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A B S T R A C T

Deep learning constitutes a recent, modern technique for image processing and data analysis, with promising
results and large potential. As deep learning has been successfully applied in various domains, it has recently
entered also the domain of agriculture. In this paper, we perform a survey of 40 research efforts that employ
deep learning techniques, applied to various agricultural and food production challenges. We examine the
particular agricultural problems under study, the specific models and frameworks employed, the sources, nature
and pre-processing of data used, and the overall performance achieved according to the metrics used at each
work under study. Moreover, we study comparisons of deep learning with other existing popular techniques, in
respect to differences in classification or regression performance. Our findings indicate that deep learning
provides high accuracy, outperforming existing commonly used image processing techniques.

1. Introduction

Smart farming (Tyagi, 2016) is important for tackling the challenges
of agricultural production in terms of productivity, environmental im-
pact, food security and sustainability (Gebbers and Adamchuk, 2010).
As the global population has been continuously increasing (Kitzes et al.,
2008), a large increase on food production must be achieved (FAO,
2009), maintaining at the same time availability and high nutritional
quality across the globe, protecting the natural ecosystems by using
sustainable farming procedures.

To address these challenges, the complex, multivariate and un-
predictable agricultural ecosystems need to be better understood by
monitoring, measuring and analyzing continuously various physical
aspects and phenomena. This implies analysis of big agricultural data
(Kamilaris et al., 2017b), and the use of new information and com-
munication technologies (ICT) (Kamilaris et al., 2016), both for short-
scale crop/farm management as well as for larger-scale ecosystems’
observation, enhancing the existing tasks of management and decision/
policy making by context, situation and location awareness. Larger-
scale observation is facilitated by remote sensing (Bastiaanssen et al.,
2000), performed by means of satellites, airplanes and unmanned aerial
vehicles (UAV) (i.e. drones), providing wide-view snapshots of the
agricultural environments. It has several advantages when applied to
agriculture, being a well-known, non-destructive method to collect in-
formation about earth features while data may be obtained system-
atically over large geographical areas.

A large subset of the volume of data collected through remote

sensing involve images. Images constitute, in many cases, a complete
picture of the agricultural environments and could address a variety of
challenges (Liaghat and Balasundram, 2010; Ozdogan et al., 2010).
Hence, imaging analysis is an important research area in the agri-
cultural domain and intelligent data analysis techniques are being used
for image identification/classification, anomaly detection etc., in var-
ious agricultural applications (Teke et al., 2013; Saxena and Armstrong,
2014; Singh et al., 2016). The most popular techniques and applications
are presented in Appendix A, together with the sensing methods em-
ployed to acquire the images. From existing sensing methods, the most
common one is satellite-based, using multi-spectral and hyperspectral
imaging. Synthetic aperture radar (SAR), thermal and near infrared
(NIR) cameras are being used in a lesser but increasing extent (Ishimwe
et al., 2014), while optical and X-ray imaging are being applied in fruit
and packaged food grading. The most popular techniques used for
analyzing images include machine learning (ML) (K-means, support
vector machines (SVM), artificial neural networks (ANN) amongst
others), linear polarizations, wavelet-based filtering, vegetation indices
(NDVI) and regression analysis (Saxena and Armstrong, 2014; Singh
et al., 2016).

Besides the aforementioned techniques, a new one which is recently
gaining momentum is deep learning (DL) (LeCun et al., 2015; LeCun
and Bengio, 1995). DL belongs to the machine learning computational
field and is similar to ANN. However, DL is about “deeper” neural
networks that provide a hierarchical representation of the data by
means of various convolutions. This allows larger learning capabilities
and thus higher performance and precision. A brief description of DL is
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attempted in Section 3.
The motivation for preparing this survey stems from the fact that DL

in agriculture is a recent, modern and promising technique with
growing popularity, while advancements and applications of DL in
other domains indicate its large potential. The fact that today there
exists at least 40 research efforts employing DL to address various
agricultural problems with very good results, encouraged the authors to
prepare this survey. To the authors’ knowledge, this is the first such
survey in the agricultural domain, while a small number of more gen-
eral surveys do exist (Deng and Yu, 2014; Wan et al., 2014; Najafabadi
et al., 2015), covering related work in DL in other domains.

2. Methodology

The bibliographic analysis in the domain under study involved two
steps: (a) collection of related work and (b) detailed review and analysis
of this work. In the first step, a keyword-based search for conference
papers or journal articles was performed from the scientific databases
IEEE Xplore and ScienceDirect, and from the web scientific indexing
services Web of Science and Google Scholar. As search keywords, we
used the following query:

[“deep learning”] AND [“agriculture” OR ”farming“]

In this way, we filtered out papers referring to DL but not applied to 
the agricultural domain. From this effort, 407 papers had been initially 
identified. Restricting the search for papers with appropriate applica-
tion of the DL technique and meaningful findings1, the initial number of 
papers reduced to 40.

In the second step, the 40 papers selected from the previous step 
were analyzed one-by-one, considering the following research ques-
tions:

1. Which was the agricultural- or food-related problem they ad-
dressed?

2. Which was the general approach and type of DL-based models em-
ployed?

3. Which sources and types of data had been used?
4. Which were the classes and labels as modeled by the authors? Were

there any variations among them, observed by the authors?
5. Any pre-processing of the data or data augmentation techniques

used?
6. Which has been the overall performance depending on the metric

adopted?
7. Did the authors test the performance of their models on different

datasets?
8. Did the authors compare their approach with other techniques and,

if yes, which was the difference in performance?

Our main findings are presented in Section 4 and the detailed in-
formation per paper is listed in Appendix B.

3. Deep learning

DL extends classical ML by adding more “depth” (complexity) into 
the model as well as transforming the data using various functions that 
allow data representation in a hierarchical way, through several levels 
of abstraction (Schmidhuber, 2015; LeCun and Bengio, 1995). A strong 
advantage of DL is feature learning, i.e. the automatic feature extraction 
from raw data, with features from higher levels of the hierarchy being 
formed by the composition of lower level features (LeCun et al., 2015). 
DL can solve more complex problems particularly well and fast, because 
of more complex models used, which allow massive parallelization (Pan 
and Yang, 2010). These complex models employed in DL can increase 
classification accuracy or reduce error in regression problems, provided 
there are adequately large datasets available describing the problem. 
DL consists of various different components (e.g. convolutions, pooling 
layers, fully connected layers, gates, memory cells, activation functions, 
encode/decode schemes etc.), depending on the network architecture 
used (i.e. Unsupervised Pre-trained Networks, Convolutional Neural 
Networks, Recurrent Neural Networks, Recursive Neural Networks).

The highly hierarchical structure and large learning capacity of DL models 
do not allow them to perform classification and predictions well, being rigid 
and nonadjustable for a wide variety of highly complex (from a data analysis 
perspective) challenges (Pan and Yang, 2010). Although DL has met 
popularity in numerous applications dealing with raster-based data (e.g. 
video, images), it can be applied to any form of data, such as audio, 
speech, and natural language, or more generally to continuous or point 
data such as weather data (Sehgal et al., 2017), soil chemistry (Song et 
al., 2016) and population data (Demmers et al., 2012). An example DL 
architecture is displayed in Fig. 1, illustrating CaffeNet (Jia et al., 2014), 
an example of a con-volutional neural network, combining 
convolutional and fully con-nected (dense) layers.

Convolutional Neural Networks (CNN) constitute a class of deep, 
feed-forward ANN, and they appear in numerous of the surveyed papers 
as the technique used (17 papers, 42%). As the figure shows, various 
convolutions are performed at some layers of the network, creating 
different representations of the learning dataset, starting from more

Fig. 1. CaffeNet, an example CNN architecture.
Source: Sladojevic et al. (2016).

