used to classify or predict the class of a specific object in an image.
The main goal of this technique is to accurately identify the features in an image. The
pipeline of object detection models can be mainly divided into three stages that are
informative region selection, feature extraction and classification. In simple words, object
detection is a type of image classification technique, which also identifies the location of
the object instances from a large number of predefined categories in images. Second
reason to use the detection models in sprayer was ease of implementation as compared to
classification models. Furthermore, a trained tiny-YOLOv3 model was deployed and
tested on sprayers for variable rate and site-specific agrochemical applications in potato
crops. This study provides stepwise details for the development of SVRS. Furthermore, a
detailed statistical comparative analysis in the laboratory has been conducted between
variable and uniform rate in terms of spray volume consumptions under different weather
conditions and agrochemical savings.
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3.2 Material and Methods
3.2.1 Hardware Development
A motorized farm buggy was developed in the Faculty of Sustainable Design Engineering
Laboratory and equipped with SVRS accessories (Figure 3.1). The buggy had 0.91 m of
ground clearance (based on maximum plant height) and was 0.89 m wide with tires
spaced as per row spacing of potato fields. The length of the buggy was kept at 1.8 m to
allow adequate space for an operator, engine and necessary hardware. The buggy was
equipped with hardware listed in Table 3.1 and presented in Figure 3.1.
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Table 3.1 The types of equipment used in a smart variable rate sprayer with their
specifications.
Sr No Equipment
1
2

ZOTAC
Mini PC
Relay
module

Specification Sr No Equipment Specification
GeForce
GTX 1050
8 channels

12

Bypass
valve
Pressure
gauge

Watts (LF5300A) 1/2" Bypass
Relief Valve; 0-1724 kPa
Underhill A-Pg160L Liquid Filled
Pressure Gauge 1103 kPa

Pressure
control
valve
Three
nozzles

Renator M11-0660R Water
Pressure Regulator Valve

Elegoo
MEGA 2560
R3
LCD screen Eyoyo 10
Inch IPS
LCD
Speedometer Analog

13

15

Filter

Hypro 3350-0079 Nylon Line
Strainer

6

Three
solenoid
valves

16

Pump

Everflo 12V Diaphragm Pump –
15 lpm

7

Three
cameras

17

Shut off
valve

On/Off

8

Power
supply-1

18

Flow meter

DIGITEN Water Flow Control
Meter LCD Display Controller

9

Power
supply-2

19

Supply
tank

15 litters

10

Power
supply-3

20

Gasoline
engine

7.5 litters

3

4

5

Arduino
mega

11

Baomain
G3/4" Brass
Solenoid
Valve DC
12V
Logitech
C920
Webcam HD
Pro
AIMTOM
42000mAh
155Wh
Power
Station
AIMTOM
230Wh
62400mAh
Portable
Power
Station
12-Volt
18AH SLA
Battery

14

40

TeeJet XR Extended Range Spray
Nozzle XR

Figure 3.1 A model for a smart variable rate sprayer labeled for its equipment and
accessories.
A gasoline engine was used to power the SVRS. Power supply-1 was used to turn the
electric solenoid valves on or off, and to charge the water flow meter. Power supply-2
was spared for the control unit and the computer screen. Power supply-3 was specified
for running the water pump. These power supplies were powered by rechargeable
batteries of 110 V input voltage and 12, 5, and 110 V output voltages, respectively.
Distance between the two adjacent spraying nozzles and two cameras was kept 0.91 m to
cover one row of potato crop with one nozzle and camera (Figure 3.2). Total width of the
sprayer boom was 2.74 m that allowed mounting of three cameras and three nozzles. The
height of the sprayer boom from ground level was kept 0.91 m with 0.30 m adjustability
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to accommodate variations of potato plant height at different growth stages.

Figure 3.2 Spraying boom with nozzles and cameras to account for distance between the
two rows of potato plants cultivated in furrows.
A diaphragm pump with a maximum discharge flow of 15 lpm (litters per minute) and
maximum pressure of 414 kPa was used to supply the water for spraying nozzles. A
pressure relief bypass valve was used for backflow of water towards supply tank and to
maintain the flow toward nozzles in case of one or more nozzles closes when the sprayer
does not detect any weed. Three electric solenoid valves were used to actuate the nozzles
following the signals sent by the control system. Three webcams were mounted at the
heights and positions of spray nozzles to capture the images in real time for further
processing. Height from the ground level and distance between two adjacent cameras
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were adjusted to obtain the zero overlap between the views of cameras. Two emergency
switches (on/off switches), one for the sprayer engine and the second for pump were
installed on front side of sprayer. Relays, Arduino mega and ZOTAC Mini PC were
mounted in a control box. All the cameras were attached with a ZOTAC Mini PC by
USB cables. An LCD panel was mounted at right front side of the sprayer and attached to
the ZOTAC Mini PC by HDMI cable (Figure 3.1).
3.2.1.1 Calibration of SVRS components
A calibration bed was developed to calibrate components of the sprayer (Figure 3.3).
Nozzles, flow meter and pressure control valves were calibrated using the calibration bed.
A speedometer was calibrated after installing all the components on the buggy.

Figure 3.3 Calibration bed to calibrate the nozzles and different valves of a smart variable
rate sprayer.
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3.2.2 Image Acquisition
Two types of cameras (Canon PowerShot SX540 HS camera and Logitech C270 HD
Webcam) were used to capture the images of weeds and potato plants from three potato
fields in PEI and two fields in NB; 7000 images of lambsquarters and potato plants were
taken from the potato fields. About 200 plants of lambsquarters and 200 for potato plants
were grown in pots placed inside the greenhouse of Agriculture and Agri-Food Canada,
Harrington Research Station, PEI, Canada. Out of 400 plants of weed and potato, 310
plants were used for the model’s training purpose and the remaining 90 plants (potato =
30, disease = 30, and weed = 30) were used for lab testing of SVRS. Five thousand
images of weed and potato plants were captured using 310 plants grown in the
greenhouse. All the images were taken at different growth stages of weed and potato
plants to cover variations in structure, color and other physical features of lambsquarters
and potato plants during their life cycle. Altogether, 12000 images were taken for potato
plants and lambsquarters, in addition to 12000 images for diseased plants. A dark brown
color was spread over the potato plants to mimic early blight disease symptoms due to
unavailability of diseased plants. Mixed images (images taken from different fields and
from green house plants) were used for weed and diseased plant detection training
purpose.
All the images were taken at different times of the day, under varying light intensities, at
different heights from the ground level and from different angles to capture every
possible setting for DL models.
3.2.3 Training of Models
All the images were resized to 1280×720 pixels, using Irfanview (Version 5.54) software,
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and labeled using Yolo Mark (https://github.com/AlexeyAB/Yolo_mark) tool. The
annotations saved by using this tool are in the format acceptable by YOLO. The ratio of
training and testing validation images was 70:30 for both weed and diseased images
datasets. The images used for training were not used during testing. For real time
detection, the color images of potato plants were used instead of diseased plants. All the
training experiments were performed using GPU (Nvidia GTX 1080 Ti) on Ubuntu
16.04. YOLO and tiny-YOLO algorithms developed by Redmon and Farhadi (2018a),
were used to train the model using the Darknet framework. Tiny-YOLO is the simplified
version of YOLO which is faster; however, less accurate in comparison with YOLO
(Zhang et al. 2019). The YOLO models were trained using learning rate of 0.001, batch
size of 32, image size of (416×416) momentum of 0.95, weight decay of 0.0005, and
iterations ranged from 6000 to 9000.
3.2.4 Evaluation Indicators
The following parameters were used to evaluate the performance of neural networks
(Zhao and Ren 2019).
•