1 A small number of papers claimed of using DL in some agricultural-related applica-
tion, but they did not show any results nor provided performance metrics that could
indicate the success of the technique used.
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general ones at the first larger layers, becoming more specific at the
deeper layers. The convolutional layers act as feature extractors from
the input images whose dimensionality is then reduced by the pooling
layers. The convolutional layers encode multiple lower-level features
into more discriminative features, in a way that is spatially context-
aware. They may be understood as banks of filters that transform an
input image into another, highlighting specific patterns. The fully
connected layers, placed in many cases near the output of the model,
act as classifiers exploiting the high-level features learned to classify
input images in predefined classes or to make numerical predictions.
They take a vector as input and produce another vector as output. An
example visualization of leaf images after each processing step of the
CaffeNet CNN, at a problem of identifying plant diseases, is depicted in
Fig. 2. We can observe that after each processing step, the particular
elements of the image that reveal the indication of a disease become
more evident, especially at the final step (Pool5).

One of the most important advantages of using DL in image pro-
cessing is the reduced need of feature engineering (FE). Previously,
traditional approaches for image classification tasks had been based on
hand-engineered features, whose performance affected heavily the
overall results. FE is a complex, time-consuming process which needs to
be altered whenever the problem or the dataset changes. Thus, FE
constitutes an expensive effort that depends on experts’ knowledge and
does not generalize well (Amara et al., 2017). On the other hand, DL
does not require FE, locating the important features itself through
training.

A disadvantage of DL is the generally longer training time.
However, testing time is generally faster than other methods ML-based
methods (Chen et al., 2014). Other disadvantages include problems that
might occur when using pre-trained models on datasets that are small
or significantly different, optimization issues because of the models’
complexity, as well as hardware restrictions.

In Section 5, we discuss over advantages and disadvantages of DL as
they reveal through the surveyed papers.

3.1. Available architectures, datasets and tools

There exist various successful and popular architectures, which re-
searchers may use to start building their models instead of starting from
scratch. These include AlexNet (Krizhevsky et al., 2012), CaffeNet (Jia
et al., 2014) (displayed in Fig. 1), VGG (Simonyan and Zisserman,
2014), GoogleNet (Szegedy et al., 2015) and Inception-ResNet (Szegedy
et al., 2017), among others. Each architecture has different advantages

and scenarios where it is more appropriate to be used (Canziani et al.,
2016). It is also worth noting that almost all of the aforementioned
models come along with their weights pre-trained, which means that
their network had been already trained by some dataset and has thus
learned to provide accurate classification for some particular problem
domain (Pan and Yang, 2010). Common datasets used for pre-training
DL architectures include ImageNet (Deng et al., 2009) and PASCAL
VOC (PASCAL VOC Project, 2012) (see also Appendix C).

Moreover, there exist various tools and platforms allowing re-
searchers to experiment with DL (Bahrampour et al., 2015). The most
popular ones are Theano, TensorFlow, Keras (which is an application
programmer's interface on top of Theano and TensorFlow), Caffe, Py-
Torch, TFLearn, Pylearn2 and the Deep Learning Matlab Toolbox. Some
of these tools (i.e. Theano, Caffe) incorporate popular architectures
such as the ones mentioned above (i.e. AlexNet, VGG, GoogleNet), ei-
ther as libraries or classes. For a more elaborate description of the DL
concept and its applications, the reader could refer to existing biblio-
graphy (Schmidhuber, 2015; Deng and Yu, 2014; Wan et al., 2014;
Najafabadi et al., 2015; Canziani et al., 2016; Bahrampour et al., 2015).

4. Deep learning applications in agriculture

In Appendix B, we list the 40 identified relevant works, indicating
the agricultural-related research area, the particular problem they ad-
dress, DL models and architectures implemented, sources of data used,
classes and labels of the data, data pre-processing and/or augmentation
employed, overall performance achieved according to the metrics
adopted, as well as comparisons with other techniques, wherever
available.

4.1. Areas of use

Sixteen areas have been identified in total, with the popular ones
being identification of weeds (5 papers), land cover classification (4
papers), plant recognition (4 papers), fruits counting (4 papers) and
crop type classification (4 papers).

It is remarkable that all papers, except from Demmers et al. (2010,
2012) and Chen et al. (2014), were published during or after 2015,
indicating how recent and modern this technique is, in the domain of
agriculture. More precisely, from the remaining 37 papers, 15 papers
have been published in 2017, 15 in 2016 and 7 in 2015.

The large majority of the papers deal with image classification and
identification of areas of interest, including detection of obstacles (e.g.

Fig. 2. Visualization of the output layers images after each processing step of the CaffeNet CNN (i.e. convolution, pooling, normalization) at a plant disease identification problem based
on leaf images.
Source: Sladojevic et al. (2016).
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(Steen et al., 2016; Christiansen et al., 2016)) and fruit counting (e.g.
(Rahnemoonfar and Sheppard, 2017; Sa et al., 2016)). Some papers
focus on predicting future parameters, such as corn yield (Kuwata and
Shibasaki, 2015) soil moisture content at the field (Song et al., 2016)
and weather conditions (Sehgal et al., 2017).

From another perspective, most papers (20) target crops, while few
works consider issues such as weed detection (8 papers), land cover (4
papers), research on soil (2 papers), livestock agriculture (3 papers),
obstacle detection (3 papers) and weather prediction (1 paper).

4.2. Data sources

Observing the sources of data used to train the DL model at every
paper, large datasets of images are mainly used, containing thousands
of images in some cases, either real ones (e.g. (Mohanty et al., 2016;
Reyes et al., 2015; Dyrmann et al., 2016a)), or synthetic produced by
the authors (Rahnemoonfar and Sheppard, 2017; Dyrmann et al.,
2016b). Some datasets originate from well-known and publicly-avail-
able datasets such as PlantVillage, LifeCLEF, MalayaKew, UC Merced
and Flavia (see Appendix C), while others constitute sets of real images
collected by the authors for their research needs (e.g. (Sladojevic et al.,
2016; Bargoti and Underwood, 2016; Xinshao and Cheng, 2015;
Sørensen et al., 2017)). Papers dealing with land cover, crop type
classification and yield estimation, as well as some papers related to
weed detection employ a smaller number of images (e.g. tens of
images), produced by UAV (Lu et al., 2017; Rebetez et al., 2016; Milioto
et al., 2017), airborne (Chen et al., 2014; Luus et al., 2015) or satellite-
based remote sensing (Kussul et al., 2017; Minh et al., 2017; Ienco
et al., 2017; Rußwurm and Körner, 2017). A particular paper in-
vestigating segmentation of root and soil uses images from X-ray to-
mography (Douarre et al., 2016). Moreover, some papers use text data,
collected either from repositories (Kuwata and Shibasaki, 2015; Sehgal
et al., 2017) or field sensors (Song et al., 2016; Demmers et al., 2010,
2012). In general, the more complicated the problem to be solved, the
more data is required. For example, problems involving large number of
classes to identify (Mohanty et al., 2016; Reyes et al., 2015; Xinshao
and Cheng, 2015) and/or small Variation among the classes (Luus et al.,
2015; Rußwurm and Körner, 2017; Yalcin, 2017; Namin et al., 2017;
Xinshao and Cheng, 2015), require large number of input images to
train their models.

4.3. Data variation

Variation between classes is necessary for the DL models to be able
to differentiate features and characteristics, and perform accurate
classifications.2 Hence, accuracy is positively correlated with variation
among classes. Nineteen papers (47%) revealed some aspects of poor
data variation. Luus et al. (2015) observed high relevance between
some land cover classes (i.e. medium density and dense residential,
buildings and storage tanks) while Ienco et al. (2017) found that tree
crops, summer crops and truck farming were classes highly mixed. A
confusion between maize and soybeans was evident in Kussul et al.
(2017) and variation was low in botanically related crops, such as
meadow, fallow, triticale, wheat, and rye (Rußwurm and Körner,
2017). Moreover, some particular views of the plants (i.e. flowers and
leaf scans) offer different classification accuracy than branches, stems
and photos of the entire plant. A serious issue in plant phenology re-
cognition is the fact that appearances change very gradually and it is
challenging to distinguish images falling into the growing durations
that are in the middle of two successive stages (Yalcin, 2017; Namin
et al., 2017). A similar issue appears when assessing the quality of
vegetative development (Minh et al., 2017). Furthermore, in the chal-
lenging problem of fruit counting, the models suffer from high

occlusion, depth variation, and uncontrolled illumination, including 
high color similarity between fruit/foliage (Chen et al., 2017; Bargoti 
and Underwood, 2016).

Finally, identification of weeds faces issues with respect to lighting, 
resolution, and soil type, and small variation between weeds and crops 
in shape, texture, color and position (i.e. overlapping) (Dyrmann et al., 
2016a; Xinshao and Cheng, 2015; Dyrmann et al., 2017). In the large 
majority of the papers mentioned above (except from Minh et al.
(2017)), this low variation has affected classification accuracy sig-
nificantly, i.e. more than 5%.

4.4. Data pre-processing

The large majority of related work (36 papers, 90%) involved some 
image pre-processing steps, before the image or particular character-
istics/features/statistics of the image were fed as an input to the DL 
model. The most common pre-processing procedure was image rotation (13 
papers), in most cases to a smaller size, in order to adapt to the requirements 
of the DL model. Sizes of 256 × 256, 128 × 128, 96 × 96 and 60 × 60 
pixels were common. Image segmentation was also a popular 
practice (12 papers), either to increase the size of the dataset (Ienco et 
al., 2017; Rebetez et al., 2016; Yalcin, 2017) or to facilitate the 
learning process by highlighting regions of interest (Sladojevic et 
al., 2016; Mohanty et al., 2016; Grinblat et al., 2016; Sa et al., 2016; 
Dyrmann et al., 2016a; Potena et al., 2016) or to enable easier data 
annotation by experts and volunteers (Chen et al., 2017; Bargoti and 
Underwood, 2016). Background removal (Mohanty et al., 2016; McCool 
et al., 2017; Milioto et al., 2017), foreground pixel extraction (Lee et al., 
2015) or non-green pixels removal based on NDVI masks (Dyrmann 
et al., 2016a; Potena et al., 2016) were also performed to reduce the 
datasets’ overall noise.

Other operations involved the creation of bounding boxes (Chen 
et al., 2017; Sa et al., 2016; McCool et al., 2017; Milioto et al., 2017) to 
facilitate detection of weeds or counting of fruits. Some datasets were 
converted to grayscale (Santoni et al., 2015; Amara et al., 2017) or to 
the HSV color model (Luus et al., 2015; Lee et al., 2015).

Furthermore, some papers used features extracted from the images as 
input to their models, such as shape and statistical features (Hall et al., 
2015), histograms (Hall et al., 2015; Xinshao and Cheng, 2015; Rebetez 
et al., 2016), Principal Component Analysis (PCA) filters (Xinshao and 
Cheng, 2015), Wavelet transformations (Kuwata and Shibasaki, 2015) 
and Gray Level Co-occurrence Matrix (GLCM) features (Santoni et al., 
2015). Satellite or aerial images involved a combination of pre-
processing steps such as orthorectification (Lu et al., 2017; Minh et al., 
2017) calibration and terrain correction (Kussul et al., 2017; Minh et al., 
2017) and atmospheric correction (Rußwurm and Körner, 2017).

4.5. Data augmentation

It is worth-mentioning that some of the related work under study (15 
papers, 37%) employed data augmentation techniques (Krizhevsky et al., 
2012), to enlarge artificially their number of training images. This helps 
to improve the overall learning procedure and performance, and for 
generalization purposes, by means of feeding the model with varied data. 
This augmentation process is important for papers that possess only small 
datasets to train their DL models, such as (Bargoti and Underwood, 2016; 
Sladojevic et al., 2016; Sørensen et al., 2017; Mortensen et al., 2016; 
Namin et al., 2017 and Chen et al., 2017). This process was especially 
important in papers where the authors trained their models using 
synthetic images and tested them on real ones (Rahnemoonfar and 
Sheppard, 2017 and Dyrmann et al., 2016b). In this case, data 
augmentation allowed their models to generalize and be able to adapt to 
the real-world problems more easily.

Transformations are label-preserving, and included rotations (12 
papers), dataset partitioning/cropping (3 papers), scaling (3 papers),

2 Classification accuracy is defined in Section 4.7 and Table 1.

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

73

abcha
Highlight



transposing (Sørensen et al., 2017), mirroring (Dyrmann et al., 2016a),
translations and perspective transform (Sladojevic et al., 2016), adap-
tations of objects’ intensity in an object detection problem (Steen et al.,
2016) and a PCA augmentation technique (Bargoti and Underwood,
2016).

Papers involving simulated data performed additional augmenta-
tion techniques such as varying the HSV channels and adding random
shadows (Dyrmann et al., 2016b) or adding simulated roots to soil
images (Douarre et al., 2016).

4.6. Technical details

From a technical side, almost half of the research works (17 papers,
42%) employed popular CNN architectures such as AlexNet, VGG16
and Inception-ResNet. From the rest, 14 papers developed their own
CNN models, 2 papers adopted a first-order Differential Recurrent
Neural Networks (DRNN) model, 5 papers preferred to use a Long
Short-Term Memory (LSTM) model (Gers et al., 2000), one paper used
deep belief networks (DBN) and one paper employed a hybrid of PCA
with auto-encoders (AE). Some of the CNN approaches combined their
model with a classifier at the output layer, such as logistic regression
(Chen et al., 2014), Scalable Vector Machines (SVM) (Douarre et al.,
2016), linear regression (Chen et al., 2017), Large Margin Classifiers
(LCM) (Xinshao and Cheng, 2015) and macroscopic cellular automata
(Song et al., 2016).

Regarding the frameworks used, all the works that employed some
well-known CNN architecture had also used a DL framework, with Caffe
being the most popular (13 papers, 32%), followed by Tensor Flow (2
papers) and deeplearning4j (1 paper). Ten research works developed
their own software, while some authors decided to build their own
models on top of Caffe (5 papers), Keras/Theano (5 papers), Keras/
TensorFlow (4 papers), Pylearn2 (1 paper), MatConvNet (1 paper) and
Deep Learning Matlab Toolbox (1 paper). A possible reason for the wide
use of Caffe is that it incorporates various CNN frameworks and data-
sets, which can be used then easily and automatically by its users.

Most of the studies divided their dataset between training and
testing/verification data using a ratio of 80–20 or 90–10 respectively.
In addition, various learning rates have been recorded, from 0.001
(Amara et al., 2017) and 0.005 (Mohanty et al., 2016) up to 0.01
(Grinblat et al., 2016). Learning rate is about how quickly a network
learns. Higher values help avoid the solver being stuck in local minima,
which can reduce performance significantly. A general approach used
by many of the evaluated papers is to start out with a high learning rate
and lower it as the training goes on. We note that learning rate is very
dependent on the network architecture.

Moreover, most of the research works that incorporated popular DL
architectures took advantage of transfer learning (Pan and Yang, 2010),
which concerns leveraging the already existing knowledge of some re-
lated task or domain in order to increase the learning efficiency of the
problem under study by fine-tuning pre-trained models. As sometimes it
is not possible to train a network from scratch due to having a small
training data set or having a complex multi-task network, it is required
that the network be at least partially initialized with weights from
another pre-trained model. A common transfer learning technique is the
use of pre-trained CNN, which are CNN models that have been already
trained on some relevant dataset with possibly different number of
classes. These models are then adapted to the particular challenge and
dataset. This method was followed (among others) in Lu et al. (2017),
Douarre et al. (2016), Reyes et al. (2015), Bargoti and Underwood
(2016), Steen et al. (2016), Lee et al. (2015), Sa et al. (2016), Mohanty
et al. (2016), Christiansen et al. (2016) and Sørensen et al. (2017), for
the VGG16, DenseNet, AlexNet and GoogleNet architectures.

4.7. Outputs

Finally, concerning the 31 papers that involved classification, the

classes as used by the authors ranged from 2 (Lu et al., 2017; Pound
et al., 2016; Douarre et al., 2016; Milioto et al., 2017) up to 1000
(Reyes et al., 2015). A large number of classes was observed in Luus
et al. (2015) (21 land-use classes) (Rebetez et al., 2016) (22 different
crops plus soil) (Lee et al., 2015) (44 plant species) and (Xinshao and
Cheng, 2015) (91 classes of common weeds found in agricultural
fields). In these papers, the number of outputs of the model was equal to
the number of classes respectively. Each output was a different prob-
ability for the input image, segment, blob or pixel to belong to each
class, and then the model picked the highest probability as its predicted
class.