Precision

Precision shows the effectiveness of neural networks in identification of positive labels,
which means the correct identification of targets. The best precision is considered at 1.0;
whereas, the poor precision is at 0.0. It was calculated as:
Precision =

TP

TP+FP
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(1)

•

Recall

Recall measures how the neural network identifies the targets it means the correct
identification of weed, diseased and healthy plants in this study. Its value varies from 0 to
1. It can be calculated by:
Recall =
•

TP

TP+FN

(2)

F1Score

F1Score measures the harmonic mean of precision and recall, and it gives the accuracy of
detecting positive labels by neural network. The best F1Score is 1.0, the worst is 0. It can
be calculated by:
F1Score =
•

2×Precision×Recall
Precsion+Recall

(3)

Intersection over Union

Intersection over union (IOU) measures the accuracy of detecting corresponding objects
in a specific data set. Its value ranges from -1 to +1. It can be calculated as:
IOU =
•

TP

(4)

FP+TP+FN

Mean Average Precision

The Mean average precision (mAP) is the product of precision and recall of the detected
bounding boxes. Its value varies from 0 to 100. The higher the number, the better it is.
The mAP is measured by using the following equation:
mAP = ∑𝑛𝑛𝑘𝑘=1 𝑃𝑃(𝑘𝑘)𝛥𝛥𝛥𝛥(𝑘𝑘)

(5)

Where P(k) is the precision at threshold k and ∆r(k) is the change in recall.
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3.2.5 Deployment of Models
The functions of SVRS were automated with a relay and microcontroller using serial
connection with python script. After image acquisition by cameras the trained models
infer the results in the form of bounding boxes around the targets. Detected targets create
the signal for the microcontroller, which activates the relays and solenoid valves. As the
solenoid valve opens the spraying nozzle is actuated and the spraying liquid is applied on
the target. The computational unit and the microcontroller unit were made to
communicate by using a USB connection. An Arduino script (that controls the valves)
was developed to read the serial data coming from the computational unit containing the
"target to be sprayed" (weed) position. For example, when the target is detected, the 5V
the signal goes to the relay through Arduino and actuates the nozzle for opening the 12V
solenoid valve. Conversely, if no target is captured by the cameras, no signal is received
by the control unit, and in this consequence the solenoid valves and spraying nozzles
remain off and spraying liquid goes back to the tank through a pressure release valve
(Figure 3.4).
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Figure 3.4 Flow chart of a smart variable rate sprayer for real time detection of required
weed or diseased plants and targeted application of agrochemicals.
3.2.6 Lab Experiment Design
All the experiments were performed in the industrial parking lot at the Faculty of
Sustainable Design Engineering, UPEI, PEI, Canada. Lambsquarters and potato plants
grown in the greenhouse were brought to the lab to evaluate the performance of SVRS.
Dark brown colors (multi-surface paint) were spread over the potato plants to mimic
early blight disease symptoms and to detect diseased plants. Plant pots were randomly
spread on three rows of 60 meters long and 2.74 meters wide strip (Figure 3.5). Thirty
targets (both weed and colored potato plants) and thirty non-targets (healthy potato
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plants) were randomly placed in three rows on the strip. The lab testing was performed at
different weather conditions (cloudy, partly cloudy and sunny) using two spraying
application techniques; i.e., VA and UA. The experiment design consisted of two
treatments (VA and UA) and six replications of each treatment for weed detection
experiments. The same experimental design was revised for the diseased plant detection
experiments. The two categorical variables evaluated in this study were weather
conditions and two spraying application techniques. The response variable evaluated in
this study was the quantity of spraying liquid (liters) by two different spraying
application techniques. Water was used as the spraying liquid during all trials to ensure
the experimental approach to be environmentally friendly. All the experiments were
conducted at 310 kPa pressure of spraying liquid. All the experiments were repeated six
times with the ground speed of the sprayer’s buggy moving at 5 km h-1. The speed of the
sprayer was constantly observed on the speedometer.
3.2.7 Measurement of Spraying Patterns and Percent Area Coverage
Water sensitive papers were stapled on the targets and non-targets to measure the
spraying pattern and percent area coverage for SVRS during uniform and variable
application of the spraying liquids. Custom software written in C++ language was used to
process the water sensitive papers. Images of water sensitive papers were used in .bmp
format to get the blue ratio in percentage for measuring percent area coverage.
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Figure 3.5 Lab experiment design for smart variable rate sprayer testing consisted of 60
meters long and 2.74 meters wide strips of randomly arranged health, diseased, and weed
plants.
3.2.8 Statistical Analysis
Both weed and diseased plant detection experiments were designed under two-factor
factorial arrangements for two treatments (UA and VA) and three levels of weather
conditions (cloudy, partly cloudy, and sunny) with six replications using a 2x3 factorial
design. The spraying techniques and weather conditions were the two independent
variables with response variable, volume consumption of spraying liquid. Two-way
(ANOVA) was run to examine the effects of treatments (variable rate application and
uniform application) and weather conditions (cloudy, partly cloudy and sunny) on
quantity of spraying liquid consumed. By using ANOVA, the differences in mean values
were evaluated. The ANOVA assumptions, such as independent observations, normal
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distribution, and within-groups homoscedasticity, were evaluated for each hypothesis.
In lab and field experiments, I have tested three hypotheses using two-way ANOVA:
Null hypothesis
There is no difference in the volume
consumption of spraying liquid for UA and
VA spraying application techniques.

Alternate hypothesis
There is a difference in the volume
consumption of spraying liquid for UA and
VA spraying application techniques.

There is no difference in volume
consumption of spraying liquid during
different weather conditions.

There is a difference in volume
consumption of spraying liquid during
different weather conditions.

The effect of one independent variable on
the volume consumption does not depend
on the effect of the other independent
variable (no interaction effect).

There is an interaction effect between
spraying application techniques and
weather conditions on volume
consumptions.