From the rest 9 papers, 2 performed predictions of fruits counted
(scalar value as output) (Rahnemoonfar and Sheppard, 2017; Chen
et al., 2017), 2 identified regions of fruits in the image (multiple
bounding boxes) (Bargoti and Underwood, 2016; Sa et al., 2016), 2
predicted animal growth (scalar value) (Demmers et al., 2010, 2012),
one predicted weather conditions (scalar value) (Sehgal et al., 2017),
one crop yield index (scalar value) (Kuwata and Shibasaki, 2015) and
one paper predicted percentage of soil moisture content (scalar value)
(Song et al., 2016).

4.8. Performance metrics

Regarding methods used to evaluate performance, various metrics
have been employed by the authors, each being specific to the model
used at each study. Table 1 lists these metrics, together with their de-
finition/description, and the symbol we use to refer to them in this
survey. In some papers where the authors referred to accuracy without
specifying its definition, we assumed they referred to classification
accuracy (CA, first metric listed in Table 1). From this point onwards,
we refer to “DL performance” as its score in some performance metric
from the ones listed in Table 1.

CA was the most popular metric used (24 papers, 60%), followed by
F1 (10 papers, 25%). Some papers included RMSE (4 papers), IoU (3
papers), RFC (Chen et al., 2017; Rahnemoonfar and Sheppard, 2017) or
others. Some works used a combination of metrics to evaluate their
efforts. We note that some papers employing CA, F1, P or R, used IoU in
order to consider a model’s prediction (Bargoti and Underwood, 2016;
Sa et al., 2016; Steen et al., 2016; Christiansen et al., 2016; Dyrmann
et al., 2017). In these cases, a minimum threshold was put on IoU, and
any value above this threshold would be considered as positive by the
model.

We note that in some cases, a trade-off can exist between metrics.
For example, in a weed detection problem (Milioto et al., 2017), it
might be desirable to have a high R to eliminate most weeds, but not
eliminating crops is of a critical importance, hence a lower P might be
acceptable.

4.9. Overall performance

We note that it is difficult if not impossible to compare between
papers, as different metrics are employed for different tasks, con-
sidering different models, datasets and parameters. Hence, the reader
should consider our comments in this section with some caution.

In 19 out of the 24 papers that involved CA as a metric, accuracy
was high (i.e. above 90%), indicating good performance. The highest
CA has been observed in the works of Hall et al. (2015), Pound et al.
(2016), Chen et al. (2014), Lee et al. (2015), Minh et al. (2017), Potena
et al. (2016) and Steen et al., 2016, with values of 98% or more, con-
stituting remarkable results. From the 10 papers using F1 as metric, 5
had values higher than 0.90 with the highest F1 observed in Mohanty
et al. (2016) and Minh et al. (2017) with values higher than 0.99.

The works of Dyrmann et al. (2016a), Rußwurm and Körner (2017),
Ienco et al. (2017), Mortensen et al. (2016), Rebetez et al. (2016),
Christiansen et al. (2016) and Yalcin (2017) were among the ones with
the lowest CA (i.e. 73–79%) and/or F1 scores (i.e. 0.558–0.746),

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

74



however state of the art work in these particular problems has shown
lower CA (i.e. SVM, RF, Naïve- Bayes classifier). Particularly in
Rußwurm and Körner (2017), the three-unit LSTM model employed
provided 16.3% better CA than a CNN, which belongs to the family of
DL. Besides, the above can be considered as “harder” problems, because
of the use of satellite data (Ienco et al., 2017; Rußwurm and Körner,
2017) large number of classes (Dyrmann et al., 2016a; Rußwurm and
Körner, 2017; Rebetez et al., 2016), small training datasets (Mortensen
et al., 2016; Christiansen et al., 2016) or very low variation among the
classes (Yalcin, 2017; Dyrmann et al., 2016a; Rebetez et al., 2016).

4.10. Generalizations on different datasets

It is important to examine whether the authors had tested their
implementations on the same dataset (e.g. by dividing the dataset into
training and testing/validation sets) or used different datasets to test
their solution. From the 40 papers, only 8 (20%) used different datasets
for testing than the one for training. From these, 2 approaches trained
their models by using simulated data and tested on real data (Dyrmann
et al., 2016b; Rahnemoonfar and Sheppard, 2017) and 2 papers tested
their models on a dataset produced 2–4weeks after, with a more ad-
vanced growth stage of plants and weeds (Milioto et al., 2017; Potena
et al., 2016). Moreover, 3 papers used different fields for testing than
the ones used for training (McCool et al., 2017), with a severe degree of
occlusion compared to the other training field (Dyrmann et al., 2017),
or containing other obstacles such as people and animals (Steen et al.,
2016. Sa et al. (2016) used a different dataset to evaluate whether the
model can generalize on different fruits.

From the other 32 papers, different trees were used in training and
testing in Chen et al. (2017), while different rooms for pigs (Demmers
et al., 2012) and chicken (Demmers et al., 2010) were considered.
Moreover, Hall et al. applied condition variations in testing (i.e.
translations, scaling, rotations, shading and occlusions) (Hall et al.,
2015) while scaling for a certain range translation distance and rotation

angle was performed on the testing dataset in Xinshao and Cheng
(2015). The rest 27 papers did not perform any changes between the
training/testing datasets, a fact that lowers the overall confidence for
the results presented.

Finally, it is interesting to observe how these generalizations af-
fected the performance of the models, at least in cases where both data
from same and different datasets were used in testing. In Sa et al.
(2016), F1-IoU(40) was higher for the detection of apples (0.938),
strawberry (0.948), avocado (0.932) and mango (0.942), than in the
default case of sweet pepper (0.838). In Rahnemoonfar and Sheppard
(2017), RFC was 2% less in the real images than in the synthetic ones.
In Potena et al. (2016), CA was 37.6% less at the dataset involving
plants of 4-weeks more advanced growth. According to the authors, the
model was trained based on plants that were in their first growth stage,
thus without their complete morphological features, which were in-
cluded in the testing dataset. Moreover, in Milioto et al. (2017) P was
2% higher at the 2-weeks more advanced growth dataset, with 9%
lower R.

Hence, in the first case there was improvement in performance (Sa
et al., 2016), and in the last three cases a reduction, slight one in
Rahnemoonfar and Sheppard (2017) and Milioto et al. (2017) but
considerable in Potena et al. (2016). From the other papers using dif-
ferent testing datasets, as mentioned above, high percentages of CA
(94–97.3%), P-IoU (86.6%) and low values of MRE (1.8–10%) have
been reported. These show that the DL models were able to generalize
well to different datasets. However, without more comparisons, this is
only a speculation that can be figured out of the small number of ob-
servations available.

4.11. Performance comparison with other approaches

A critical aspect of this survey is to examine how DL performs in
relation to other existing techniques. The 14th column of Appendix B
presents whether the authors of related work compared their DL-based

Table 1
Performance metrics used in related work under study.

No. Performance Metric Symbol Used Description

1. Classification Accuracy CA The percentage of correct predictions where the top class (the one having the highest probability), as indicated by the DL
model, is the same as the target label as annotated beforehand by the authors. For multi-class classification problems, CA is
averaged among all the classes. CA is mentioned as Rank-1 identification rate in (Hall et al., 2015)

2. Precision P The fraction of true positives (TP, correct predictions) from the total amount of relevant results, i.e. the sum of TP and false
positives (FP). For multi-class classification problems, P is averaged among the classes. P= TP/(TP+ FP)

3. Recall R The fraction of TP from the total amount of TP and false negatives (FN). For multi-class classification problems, R gets
averaged among all the classes. R=TP/(TP+ FN)

4. F1 score F1 The harmonic mean of precision and recall. For multi-class classification problems, F1 gets averaged among all the classes. It
is mentioned as F-measure in (Minh et al., 2017).
F1= 2 * (TP * FP)/(TP+ FP)

5. LifeCLEF metric LC A scorea related to the rank of the correct species in the list of retrieved species
6. Quality Measure QM Obtained by multiplying sensitivity (proportion of pixels that were detected correctly) and specificity (which proportion of

detected pixels are truly correct). QM=TP2/((TP+FP)(TP+FN))
7. Mean Square Error MSE Mean of the square of the errors between predicted and observed values
8. Root Mean Square Error RMSE Standard deviation of the differences between predicted values and observed values. A normalized RMSE (N-RMSE) has been

used in (Sehgal et al., 2017)
9. Mean Relative Error MRE The mean error between predicted and observed values, in percentage
10. Ratio of total fruits counted RFC Ratio of the predicted count of fruits by the model, with the actual count. The actual count was attained by taking the average

count of individuals (i.e. experts or volunteers) observing the images independently
11. L2 error L2 Root of the squares of the sums of the differences between predicted counts of fruits by the model and the actual counts
12. Intersection over Union IoU A metric that evaluates predicted bounding boxes, by dividing the area of overlap between the predicted and the ground

truth boxes, by the area of their union. An average (Dyrmann et al., 2016b) or frequency weighted (Mortensen et al., 2016)
IoU can be calculated

13. CA-IoU, F1-IoU, P-IoU or R-IoU CA-IoU
F1-IoU
P-IoU
R-IoU

These are the same CA, F1, P and R metrics as defined above, combined with IoU in order to consider true/false positives/
negatives. Used in problems involving bounding boxes. This is done by putting a minimum threshold on IoU, i.e. any value
above this threshold would be considered as positive by the metric (and the model involved). Thresholds of 20% (Bargoti and
Underwood, 2016), 40% (Sa et al., 2016) and 50% (Steen et al., 2016; Christiansen et al., 2016; Dyrmann et al., 2017) have
been observedb

a LifeCLEF 2015 Challenge. http://www.imageclef.org/lifeclef/2015/plant.
b In Appendix B, where we list the values of the metrics used at each paper, we denote CA-IoU(x), F1-IoU(x), P-IoU(x) or R-IoU(x), where x is the threshold (in percentage), over which

results are considered as positive by the DL model employed.
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approach with other techniques used for solving their problem under
study. We focus only on comparisons between techniques used for the
same dataset at the same research paper, with the same metric.

In almost all cases, the DL models outperform other approaches
implemented for comparison purposes. CNN show 1–8% higher CA in
comparison to SVM (Chen et al., 2014; Lee et al., 2015; Grinblat et al.,
2016; Pound et al., 2016), 41% improvement of CA when compared to
ANN (Lee et al., 2015) and 3–8% higher CA when compared to RF
(Kussul et al., 2017; Minh et al., 2017; McCool et al., 2017; Potena
et al., 2016; Hall et al., 2015). CNN also seem to be superior than un-
supervised feature learning with 3–11% higher CA (Luus et al., 2015),
2–44% improved CA in relation to local shape and color features
(Dyrmann et al., 2016a; Sørensen et al., 2017), and 2% better CA
(Kussul et al., 2017) or 18% less RMSE (Song et al., 2016) compared to
multilayer perceptrons. CNN had also superior performance than Pe-
nalized Discriminant Analysis (Grinblat et al., 2016), SVM Regression
(Kuwata and Shibasaki, 2015), area-based techniques (Rahnemoonfar
and Sheppard, 2017), texture-based regression models (Chen et al.,
2017), LMC classifiers (Xinshao and Cheng, 2015), Gaussian Mixture
Models (Santoni et al., 2015) and Naïve-Bayes classifiers (Yalcin, 2017).

In cases where Recurrent Neural Networks (RNN) (Mandic and
Chambers, 2001) architectures were employed, the LSTM model had
1% higher CA than RF and SVM in Ienco et al. (2017), 44% improved
CA than SVM in Rußwurm and Körner (2017) and 7–9% better CA than
RF and SVM in Minh et al. (2017).

In only one case, DL showed worse performance against another
technique, and this was when a CNN was compared to an approach
involving local descriptors to represent images together with KNN as
the classification strategy (20% worse LC) (Reyes et al., 2015).

5. Discussion

Our analysis has shown that DL offers superior performance in the
vast majority of related work. When comparing the performance of DL-
based approaches with other techniques at each paper, it is of para-
mount importance to adhere to the same experimental conditions (i.e.
datasets and performance metrics). From the related work under study,
28 out of the 40 papers (70%) performed direct, valid and correct
comparisons among the DL-based approach employed and other state-
of-art techniques used to solve the particular problem tackled at each
paper. Due to the fact that each paper involved different datasets, pre-
processing techniques, metrics, models and parameters, it is difficult if
not impossible to generalize and perform comparisons between papers.
Thus, our comparisons have been strictly limited among the techniques
used at each paper. Thus, based on these constraints, we have observed
that DL has outperformed traditional approaches used such as SVM, RF,
ANN, LMC classifiers and others. It seems that the automatic feature
extraction performed by DL models is more effective than the feature
extraction process through traditional approaches such as Scale
Invariant Feature Transform (SIFT), GLCM, histograms, area-based
techniques (ABT), statistics-, texture-, color- and shape-based algo-
rithms, conditional random fields to model color and visual texture
features, local de-correlated channel features and other manual feature
extraction techniques. This is reinforced by the combined CNN+LSTM
model employed in Namin et al. (2017), which outperformed a LSTM
model which used hand crafted feature descriptors as inputs by 25%
higher CA. Interesting attempts to combine hand-crafted features and
CNN-based features were performed in Hall et al. (2015) and Rebetez
et al. (2016).

Although DL has been associated with computer vision and image
analysis (which is also the general case in this survey), we have ob-
served 5 related works where DL-based models have been trained based
on field sensory data (Kuwata and Shibasaki, 2015; Sehgal et al., 2017)
and a combination of static and dynamic environmental variables (Song
et al., 2016; Demmers et al., 2010, 2012). These papers indicate the
potential of DL to be applied in a wide variety of agricultural problems,

not only those involving images.
Examining agricultural areas where DL techniques have been ap-

plied, leaf classification, leaf and plant disease detection, plant re-
cognition and fruit counting have some papers which present very good
performance (i.e. CA > 95%, F1 > 0.92 or RFC > 0.9). This is
probably because of the availability of datasets in these domains, as
well as the distinct characteristics of (sick) leaves/plants and fruits in
the image. On the other hand, some papers in land cover classification,
crop type classification, plant phenology recognition and weed detec-
tion showed average performance (i.e. CA < 87% or F1 < 0.8). This
could be due to leaf occlusion in weed detection, use of noise-prone
satellite imagery in land cover problems, crops with low variation and
botanical relationship or the fact that appearances change very gra-
dually while plants grow in phenology recognition efforts.

Without underestimating the quality of any of the surveyed papers,
we highlight some that claim high performance (CA > 91%, F1-IoU
(20) > 0.90 or RFC > 0.91), considering the complexity of the pro-
blem in terms of its definition or the large number of classes involved
(more than 21 classes). These papers are the following: (Mohanty et al.,
2016; Luus et al., 2015; Lee et al., 2015; Rahnemoonfar and Sheppard,
2017; Chen et al., 2017; Bargoti and Underwood, 2016; Xinshao and
Cheng, 2015 and Hall et al., 2015). We also highlight papers that
trained their models on simulated data, and tested them on real data,
which are (Dyrmann et al., 2016b; Rahnemoonfar and Sheppard, 2017
and Douarre et al., 2016). These works constitute important efforts in
the DL community, as they attempt to solve the problem of inexistent or
not large enough datasets in various problems.

Finally, as discussed in Section 4.10, most authors used the same
datasets for training and testing their implementation, a fact that lowers
the confidence in the overall findings, although there have been in-
dications that the models seem to generalize well, with only small re-
ductions in performance.