In this study, the group means were compared with Fisher LSD comparisons test. Minitab
19 (State College, Pennsylvania State University, PA: Minitab, Inc.) was used in the
calculation of ANOVA and multiple means comparisons tests. The t-test was applied to
analyze the water sensitive papers results to observe the percent area coverage using VA
and UA techniques. The same software was used to run the t-test for water sensitive
papers.
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Table 3.2 Light intensity values at different weather conditions under which a smart
variable rate sprayer was tested.
Experiment

Weed
Detection

Simulated
Diseased
Plant
Detection

Light
Intensity
(Lux)*100

Test

Replication

Target

Weather
Condition

1

6

Weed Plant

Cloudy

260-360

2

6

Weed Plant

Partly Cloudy

400-545

3

6

Weed Plant

Sunny

550-886

4

6

Simulated
Diseased Plant

Cloudy

277-350

5

6

Simulated
Diseased Plant

Partly Cloudy

430-468

6

6

Simulated
Diseased Plant

Sunny

500-895

3.3 Results and Discussions
3.3.1 Training and Detection of Deep Learning Models
Tiny-YOLOv3 and YOLOv3 were used to train the weed and diseased plant detection
datasets using Darknet framework. For both datasets (weed and diseased potato plants)
YOLOv3 performed comparatively better than tiny-YOLOv3 with respect to accuracy for
both weed and diseased plants datasets. But the inference speed of tiny-YOLOv3 was
considerably higher as compared to speed of YOLOv3. Due to high value of FPS the
tiny-YOLOv3 model was finalized to deploy in the SVRS. Redmon and Farhadi (2018b)
also recommended the tiny-YOLOv3 for real time performance over YOLOv3 due to
inference speed. The mAP values were recorded at 78.2 and 93.2% using tiny-YOLOv3
and YOLOv3 models, respectively, for the weed dataset. Similarly, the mAP values were
76.4 and 91.4% for tiny-YOLOv3 and YOLOv3, respectively, for diseased plants dataset
(Table 3.3). A similar trend was observed for other statistical significance indicators; i.e.,
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precision, recall and F1Score values for diseased plants dataset using these models (Table
3.3). Schumann et al. (2019) recorded close results for the YOLOv3-spp network which
performed best with 91% recall, and 28.3 milliseconds inference time, and could
successfully identify the maturity stages of blueberries in the field. The study results
showed that the mAP value for weed dataset was comparatively higher than simulated
disease plants dataset. It means that it was easier to distinguish the weeds from potato
plants as compared to simulated disease infected plants from healthy potato plants. This
may be because of morphology of the plant leaves or because the disease was simulated
and not real. Geometry and orientation of weed leaves are different from potato leaves,
making their detection possible as compared to detection of disease symptoms on the
same orientation of potato leaves. Partel et al. (2019a) also recorded precision = 71 and
recall = 78 for weed detection using YOLOv3 models.
Table 3.3 Results of tiny-YOLOv3 and YOLOv3 models for both weed and diseased
plants datasets.
Datasets
Model
Tiny-YOLOv3
Weed Plant
Diseased Plant Tiny-YOLOv3
YOLOv3
Weed Plant
YOLOv3
Diseased Plant

Precision
0.86
0.78
0.92
0.84

Recall
0.79
0.8
0.87
0.82

F1Score
0.78
0.75
0.85
0.83

mAP%
78.2
76.4
93.2
91.4

FPS
30.0
30.5
14.6
15.6

mAP = mean average precision and FPS = frames per second

3.3.2 Performance Evaluation of SVRS
During the weed detection experiment, a significant difference in volume consumption of
spraying liquid was recorded between VA and UA spraying techniques. Non-significant
differences in volume consumption of spraying liquid was observed under different
weather conditions, using either VA or UA spraying technique. A large quantity of
spraying liquids were saved using VA spraying technique under every weather condition
(cloudy = 41.76, partly cloudy = 42.71 and sunny = 43.29%) (Table 3.4). Llorens et al.
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(2010) recorded a significant reduction in spraying chemical volume (57%) using a
variable rate sprayer prototype. The study results supported the findings of Giles et al.
(1989) whose spray volume savings ranged from 28 to 52% by using VA techniques of
chemicals.
In the diseased plant detection experiment, the percent savings of the applied liquids were
47.79, 48.67 and 48.48% for cloudy, partly cloudy and sunny conditions, respectively.
There was a non-significant difference of volume consumption of spraying liquid under
different light conditions for both spraying techniques. During the weed detection
experiment, relatively less percent saving of spraying liquid was recorded, (Table 3.4).
Under cloudy conditions, the amount of volume consumption was relatively high during
both weed and diseased plant detection experiments, which might be due to some missing
of targets (5%) due to low light intensity. The possible reason for this may be a decrease
in the quality of image under lightning conditions as reported by Dobashi et al. (2001).
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Table 3.4 Descriptive statistics to find volume consumption of spraying liquid using two spraying techniques (VA and UA) under
three weather conditions (cloudy, partly cloudy and sunny) for weed and diseased plant detection experiments.
Response Variable

Treatment
VA

Volume
Consumption (L)
UA

VA
Volume Consumption
(L)
UA

Weed Detection Experiment
Condition
N
Mean
StDev
Cloudy
6
1.2180
0.0843
Partly Cloudy
6
1.2112
0.0692
Sunny
6
1.1887
0.0306
Cloudy
6
2.0917
0.0117
Partly Cloudy
6
2.1145
0.0711
Sunny
6
2.0962
0.0595

Minimum
1.085
1.11
1.122
2.076
2
2.004

Diseased Plant Detection Experiment
Cloudy
6
1.1118
0.0721
Partly Cloudy
6
1.1303
0.0547
Sunny
6
1.1047
0.0531
Cloudy
6
2.1297
0.0188
Partly Cloudy
6
2.2022
0.1045
Sunny
6
2.144
0.0323

1.007
1.06
1.026
2.1
2.07
2.1

Maximum
1.324
1.324
1.2
2.108
2.2
2.17
1.2
1.21
1.18
2.153
2.32
2.19

% Saving
41.76
42.71
43.29
NA

47.79
48.67
48.47
NA

VA = variable rate application; UA = uniform application; N = number of replications; and StDev = standard deviation;

Non-target detections (6.7%) were recorded in diseased plant detection experiments. It was probably due to similarity in shape of the
targets non-targets for weed and diseased plant experiments.
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A two-way ANOVA (Table 3.5) was run to examine the effects of treatments and
weather conditions on volume consumption of spraying liquid. It was recorded that there
was not a significant effect of volume consumption of spraying liquid under different
weather conditions (cloudy, partly cloudy and sunny) on spraying application techniques
(p-value = 0.329). Similarly, there was a non-significant interaction (spraying application
techniques x weather conditions) on volume consumption, p-value = 0.773, indicating all
the interactions between spraying application techniques and weather conditions were
statistically the same.
Table 3.5 Two way ANOVA comparison to observe the effect of different weather
conditions (cloudy, partly cloudy and sunny) on spraying application techniques and their
interactions for weed and disease experiments using a smart variable rate sprayer at lab
scale.
Experiment

Weed
Detection

Simulated
Diseased
Plant
Detection

Response
Variable

Source

DF

Volume
Consumption
(L)

Treatment
Condition
Condition*Treatment
Error
Total

1
2
2
30
35

Volume
Consumption
(L)