5.1. Advanced deep learning applications

Although the majority of papers used typical CNN architectures to
perform classification (23 papers, 57%), some authors experimented
with more advanced models in order to solve more complex problems,
such as crop type classification from UAV imagery (CNN+HistNN
using RGB histograms) (Rebetez et al., 2016), estimating number of
tomato fruits (Modified Inception-ResNet CNN) (Rahnemoonfar and
Sheppard, 2017) and estimating number of orange or apple fruits (CNN
adapted for blob detection and counting+ Linear Regression) (Chen
et al., 2017). Particularly interesting were the approaches employing
the Faster Region-based CNN+VGG16 model (Bargoti and
Underwood, 2016; Sa et al., 2016), in order not only to count fruits and
vegetables, but also to locate their placement in the image by means of
bounding boxes. Similarly, the work in (Dyrmann et al., 2017) used the
DetectNet CNN to detect bounding boxes of weed instances in images of
cereal fields. These approaches (Faster Region-based CNN, DetectNet
CNN) constitute a very promising research direction, since the task of
identifying the bounding box of fruits/vegetables/weeds in an image
has numerous real-life applications and could solve various agricultural
problems

Moreover, considering not only space but also time series, some
authors employed RNN-based models in land cover classification (one-
unit LSTM model+ SVM) (Ienco et al., 2017), crop type classification
(three-unit LSTM) (Rußwurm and Körner, 2017), classification of dif-
ferent accessions of Arabidopsis thaliana based on successive top-view
images (CNN+LSTM) (Namin et al., 2017), mapping winter vegetation
quality coverage (Five-unit LSTM, Gated Recurrent Unit) (Minh et al.,
2017), estimating the weight of pigs or chickens (DRNN) (Demmers
et al., 2010, 2012) and for predicting weather based on previous year’s
conditions (LSTM) (Sehgal et al., 2017). RNN-based models offer higher
performance, as they can capture the time dimension, which is im-
possible to be exploited by simple CNN. RNN architectures tend to
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exhibit dynamic temporal behavior, being able to record long-short
temporal dependencies, remembering and forgetting after some time or
when needed (i.e. LSTM). Differences in performance between RNN and
CNN are distinct in the related work under study, as shown in Table 2.
This 16% improvement in CA could be attributed to the additional in-
formation provided by the time series. For example, in the crop type
classification case (Rußwurm and Körner, 2017), the authors mention,
“crops change their spectral characteristics due to environmental influences
and can thus not be monitored effectively with classical mono-temporal
approaches. Performance of temporal models increases at the beginning of
vegetation period”. LSTM-based approaches work well also for low re-
presented and difficult classes, as demonstrated in Ienco et al. (2017).

Finally, the critical aspect of fast processing of DL models in order to
be easily used in robots for real-time decision making (e.g. detection of
weeds) was examined in McCool et al. (2017), and it is worth-men-
tioning. The authors have showed that a lightweight implementation
had only a small penalty in CA (3.90%), being much faster (i.e. pro-
cessing of 40.6 times more pixels per second). They proposed the idea
of “teacher and student networks”, where the teacher is the more heavy
approach that helps the student (light implementation) to learn faster
and better.

5.2. Advantages of deep learning

Except from improvements in performance of the classification/
prediction problems in the surveyed works (see Sections 4.9 and 4.11),
the advantage of DL in terms of reduced effort in feature engineering
was demonstrated in many of the papers. Hand-engineered components
require considerable time, an effort that takes place automatically in
DL. Besides, sometimes manual search for good feature extractors is not
an easy and obvious task. For example, in the case of estimating crop
yield (Kuwata and Shibasaki, 2015), extracting manually features that
significantly affected crop growth was not possible. This was also the
case of estimating the soil moisture content (Song et al., 2016).

Moreover, DL models seem to generalize well. For example, in the
case of fruit counting, the model learned explicitly to count
(Rahnemoonfar and Sheppard, 2017). In the banana leaf classification
problem (Amara et al., 2017), the model was robust under challenging
conditions such as illumination, complex background, different re-
solution, size and orientation of the images. Also in the fruits counting
papers (Chen et al., 2017; Rahnemoonfar and Sheppard, 2017), the
models were robust to occlusion, variation, illumination and scale. The
same detection frameworks could be used for a variety of circular fruits
such as peaches, citrus, mangoes etc. As another example, a key feature
of the DeepAnomaly model was the ability to detect unknown objects/
anomalies and not just a set of predefined objects, exploiting the
homogeneous characteristics of an agricultural field to detect distant,
heavy occluded and unknown objects (Christiansen et al., 2016).
Moreover, in the 8 papers mentioned in Section 4.10 where different
datasets were used for testing, the performance of the model was gen-
erally high, with only small reductions in performance in comparison
with the performance when using the same dataset for training and
testing.

Although DL takes longer time to train than other traditional

approaches (e.g. SVM, RF), its testing time efficiency is quite fast. For
example, in detecting obstacles and anomaly (Christiansen et al., 2016),
the model took much longer to train, but after it did, its testing time was
less than the one of SVM and KNN. Besides, if we take into account the
time needed to manually design filters and extract features, “the time
used on annotating images and training the CNN becomes almost negligible”
(Sørensen et al., 2017).

Another advantage of DL is the possibility to develop simulated
datasets to train the model, which could be properly designed in order
to solve real-world problems. For example, in the issue of detecting
weeds and maize in fields (Dyrmann et al., 2016b), the authors over-
came the plant foliage overlapping problem by simulating top-down
images of overlapping plants on soil background. The trained network
was then capable of distinguish weeds from maize even in overlapping
conditions.

5.3. Disadvantages and limitations of deep learning

A considerable drawback and barrier in the use of DL is the need of
large datasets, which would serve as the input during the training
procedure. In spite of data augmentation techniques which augment
some dataset with label-preserving transformations, in reality at least
some hundreds of images are required, depending on the complexity of
the problem under study (i.e. number of classes, precision required
etc.). For example, the authors in Mohanty et al. (2016) and Sa et al.
(2016) commented that a more diverse set of training data was needed
to improve CA. A big problem with many datasets is the low variation
among the different classes (Yalcin, 2017), as discussed in Section 4.3,
or the existence of noise, in the form of low resolution, inaccuracy of
sensory equipment (Song et al., 2016), crops’ occlusions, plants over-
lapping and clustering, and others.

As data annotation is a necessary operation in the large majority of
cases, some tasks are more complex and there is a need for experts (who
might be difficult to involve) in order to annotate input images. As
mentioned in Amara et al. (2017), there is a limited availability of re-
sources and expertise on banana pathology worldwide. In some cases,
experts or volunteers are susceptible to errors during data labeling,
especially when this is a challenging task e.g. fruit count (Chen et al.,
2017; Bargoti and Underwood, 2016) or to determine if images contain
weeds or not (Sørensen et al., 2017; Dyrmann et al., 2017).

Another limitation is the fact that the DL models can learn some
problem particularly well, even generalize in some aspects as men-
tioned in Section 5.2, but they cannot generalize beyond the “bound-
aries of the dataset’s expressiveness”. For example, classification of
single leaves, facing up, on a homogeneous background is performed in
Mohanty et al. (2016). A real world application should be able to
classify images of a disease as it presents itself directly on the plant.
Many diseases do not present themselves on the upper side of leaves
only. As another example, plant recognition in Lee et al. (2015) was
noticeably affected by environmental factors such as wrinkled surface
and insect damages. The model for counting tomatoes in Rahnemoonfar
and Sheppard (2017) could count ripe and half-ripe fruits, however, “it
failed to count green fruits because it was not trained for this purpose”. If an
object size in a testing image was significantly less than that of a

Table 2
Difference in performance between CNN and RNN.

No. Application in Agriculture Performance Metric Difference in Performance Reference

1. Crop type classification
considering time series

CA, F1 Three-unit LSTM: 76.2%
(CA), 0.558 (F1)
CNN: 59.9% (CA), 0.236 (F1)

Rußwurm and Körner
(2017)

2. Classify the phenotyping of
Arabidopsis in four accessions

CA CNN+LSTM: 93%
CNN: 76.8%

Namin et al. (2017)
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training set, the model missed the detection in Sa et al. (2016). Diffi-
culty in detecting heavily occluded and distant objects was observed in
Christiansen et al. (2016). Occlusion was a serious issue also in Hall
et al. (2015).