Treatment
Condition
Condition*Treatment
Error
Total

1
2
2
30
35

Mean
Square
7.5826
0.0041
0.0009
0.0036

FValue
2108.4
1.15
0.26

PValue
< 0.01
0.329
0.773

9.7906
0.0076
0.00222
0.0038

2517.4
1.97
0.57

< 0.01
0.156
0.571

DF = degree of freedom

Simple main effects analysis showed that there was a significant effect of spraying
application techniques on volume consumption (p-value < 0.01) (Table 3.5). By using the
Fisher LSD comparison, it suggested that the volume consumption for UA was
significantly higher than the VA during the weed detection experiment. A similar trend
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was observed in diseased plant detection experiments (Table 3.5). Statistical analysis
showed that SVRS could significantly reduce the volume consumption of spraying liquid
during weed and diseased plant detection experiments.
3.3.3 Spraying Patterns and Percent Area Coverage
The water sensitive paper stapled with targets or non-targets were turned to blue shade
when spraying liquid was applied on detection by the system. The minimum blue ratio
for uniform rate application was recorded at 32.3 and its maximum value was 71.4
percent (Figure 3.7). Blue ratio values for variable rate application were recorded at
minimum 35.5 and maximum 66.7 percent (Figure 3.6). The percent area coverage of the
sprayed water sensitive papers ranged from 32.3 to 71.4% and 35.5 to 66.7% using
uniform and variable rate techniques, respectively (Figures 3.6 and 3.7). The reason for
variation in percent area coverage might be due to spray drift caused by high wind speed.
The percent area coverage of water sensitive paper with the VA technique ranged from 0
to 2.89% in missing target areas. The cause of very small percent area coverage could
have resulted from spray drift from adjacent nozzles or from the spray drifting from the
front or back edge of the missing targets.
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Figure 3.6 Processed images of water sensitive papers for variable rate application.
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Figure 3.7 Processed images of water sensitive papers for uniform application uniform
application.
Table 3.6 Results of t-test to compare the developed a smart variable rate sprayer in
comparison to uniform application
Experiment
Weed Detection
Diseased Plant Detection

Treatment

N

Mean

StDev

UA
VA
UA
VA

15
15
15
15

46.6
47.42
45.98
48.62

12.3
9.87
10.91
10.01

SE Mean P-Value
3.2
2.5
2.7
2.2

0.83
0.85

UA = uniform application; N = number of observations; VA = variable rate application; StDev = standard
deviation; and SE = standard error

By using t-test, the probability value was calculated at 0.83 (weed detection experiment)
and 0.85 (diseased plant detection experiment) for percent area coverage of uniform rate
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applications and variable rate applications. Similar results were reported by (Esau et al.
2014) for VR sprayers evaluated in wild blueberry fields. The p-value shows that there is
a non-significant difference between VA and UA techniques with respect to spraying
pattern and percent area coverage for targeted areas by using the SVRS, which means
SVRS is applicable for the targeted application of spraying chemicals in the agricultural
fields.
3.4 Conclusion
A variable rate smart sprayer was developed and evaluated at lab scale for site specific
application of spraying liquids. Nozzles, valves and a speedometer were calibrated for
better performance of the sprayer. Both DCNN models tiny-YOLOv3 and YOLOv3
performed adequately with respect to accuracy, but inference speed of tiny-YOLOv3 was
considerably higher than YOLOv3 model. It suggested deploying the tiny-YOLOv3 in
SVRS. The SVRS successfully detected the weeds, simulated diseased plants and green
potato plants using tiny-YOLOv3 with Darknet framework. The VA technique of
spraying liquid was significantly better than the UA. The SVRS was able to save 42 and
43% spraying liquids for weed and diseased detection experiments, respectively. Farmers
would be applying the agrochemical using DL based sprayers under every weather
condition. Water sensitive paper analysis showed that SVRS could be used to get good
percent area coverage as in UA. So, the SVRS could be viable for site-specific
applications of herbicides and fungicides in potato crops. More than forty percent savings
of spraying liquid showed that the SVRS has a potential to save input costs of spraying
chemicals while helping to protect the environment.
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CHAPTER 4

Field Evaluation of the Developed Smart Variable Rate Sprayer for
Spot-Application of Agrochemicals on Weed and Diseased Plants within
Potato Fields
Abstract
Automated smart spraying systems have become an essential tool for reducing
agrochemical use and ensuring sustainability. Development and implementation of
automated smart sprayers requires accurate recognition and identification of weeds,
diseases and pests. The objective of this study was to evaluate the field performance of
the SVRS using DCNNs for targeted applications of agrochemicals within potato fields.
Field experiments were conducted with the sprayer under different light conditions at a 5
km hr-1 ground speed. Water sensitive papers were placed at randomly selected locations
to examine the detection and spraying accuracy of the developed SVRS. The sprayer was
also operated in a uniform mode for comparison purposes. A field experiment was
designed under two-factor factorial arrangements using two treatments (UA and VA) and
three levels of weather conditions (cloudy, partly cloudy, and sunny) with six repetitions.
The spraying techniques and weather conditions were the two independent variables with
response variable, volume consumption of spraying liquid. The two-way ANOVA test
showed a non-significant effect of volume consumption of spraying liquid under different
weather conditions (cloudy, partly cloudy and sunny) on spraying application techniques
(VA and UA) as p-value was recorded 0.968 and 0.751 for weed and diseased plant
detection experiments, respectively. There was also a significant effect of spraying
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application techniques on volume consumption (p-value < 0.01). The SVRS was able to
save 47 and 51% spraying liquid for weed and diseased plant detection experiments,
respectively, under all weather conditions. The results of the t-test using water sensitive
papers reported that the SVRS was non-significantly different from uniform applications
in terms of percent area coverage. These results suggested that the SVRS was equally
good in applying agrochemicals on an as-needed basis when compared with traditional
uniform spraying. Results suggested that the SVRS was able to save more than 45% of
agrochemicals for weed and diseased plant detection experiments during field testing.
Results suggested that the developed SVRS has a great potential to reduce agrochemical
use by accomplishing the targeted applications in real-time.
4.1 Introduction
Production of crops decreases significantly due to weeds, diseases, pests, and insect
impacts on the crops at different growth stages. Weeds use a significant amount of
nutrients, water, and sunlight allocated to crops. Uncontrolled damages due to weeds,
diseases, pests, and insects can drastically reduce the crop yield and quality (Sankaran et
al. 2010).
Oerke (2006) reported more losses to crops due to weeds when compared with pest,
insects, nematodes, rodents, and diseases attacks on the crops. Globally, about 43% of
crop production losses are due to uncontrolled weeds. Total annual estimated agricultural
production loss due to weeds is 45%. The insects, diseases, and pests contribute towards
yield loss by 30%, 20%, and 5%, respectively (Rao 2000). In some crops, disease
infestations can cause more losses to the crop yield. About 60% of losses in the
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production of grapes are linked with uncontrolled disease management (Naidu et al.
2014).
Farmers are always conscious about crop production as it impacts their profitability.
Agrochemicals are being used for weed and disease control in order to increase crop
production (Peña et al. 2013). Traditional uniform application results in over/under
application of agrochemicals as weed and disease distribution is non-uniform (patchy)
within fields. Uniform application of agrochemicals increases the production cost and
poses risks to the environment (Shaner and Beckie 2014).
Leach and Mumford (2008) also reported that the uniform application of herbicides,
fungicides and pesticides pollutes the atmosphere, contaminates the soil and groundwater,
and sometimes damages the food. This situation demands for smart applicators using
deep learning and AI for precise and site-specific application of agrochemicals
(Abdulridha et al. 2019a; Ampatzidis et al. 2017).
Development of smart sprayers requires accurate detection of weeds, pests, and disease
infestation in real-time ML has shown significant potential in detection of agricultural
targets in real-time (Liakos et al. 2018). The DCNNs were applied for the identification
of yellow rust disease in wheat crops with 99% detection accuracy (Moshou et al. 2004).
Lu et al. (2017) recognized the wheat disease by using CNN with over 90% accuracy.
Accurate weed identification within fields requires maximum classification accuracy.
Therefore, CNNs are recommended. Milioto et al. (2017) reported 99% accuracy in
classification of sugar beets and weeds, suggesting the suitability of CNNs for weed
detection purposes.
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Application of CNNs with highly accurate models and fast inference speed is very
important for real-time applications (Ogden and Guo 2019). The deep convolutional
neural network, YOLOv3 is an object detection neural network, which can show fast
inference time with a little bit of compromise on accuracy. The actuation of spraying
nozzles after video processing from cameras depends upon the inference time of the deep
learning models for real-time site-specific applications. Lower inference time is required
for real-time applications (Fennimore et al. 2016). Valiati and Menotti (2019) used
YOLOv3 for small aircraft detection systems reporting good accuracy and low inference
time.
Xiao et al. (2019) reported that DL models (YOLO and SSD) are more efficient in realtime object detection. Tiny-YOLOv3 was proposed to increase real-time performance as
compared to SSD and YOLOv3. Tiny-YOLOv3 is the simplified form of the YOLOv3
model that was designed by reducing the depth of convolutional layers, which improves
the running speed significantly.
Many studies have been conducted on the development of smart spraying technologies
using computerized sensors and neural networks. Partel et al. (2019) developed a smart
sprayer for targeted applications of agrochemicals using YOLOv3 model. The authors
reported 71% precision and 78% recall value for real-time plant detection. Schumann et
al. (2007) developed ultrasonic and optical sensors based on automated systems to
control the placement and rate of fertilizers and pesticides with VR fertilizer spreaders in
Florida citrus groves. Esau et al. (2014) evaluated a smart sprayer for a wild blueberry
cropping system reporting that the smart sprayer performed equally well when compared
with uniform applications. The authors also reported significant agrochemical savings
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(9.90 – 51.22 %) with smart sprayers with compared with uniform application. Carrara et
al. (2004) saved 29 % herbicide with VR application as compared to conventional
application in a wheat crop field. The variable rate technology is preferred over uniform
technology due to spatial variability (Farooque et al. 2012) and high proportion of bare
spots (30-50 %) in the fields (Zaman et al. 2011b). Chattha et al. (2014) evaluated
variable rate spreader for real-time spot-application of granular fertilizer in wild
blueberry fields on the basis of spatial variability in the fields. Gerhards and Oebel (2006)
developed a variable patch spraying system that saved 6–81% herbicides against broad
leaved weeds and 20–79% for grass weed herbicides in winter cereal crops. Highest
savings were achieved in cereals followed by sugar beet, maize and winter rape. The
efficacy of weed control varied from 85 to 98%.
This research developed an SVRS by using DL model YOLO for site-specific application
of herbicides and fungicides in potato crops. This chapter evaluates the performance of
the SVRS in its detection of (lambsquarters and corn spurry (Spergula arvensis)), disease
(early blight), and spot-spraying on an as-needed basis.
4.2 Materials and Methods
4.2.1 Hardware of Smart Variable Rate Sprayer
The SVRS was developed at the Faculty of Sustainable Design Engineering, University
of Prince Edward Island as mentioned in chapter 3. Figure 4.1 shows the main
components of the SVRS. The SVRS design considered a working width of 2.74 m
behind the custom-developed vehicle. The sprayer boom consisted of three spray nozzles,
covering 0.91 m width each. The height of the sprayer and sensing boom from the ground
was 0.91 m with an adjustment of 0.30 m to encounter variations in plant height at
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different growth stages within potato field. The hardware components were selected to
develop a prototype with a fast response and precise spray upon a received digital signal
from a control system. The liquid to be sprayed was stored in a 20 L tank equipped with a
414 kPa, 15 lpm pump (Everflo 12V Diaphragm Pump). This pump maintained a
constant 414 kPa pressure inside the sprayer. In order to properly distribute a constant
pressure for all three nozzles, a manifold was designed with 1 input and 3 outputs for
each valve and nozzle individually. The 12 V solenoid valves (Baomain G3/4" Brass
Solenoid Valve) were used to control each nozzle. The nozzles (TeeJet XR Extended
Range Spray Nozzle) were adjusted to change the angle of the spraying cone. Three lowcost web cameras were utilized (Logitech C920 Webcam HD Pro) for real-time image
acquisition. The cameras were positioned on the boom frame to cover the working length
of 1.08 m (equally divided into 3 spaces of 0.45 m for each camera). The cameras were
positioned to achieve a minimum overlap. Finally, a computational unit ZOTAC Mini PC
(GeForce GTX 1050) was utilized and evaluated to perform field evaluations of the
developed SVRS. The ZOTAC computer uses a base clock of 2400 MHz, and it has GPU
memory of 2 GB.
A gasoline engine was used to power the custom developed SVRS. Three batteries were
used to run the hardware of the SVRS. One battery was used to turn the electric solenoid
valves (on and/or off) and to operate the water flow meter. The second battery was
dedicated to the control unit and the computer screen. The third battery was responsible
for operating the water pump. These power supplies were powered by rechargeable
batteries (pack with inverters) of 110 V input voltage and 12, 5 and 110 V output
voltages, respectively.
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A pressure relief bypass valve was used for backflow of water towards the supply tank.
This helped to maintain the flow toward nozzles, in the case of one or more nozzles
closing when the SVRS did not detect any target. Two emergency on/off switches were
installed on the front side of the sprayer (one for the sprayer engine, and the second for
the pump). Relays, Arduino mega and ZOTAC Mini PC were mounted in a control box.
All the cameras were connected with ZOTAC Mini PC via USB cables. The LCD was
mounted on the right front side of the SVRS. The LCD panel was hooked up with the
ZOTAC Mini PC using an HDMI cable. All the nozzles and valves were calibrated in the
lab prior to their integration into the SVRS and testing in the field.
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Figure 4.1 Diagram for smart variable rate sprayer with components. 1: Control box, 2:
LCD, 3: Nozzle, 4: Solenoid valve, 5: Camera, 6: Power box and 7: Water tank.
4.2.2 Data Collection
A Canon PowerShot SX540 HS camera and Logitech C270 HD Webcam were used to
capture the images of weeds, diseased, and potato plants from five potato fields in PEI
and NB during the growing seasons of 2018 and 2019. Images were captured at different
growth stages of weed, disease and potato plants for effective training of models. In total,
24000 images were captured during two seasons to train, test, and validate the models
before their integration into the SVRS. All the images were captured at different light
intensities, angles and heights to enable SVRS to encounter these variations. Details on
the image acquisition and processing can be adopted from chapters 2 and 3.
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4.2.3 Training of Networks
Irfanview (Version 5.54) software was used to resize the images to 1280×720 pixels.
Yolo Mark (https://github.com/AlexeyAB/Yolo_mark) tool was used for labeling the
images. Thirty percent of images were used for validation for both weed and diseased
datasets. A GPU (Nvidia GTX 1080 Ti) was used to train the DL models. Tiny-YOLOv3
was used to train the weed and disease datasets using Darknet framework. The precision,
recall, F1Score, and mAP were calculated to evaluate the performance trained models in
the field environment. A flow chart representing the training of the models is shown in
Figure 4.2. The argument values for model training are given in Table 4.1.
Table 4.1 The argument values for training dataset of weeds and diseased plants images.
Parameters