A general issue in computer vision, not only in DL, is that data pre-
processing is sometimes a necessary and time-consuming task, espe-
cially when satellite or aerial photos are involved, as we saw in Section
4.4. A problem with hyperspectral data is their high dimensionality and
limited training samples (Chen et al., 2014).

Moreover, sometimes the existing datasets do not describe com-
pletely the problem they target (Song et al., 2016). As an example, for
estimating corn yield (Kuwata and Shibasaki, 2015), it was necessary to
consider also external factors other than the weather by inputting cul-
tivation information such as fertilization and irrigation.

Finally, in the domain of agriculture, there do not exist many
publicly available datasets for researchers to work with, and in many
cases, researchers need to develop their own sets of images. This could
require many hours or days of work.

5.4. Future of deep learning in agriculture

Observing Appendix A, which lists various existing applications of
computer vision in agriculture, we can see that only the problems of
land cover classification, crop type estimation, crop phenology, weed
detection and fruit grading have been approximated using DL. It is in-
teresting to see how DL would behave also in other agricultural-related
problems listed in Appendix A, such as seeds identification, soil and leaf
nitrogen content, irrigation, plants’ water stress detection, water ero-
sion assessment, pest detection, herbicide use, identification of con-
taminants, diseases or defects on food, crop hail damage and green-
house monitoring. Intuitively, since many of the aforementioned
research areas employ data analysis techniques (see Appendix A) with
similar concepts and comparable performance to DL (i.e. linear and
logistic regression, SVM, KNN, K-means clustering, Wavelet-based fil-
tering, Fourier transform) (Singh et al., 2016), then it could be worth to
examine the applicability of DL on these problems too.

Other possible application areas could be the use of aerial imagery
(i.e. by means of drones) to monitor the effectiveness of the seeding
process, to increase the quality of wine production by harvesting grapes
at the right moment for best maturity levels, to monitor animals and
their movements to consider their overall welfare and identify possible
diseases, and many other scenarios where computer vision is involved.

In spite of the limited availability of open datasets in agriculture, In
Appendix C, we list some of the most popular, free to download datasets
available on the web, which could be used by researchers to start
testing their DL architectures. These datasets could be used to pre-train
DL models and then adapt them to more specific future agricultural
challenges. In addition to these datasets, remote sensing data con-
taining multi-temporal, multi-spectral and multi-source images that
could be used in problems related to land and crop cover classification
are available from satellites such as MERIS, MODIS, AVHRR, RapidEye,
Sentinel, Landsat etc.

More approaches adopting LSTM or other RNN models are expected
in the future, exploiting the time dimension to perform higher perfor-
mance classification or prediction. An example application could be to
estimate the growth of plants, trees or even animals based on previous
consecutive observations, to predict their yield, assess their water needs
or avoid diseases from occurring. These models could find applicability
in environmental informatics too, for understanding climatic change,
predicting weather conditions and phenomena, estimating the en-
vironmental impact of various physical or artificial processes (Kamilaris
et al., 2017a) etc. Related work under study involved up to a five-unit
LSTM model (Minh et al., 2017). We expect in the future to see more
layers stacked together in order to build more complex LSTM

architectures (Ienco et al., 2017). We also believe that datasets with
increasing temporal sequence length will appear, which could improve
the performance of LSTM (Rußwurm and Körner, 2017).

Moreover, more complex architectures would appear, combining
various DL models and classifiers together, or combining hand-crafted
features with automatic features extracted by using various techniques,
fused together to improve the overall outcome, similar to what per-
formed in Hall et al. (2015) and Rebetez et al. (2016). Researchers are
expected to test their models using more general and realistic dataset,
demonstrating the ability of the models to generalize to various real-
world situations. A combination of popular performance metrics, such
as the ones mentioned in Table 1, are essential to be adopted by the
authors for comparison purposes. It would be desirable if researchers
made their datasets publicly available, for use also by the general re-
search community.

Finally, some of the solutions discussed in the surveyed papers could
have a commercial use in the near future. The approaches incorporating
Faster Region-based CNN and DetectNet CNN (Bargoti and Underwood,
2016; Chen et al., 2017; Rahnemoonfar and Sheppard, 2017) would be
extremely useful for automatic robots that collect crops, remove weeds
or for estimating the expected yields of various crops. A future appli-
cation of this technique could be also in microbiology for human or
animal cell counting (Chen et al., 2017). The DRNN model controlling
the daily feed intake of pigs or chicken, predicting quite accurately the
required feed intake for the whole of the growing period, would be
useful to farmers when deciding on a growth curve suitable for various
scenarios. Following some growth patterns would have potential ad-
vantages for animal welfare in terms of leg health, without compro-
mising the idea animals’ final weight and total feed intake requirement
(Demmers et al., 2010, 2012).

6. Conclusion

In this paper, we have performed a survey of deep learning-based
research efforts applied in the agricultural domain. We have identified
40 relevant papers, examining the particular area and problem they
focus on, technical details of the models employed, sources of data
used, pre-processing tasks and data augmentation techniques adopted,
and overall performance according to the performance metrics em-
ployed by each paper. We have then compared deep learning with other
existing techniques, in terms of performance. Our findings indicate that
deep learning offers better performance and outperforms other popular
image processing techniques. For future work, we plan to apply the
general concepts and best practices of deep learning, as described
through this survey, to other areas of agriculture where this modern
technique has not yet been adequately used. Some of these areas have
been identified in the discussion section.

Our aim is that this survey would motivate more researchers to
experiment with deep learning, applying it for solving various agri-
cultural problems involving classification or prediction, related to
computer vision and image analysis, or more generally to data analysis.
The overall benefits of deep learning are encouraging for its further use
towards smarter, more sustainable farming and more secure food pro-
duction.

Acknowledgments

We would like to thank the reviewers, whose valuable feedback,
suggestions and comments increased significantly the overall quality of
this survey. This research has been supported by the P-SPHERE project,
which has received funding from the European Union’s Horizon 2020
research and innovation programme under the Marie Skodowska-Curie
grant agreement No 665919.

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

78



A
pp

en
di
x
A
.
A
pp

li
ca

ti
on

s
of

co
m
pu

te
r
vi
si
on

in
ag

ri
cu

lt
ur

e
an

d
po

pu
la
r
te
ch

ni
qu

es
us

ed

N
o.

A
pp

lic
at
io
n
in

A
gr
ic
ul
tu
re

R
em

ot
e
se
ns
in
g

Te
ch

ni
qu

es
fo
r
da

ta
an

al
ys
is

1.
So

il
an

d
ve

ge
ta
ti
on

/c
ro
p
m
ap

pi
ng

H
yp

er
sp
ec
tr
al

im
ag

in
g
(s
at
el
lit
e
an

d
ai
rb
or
ne

),
m
ul
ti
‐s
pe

ct
ra
l

im
ag

in
g
(s
at
el
lit
e)
,
sy
nt
he

ti
c
ap

er
tu
re

ra
da

r
(S
A
R
)

Im
ag

e
fu
si
on

,S
V
M
,e

nd
-m

em
be

r
ex
tr
ac
ti
on

al
go

ri
th
m
,c

o-
po

la
ri
ze
d
ph

as
e

di
ff
er
en

ce
s
(P
PD

),
lin

ea
r
po

la
ri
za
ti
on

s
(H

H
,V

V
,H

V
),
di
st
an

ce
-b
as
ed

cl
as
si
fi
ca
ti
on

,d
ec
is
io
n
tr
ee
s,
lin

ea
r
m
ix
in
g
m
od

el
s,
lo
gi
st
ic

re
gr
es
si
on

,A
N
N
,

N
D
V
I

2.
Le

af
ar
ea

in
de

x
an

d
cr
op

ca
no

py
H
yp

er
sp
ec
tr
al

im
ag

in
g
(a
ir
bo

rn
e)
,m

ul
ti
‐s
pe

ct
ra
li
m
ag

in
g
(a
ir
bo

rn
e)

Li
ne

ar
re
gr
es
si
on

an
al
ys
is
,N

D
V
I

3.
C
ro
p
ph

en
ol
og

y
Sa

te
lli
te

re
m
ot
e
se
ns
in
g
(g
en

er
al
)