Values

Learning rate
Batch size
Image size
Momentum

0.001
32
416×416
0.95

Weight decay

0.005

Maximum iteration

6000-9000
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Figure 4.2 Training of dataset using deep learning model.
4.2.4 Working of Smart Variable Rate Sprayer
The working of SVRS was automated with relay switches and microcontroller using
serial connections with a python script. Codes were run parallel to reduce the running
time. After image acquisition by cameras, training models were run by a computational
unit and bounding boxes were created around the targets (weed and diseased plants). The
detection of target information (signal) was sent to the microcontroller. The
microcontroller was connected with the relays to open the solenoid valve based on the
received signal. As the solenoid valve opened, the spraying nozzle was actuated and the
spraying liquid was applied on the targets in real-time. The communication between the
computational unit and the microcontroller was accomplished using a USB connection.
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An Arduino script (that controls the valves) was developed to read the serial data coming
from the computational unit containing the "target to be sprayed" (weed/disease) position.
When the target is detected, a 5 V signal was sent to the relay through Arduino to actuate
the nozzles for opening the 12 V solenoid valve (Partel et al. 2019). The working
principle of the SVRS is presented in Figure 4.3.

Figure 4.3 Flow chart showing the working principle of the smart variable rate sprayer.
4.2.6 Water Sensitive Papers Analysis
Fifteen water sensitive papers were stapled on the targets (weeds and diseased plants) and
non-targets (potato plants) to examine the detection accuracy and spraying pattern of
SVRS during uniform and variable rate applications. The water sensitive papers were
removed after the test was accomplished on variable rate models of the SVRS. The new
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water sensitive papers were placed on the same locations to operate the SVRS on uniform
mode. The sprayer was turned on uniform mode with all the nozzles open to compare the
percent area coverage with variable rate. The collected water sensitive papers were air
dried prior to analysis. Custom software written in C++ programing language was
utilized to process and analyze the water sensitive papers. Images of water sensitive
papers were used in .bmp format to get the blue ratio in percentage for measuring percent
area coverage.
4.2.7 Statistical Analysis
These field experiments were designed under two-factor factorial arrangements for two
treatments (UA and VA) and three levels of weather conditions (cloudy, partly cloudy,
and sunny) with four replications using a 2x3 factorial design. The spraying techniques
and weather conditions were the two independent variables with volume consumption of
spraying liquid as a response variable. A two-way analysis of variance (ANOVA) was
used to evaluate the differences in mean values of volume consumptions. Hypotheses
were designed to examine the effects of treatments (VA and UA) and weather conditions
(cloudy, partly cloudy and sunny) on quantity of spraying liquid consumed and of the
interaction effect between spraying application techniques and weather conditions on
volume consumptions. The ANOVA assumptions, such as independent observations,
normal distribution, and within-groups homoscedasticity, were assessed for each
hypothesis. In this study, the group means were compared with Fisher LSD comparisons
tests. Minitab 19 (State College, Pennsylvania State University, PA: Minitab, Inc.) was
used in the calculation of ANOVA and multiple means comparisons tests. The t-test was
performed to observe the percent area coverage during spraying application techniques.
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4.2.5 Field Evaluations and Experimental Design
In order to evaluate the performance of the custom developed SVRS, two potato fields
were selected at Agriculture and Agri-Food Canada, Harrington Research Station, PE.
One field was utilized for weed detection and variable rate spraying in real-time (Figure
4.4). This field was weedy in nature, confirming its suitability for field evaluations of
SVRS in terms of targeted applications only on weeds. The other field that was selected
was utilized for disease detection and to test the targeted application of fungicides. Six
strips (95m×2.74m) were constructed in each field to perform the field evaluations of the
SVRS. Each strip contained three rows of potatoes with random spatial distribution of the
weed and disease patches. There were more weeds that appeared in the west side of the
field. The field evaluations of the sprayer were carried out under different light
conditions, i.e., cloudy, partly cloudy and sunny. The field experiment was under twofactor factorials, involved two treatments (variable rate application and uniform
application) and four replications of each treatment for both weed and disease
experiments. The two main variables that were evaluated in this study were weather
conditions and two spraying application techniques. The response variable assessed in
this study was volume consumption (liters) used by two different spraying application
techniques to investigate the field performance of the SVRS in terms of the targeted
application of herbicides and fungicides. The water sensitive papers were randomly
placed in each strip for weed and disease experiments to evaluate the detection and spot
spraying accuracy. The SVRS was operated at 5 km hr-1 for all field testing, as lab testing
showed good accuracy at that speed. The volume of water used for uniform and variable
rate treatments was recorded to calculate the potential agrochemical savings. The water
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sensitive papers were analyzed for percent area coverage to examine the significant
differences in variable and uniform treatments. Water was used in all field
experimentation for safety and security reasons. Figure 4.4 and Table 4.2 illustrate the
experimental layout for the field testing of the SVRS at Harrington Research Station,
PEI, Canada.
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Figure 4.4 (a) Layouts of weed detection experimental field and (b) diseased plant
detection experimental field for VA and UA applications under different weather
conditions to evaluate the performance of the a smart variable rate sprayer.
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Table 4.2 Experimental conditions under which developed a smart variable rate sprayer
was tested.
Experiment

Weed
Detection

Diseased
Plant
Detection

Test

Replication

Target

Weather
Condition

Light
Intensity
(Lux)*100

1

4

Weeds

Cloudy

290-325

2

4

Weeds

Partly Cloudy

515-570

3

4

Weeds

Sunny

876-905

4

4

Cloudy

337-285

5

4

Partly Cloudy

430-468

6

4

Sunny

790-895

Diseased
Plant
Diseased
Plant
Diseased
Plant

4.3 Results and Discussions
4.3.1 Deep Learning Model’s Training
YOLOv3 and tiny-YOLOv3 were trained using Darknet framework for both datasets
(weeds and diseased plant detection). Tiny-YOLOv3 identified the positive labels with
remarkable precision (0.87 & 0.84), recall (0.75 & 0.64), and mAP (76.4 & 69.9) during
model testing and development. The FPS rate of the tiny-YOLOv3 network was 31.5 FPS
and 31 FPS for weeds and diseased plant detection, respectively. These FPS rates
suggested the suitability of the model for real-time applications. Bianco et al. (2018)
reported 30 FPS on Titan Xp using deep neural networks with an accuracy of 79.11%.
The authors suggested that this FPS rate can be used for real-time performance of the
network. Our results are in accordance to Partel et al. (2019a) who recorded 22 FPS
inference speed of tiny-YOLOv3 model using the Jetson TX2 which is very similar to
Nvidia GeForce GTX 1050. The mAP, recall, and precision values for trained models
suggested good performance of the models for weeds and diseased plants datasets (Table
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4.3). Results revealed that the performance of the tiny-YOLOv3 model was better for
weeds detection as compared to diseased plant detection within selected fields (Table
4.3). Results suggested that weeds detection was a little bit easier when compared with
the diseased plants within potato fields. This might be due to the structural difference of
weeds and potato leaves. The occurrence of disease on the potato plants and its
dependability on weather and interaction with outdoor light conditions might have caused
slightly lower diseased plant detection accuracy.
Table 4.3 Detection performance of tiny-YOLOv3 for both weeds and diseased plants
datasets within potato fields.
Datasets

Model

Precision

Recall

Tiny-YOLOv3
0.87
0.75
Weeds
Diseased
Tiny-YOLOv3
0.84
0.64
Plant
FPS = frames per second; and mAP = mean average precision

mAP%

FPS

76.4

31.5

69.9

31.0

4.3.2 Field Testing and Evaluation of Smart Variable Rate Sprayer
In weed detection experiments, the highest percent saving of spraying liquid was
observed i.e. 50.79, 51.74 and 52.48% under cloudy, partly cloudy and sunny conditions
using SVRS. A significant difference was recorded of volume consumption for VA and
UA spraying techniques. No major difference was observed in volume consumption of
spraying liquid under different light conditions when using the VA and UA techniques
(Table 4.4).
During diseased plant detection experiment, a significant difference of volume
consumption of spraying liquid was calculated under different light conditions for both
spraying techniques. In this experiment, the percent saving of spraying liquid was
measured to be 46.66, 47.62, and 47.47 for cloudy, partly cloudy, and sunny conditions,
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respectively (Table 4.4). The percent saving was recorded relatively less in comparison to
weed detection experiments, which might be due to more weed patches found in
experimental fields as compared to diseased plant experimental fields.
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Table 4.4 Descriptive statistics of volume consumption of spraying liquid using two spraying techniques under three weather
conditions (cloudy, partly cloudy and sunny) for weed and diseased plant detection experiments.
Response Variable

Treatment
VA

Volume
Consumption (L)
UA

VA
Volume
Consumption (L)
UA

Weed Detection Experiment
Condition
N
Mean
StDev
Cloudy
4
10.018
0.637
Partly Cloudy
4
9.921
0.454
Sunny
4
9.697
0.557
Cloudy
4
20.357
0.0512
Partly Cloudy
4
20.558
0.0373
Sunny
4
20.404
0.283

Minimum
9.03
9.03
9.39
20.31
20.316
19.896

Maximum
12.27
12.57
12.528
20.412
20.4
20.55

% Saving
50.79
51.74
52.48

Diseased Plant Detection Experiment
Cloudy
4
10.946
0.401
Partly Cloudy
4
10.749
0.418
Sunny
4
10.866
0.46
Cloudy
4
20.523
0.305
Partly Cloudy
4
20.523
0.353
Sunny
4
20.686
0.261

10.401
10.238
10.21
20.242
20.202
20.387

11.341
11.249
11.266
20.932
20.92
21.02

46.66
47.62
47.47

VA = variable rate application; UA = uniform application; N = number of replications; and StDev = Standard deviation
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NA

NA

During sunny and partly cloudy conditions, the amount of saving of spraying liquid was
relatively high for both weeds and diseased plant detection experiments. The lower
percent saving of spaying liquid under cloudy conditions may be due to targets missing
low light intensity during SVRS testing. This might be due to an optimal window of light
for cameras to accurately capture the disease infestations. Dobashi et al. (2001) reported
that the performance of image acquisition of cameras depends upon the light intensity,
suggesting that under very low and very high light intensity performance decreases.
Other possible reasons for slightly lower accuracy of the SVRS under cloudy condition
might also be ground speed fluctuations of the custom developed sprayer, and
interference of disease morphology with potato plants.
More than 45% saving of spraying liquid during diseased plant detection experiments and
more than 50% saving in weed detection experiments suggested that SVRS can save a
major amount of spraying chemicals. Giles et al. (1989) evaluated a developed variable
rate sprayer for orchards and recorded saving 28 to 52%. Llorens et al. (2010) also
compared the variable rate sprayer with uniform conventional sprayer using in three vine
varieties at different crop stages and recorded 57% chemical saving during field
evaluations. Esau et al. (2014) saved 9.90 to 51.22% herbicides using automated
prototype variable rate sprayer in wild blueberry fields.
A two-way ANOVA (Table 4.5) was run to examine the effects of treatments and
weather conditions on volume consumption of spraying liquid. It was observed that there
was not a significant effect of volume consumption of spraying liquid under different
weather conditions (cloudy, partly cloudy and sunny) on spraying application techniques
(p-value = 0.968). There was a non-significant interaction (spraying application
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techniques x weather conditions) on volume consumption, p-value = 0.935, indicating all
the interactions between spraying application techniques and weather conditions were
statistically the same. Our results are supported by (Jeon et al. 2011) who evaluated
variable rate spraying system different environmental and operating conditions to
determine accuracy. They found non-significant differences in spraying application under
different weather conditions.
Table 4.5 Two-way ANOVA comparison to observe the effect of different weather
conditions (cloudy, partly cloudy, and sunny) on spraying application techniques and
their interactions for weed and disease experiments using a smart variable rate sprayer in
the fields.
Experiment

Weed
Detection

Diseased
Plant
Detection

Response
Variable

Source

DF

Volume
Consumption
(L)

Treatment
Condition
Condition*Treatment
Error
Total

1
2
2
18
23

Volume
Consumption
(L)

Treatment
Condition
Condition*Treatment
Error
Total

1
2
2
18
23

Mean
Square
534.68
0.04
0.082
1.217

FValue
439.32
0.03
0.07

PValue
< 0.01
0.968
0.935

571.21
0.04
0.011
0.139

4113.76
0.29
0.08

< 0.01
0.751
0.927

DF = Degree of freedom

Simple main effects analysis showed that there was a significant effect of spraying
application techniques on volume consumption (p-value = < 0.01) (Table 4.5). By using
the Fisher LSD comparison, it suggested that the volume consumption for UA was
significantly higher than the VA during the weed experiment. A similar trend was
observed in disease experiments (Table 4.5). Statistical analysis showed that SVRS could
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significantly reduce the volume consumption of spraying liquid during weeds and
diseased plant detection experiments.
4.3.3 Spraying Patterns and Percent Area Coverage
Water sensitive papers were used in all experiments. To examine the possibility of using
SVRS in the field conditions, the water sensitive papers were analyzed using a t-test at a
significant level of 5%. The percent area coverage for the uniform and variable rate
modes was compared in the field to assess the performance of the SVRS. Results
indicated that the SVRS performed very well in all outdoor conditions (cloudy, partially
cloudy, and sunny) by detecting the targets (weed and diseased plants) and spraying on
an as-needed basis. Results indicated that there were non-significant differences in terms
of varying light conditions, for both weed and diseased plant detection, when SVRS was
operated on variable and uniform modes (Table 4.6). Non-significant differences of the
data, as dictated by the t-test, revealed that the performance of developed SVRS was
adequate in field conditions. The minimum blue ratio for uniform rate application was
recorded to be 35% and its maximum value was 69.8% during weed experiments. Esau et
al. (2014) analyzed the water sensitive papers using paired t-tests for a prototype variable
rate sprayer for wild blueberry cropping systems. Non-significant change in spraying
pattern and percent area coverage were reported for both uniform rate and variable rate
sprayers. These results agreed with the findings of Esau et al. (2014). Results of the field
testing showed a significant potential for the applicability of the SVRS to achieve spotapplications of agrochemicals in potato cropping system. Two samples of water sensitive
papers under weed and disease experiments are presented in Figures 4.5 and 4.6.
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Figure 4.5 Processed images of water sensitive papers for uniform application.
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Figure 4.6 Processed images of water sensitive papers for variable rate application.
Table 4.6 Results of t-test to compare the developed a smart variable rate sprayer in
comparison to uniform application.
Experiment
Weed Detection
Diseased Plant Detection

Treatment

N

Mean

StDev

UA
VA
UA
VA

15
15
15
15

48.2
49.3
47.5
48.7

11.2
8.9
10.3
10.8

SE Mean P-Value
2.8
2.1
2.5
2.6

0.95
0.78

VA = variable rate application; UA = uniform application; StDev = standard deviation; and SE = standard
error.

To examine the viability of using SVRS in the field, the data of water sensitive papers
was analyzed. By using t-test, the p-value was calculated at 0.95 (weed detection
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experiment) and 0.78 (diseased plant detection experiment) for percent area coverage of
UA and VA spraying techniques.
The potato cultivation area was 146535 hectares in 2019 (Statistics Canada 2019).
Canadian farmers are using herbicides, fungicides and insecticides in potato fields every
year to control weed, disease and insect pressures. On average, one acre under potato
production consumes agrochemicals of worth $240 per growing season to control weed
and disease infestations (herbicides - $48 and fungicides - $192 per acre) (MAFM 2018).
It means a total of $86.9 million is being spent on spraying chemicals (herbicides and
fungicides) in Canada. The average saving with the prototype SVRS was 43%. Based on
these results, and given the fact that weed and disease infestations are spatially distributed
within potato fields, it can be estimated that there is a potential to save millions of dollars
in agrochemicals by implementing this technology into commercial sprayers.
In summary, results of t-test and ANOVA revealed that the developed SVRS performed
very well in the field environment, which was similar to the lab investigations. Overall,
the results of the field evaluations revealed that the developed SVRS has a great potential
to save significant quantities of herbicides and fungicides by accurately identifying the
targets (weeds and diseased plants) and spot-spraying on an as-needed basis. Spotapplications of agrochemicals will result in significant savings for growers by improving
farm profitability, with the added benefit of lowering environmental risks.
4.4 Conclusion
The developed SVRS was successfully evaluated in potato fields during the 2019 potato
growing season. Results revealed the developed SVRS was accurate enough in detecting
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the weeds and diseased plants in real-time to perform spot-applications of agrochemicals
on an as-needed basis. Results of field testing revealed that there was non-significant
difference in terms of percent area coverage for water sensitive paper, when the SVRS
was operated on variable and uniform modes. Statistical analysis showed that SVRS
could significantly reduce the volume consumption of spraying liquid during weed and
diseased plant detection experiments. The SVRS was able to save 47 and 51% spraying
liquid for weed and diseased plant detection experiments, respectively, under all weather
conditions. Results suggested that the SVRS has a great potential to save significant
quantities of herbicides and fungicides in potato fields when compared with uniform
applications. Overall, the results of the field evaluations suggested that the SVRS
accurately identified the targets (weeds and diseased plants) and performed spot-spraying
on an as-needed basis. Spot-applications of agrochemicals could result in significant
savings of resources of growers by improving profit margins and lowering the
environmental risks.
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CHAPTER 5
CONCLUSIONS
Different types of DCNNs (GoogLeNet, VGG-16, EfficientNet-B0, YOLOv3 and tinyYOLOv3) were used for image classification and object detection purposes. Both
classification and detection models performed well with respect to accuracy as well as
inference speeds in detecting the weed and disease datasets. Due to better inference time
and ease of implementation tiny-YOLOv3 was selected for sprayer development. A smart
variable rate sprayer was successfully developed at UPEI labs using a tiny-YOLOv3
model and evaluated at lab scale and in the potato fields for site-specific application of
spraying liquid. The sprayer comprised of DL techniques to detect specific target weeds
and diseased plants, and hardware with 3 individual fast response cameras and nozzles
for spraying. Statistical analysis showed that SVRS could significantly reduce the volume
consumption of spraying liquid during weed and diseased plant detection experiments
under all weather conditions. The SVRS was able to save 42 to 43% spraying liquid
during lab testing and 47 to 51% during field testing under all weather conditions. The
overall performance of the sprayer was slightly better in the case of weeds detection as
compared to diseased plants detection. Water sensitive paper analysis was performed
using t-test and results showed that there was not a significant difference in percent area
coverage between spraying application techniques. Overall results suggested that the
SVRS could be used for targeted applications of agrochemicals in potato fields that
would be responsible for increasing the farm profitability and for reducing the
environmental damages.
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FUTURE RECOMMENDATIONS
It is recommended that further research and experimentation is done to develop a larger
commercial-sized sprayer for variable rate application of agrochemicals for different
weeds and diseased plant detection in potato fields. By using the images of different crop
plants, weeds, and diseased plants the smart sprayer could be used for different crops. A
light source could be added in SVRS to make it more useful during early morning and
late evening times (Esau et al. 2014). Moreover, the only plant detection control system
using artificial neural networks would be added in already existing uniform applicators; it
might be useful for the farmers and easy to adopt the variable rate technology.
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