W
av

el
et
-b
as
ed

fi
lt
er
in
g,

Fo
ur
ie
r
tr
an

sf
or
m
s,

N
D
V
I

4.
C
ro
p
he

ig
ht
,e

st
im

at
io
n
of

yi
el
ds
,

fe
rt
ili
ze
rs
'e
ff
ec
t
an

d
bi
om

as
s

Li
gh

t
D
et
ec
ti
on

an
d
R
an

gi
ng

(L
ID

A
R
),
hy

pe
rs
pe

ct
ra
l
an

d
m
ul
ti
-

sp
ec
tr
al

im
ag

in
g,

SA
R
,r

ed
-e
dg

e
ca
m
er
a,

th
er
m
al

in
fr
ar
ed

Li
ne

ar
an

d
ex
po

ne
nt
ia
l
re
gr
es
si
on

an
al
ys
is
,
lin

ea
r
po

la
ri
za
ti
on

s
(V

V
),

w
av

el
et
-b
as
ed

fi
lt
er
in
g,

ve
ge

ta
ti
on

in
di
ce
s
(N

D
V
I,
IC
W
SI
),
A
N
N

5.
C
ro
p
m
on

it
or
in
g

Sa
te
lli
te

re
m
ot
e
se
ns
in
g
(h
yp

er
sp
ec
tr
al

an
d
m
ul
ti
-s
pe

ct
ra
li
m
ag

in
g)
,

N
IR

ca
m
er
a,

SA
R

St
ep

w
is
e
di
sc
ri
m
in
at
e
an

al
ys
is

(D
IS
C
R
IM

)
fe
at
ur
e
ex
tr
ac
ti
on

,l
in
ea
r

re
gr
es
si
on

an
al
ys
is
,c
o-
po

la
ri
ze
d
ph

as
e
di
ff
er
en

ce
s
(P
PD

),
lin

ea
r
po

la
ri
za
ti
on

s
(H

H
,V

V
,H

V
,R

R
an

d
R
L)
,c

la
ss
ifi
ca
ti
on

an
d
re
gr
es
si
on

tr
ee

an
al
ys
is

6.
Id
en

ti
fi
ca
ti
on

of
se
ed

s
an

d
re
or
ga

ni
za
ti
on

of
sp
ec
ie
s

R
em

ot
e
se
ns
in
g
in

ge
ne

ra
l,
ca
m
er
as

an
d
ph

ot
o-
de

te
ct
or
s,

hy
pe

rs
pe

ct
ra
l
im

ag
in
g

Pr
in
ci
pa

l
co

m
po

ne
nt

an
al
ys
is
,
fe
at
ur
e
ex
tr
ac
ti
on

,l
in
ea
r
re
gr
es
si
on

an
al
ys
is

7.
So

il
an

d
le
af

ni
tr
og

en
co

nt
en

t
an

d
tr
ea
tm

en
t,
sa
lin

it
y
de

te
ct
io
n

H
yp

er
sp
ec
tr
al

an
d
m
ul
ti
-s
pe

ct
ra
l
im

ag
in
g,

th
er
m
al

im
ag

in
g

Li
ne

ar
an

d
ex
po

ne
nt
ia
l
re
gr
es
si
on

an
al
ys
is

8.
Ir
ri
ga

ti
on

Sa
te
lli
te

re
m
ot
e
se
ns
in
g
(h
yp

er
sp
ec
tr
al

an
d
m
ul
ti
-s
pe

ct
ra
li
m
ag

in
g)
,

re
d-
ed

ge
ca
m
er
a,

th
er
m
al

in
fr
ar
ed

Im
ag

e
cl
as
si
fi
ca
ti
on

te
ch

ni
qu

es
(u
ns
up

er
vi
se
d
cl
us
te
ri
ng

,d
en

si
ty

sl
ic
in
g
w
it
h

th
re
sh
ol
ds
),
de

ci
si
on

tr
ee
s,

lin
ea
r
re
gr
es
si
on

an
al
ys
is
,
N
D
V
I

9.
Pl
an

ts
w
at
er

st
re
ss

de
te
ct
io
n
an

d
dr
ou

gh
t

co
nd

it
io
ns

Sa
te
lli
te

re
m
ot
e
se
ns
in
g
(h
yp

er
sp
ec
tr
al

an
d
m
ul
ti
-s
pe

ct
ra
l
im

ag
in
g,

ra
da

r
im

ag
es
),
th
er
m
al

im
ag

in
g,

N
IR

ca
m
er
a,

re
d-
ed

ge
ca
m
er
a

Fr
au

nh
of
er

Li
ne

D
ep

th
(F
LD

)
pr
in
ci
pl
e,

lin
ea
r
re
gr
es
si
on

an
al
ys
is
,N

D
V
I

10
.

W
at
er

er
os
io
n
as
se
ss
m
en

t
Sa

te
lli
te

re
m
ot
e
se
ns
in
g
(o
pt
ic
al

an
d
ra
da

r
im

ag
es
),
SA

R
,N

IR
ca
m
er
a

In
te
rf
er
om

et
ri
c
SA

R
im

ag
e
pr
oc

es
si
ng

,l
in
ea
r
an

d
ex
po

ne
nt
ia
l
re
gr
es
si
on

an
al
ys
is
,
co

nt
ou

r
tr
ac
in
g,

lin
ea
r
po

la
ri
za
ti
on

s
(H

H
,V

V
)

11
.

Pe
st

de
te
ct
io
n
an

d
m
an

ag
em

en
t

H
yp

er
sp
ec
tr
al

an
d
m
ul
ti
-s
pe

ct
ra
l
im

ag
in
g,

m
ic
ro
w
av

e
re
m
ot
e

se
ns
in
g,

th
er
m
al

ca
m
er
a

Im
ag

e
pr
oc

es
si
ng

us
in
g
sa
m
pl
e
im

ag
er
y,

lin
ea
r
an

d
ex
po

ne
nt
ia
l
re
gr
es
si
on

an
al
ys
is
,
st
at
is
ti
ca
l
an

al
ys
is
,
C
EM

no
nl
in
ea
r
si
gn

al
pr
oc

es
si
ng

,N
D
V
I

12
.

W
ee
d
de

te
ct
io
n

R
em

ot
e
se
ns
in
g
in

ge
ne

ra
l,
op

ti
ca
l
ca
m
er
as

an
d
ph

ot
o-
de

te
ct
or
s,

hy
pe

rs
pe

ct
ra
l
an

d
m
ul
ti
-s
pe

ct
ra
l
im

ag
in
g

Pi
xe
l
cl
as
si
fi
ca
ti
on

ba
se
d
on

k-
m
ea
ns

cl
us
te
ri
ng

an
d
Ba

ye
s
cl
as
si
fi
er
,f
ea
tu
re

ex
tr
ac
ti
on

te
ch

ni
qu

es
w
it
h
FF

T
an

d
G
LC

M
,w

av
el
et
-b
as
ed

cl
as
si
fi
ca
ti
on

an
d

G
ab

or
fi
lt
er
in
g,

ge
ne

ti
c
al
go

ri
th
m
s,

fu
zz
y
te
ch

ni
qu

es
,
ar
ti
fi
ci
al

ne
ur
al

ne
tw

or
ks
,e

ro
si
on

an
d
di
la
ti
on

se
gm

en
ta
ti
on

,
lo
gi
st
ic

re
gr
es
si
on

,
ed

ge
de

te
ct
io
n,

co
lo
r
de

te
ct
io
n,

pr
in
ci
pa

l
co

m
po

ne
nt

an
al
ys
is

13
.

H
er
bi
ci
de

R
em

ot
e
se
ns
in
g
in

ge
ne

ra
l,
op

ti
ca
l
ca
m
er
as

an
d
ph

ot
o-
de

te
ct
or
s

Fu
zz
y
te
ch

ni
qu

es
,
di
sc
ri
m
in
an

t
an

al
ys
is

14
.

Fr
ui
t
gr
ad

in
g

O
pt
ic
al

ca
m
er
as

an
d
ph

ot
o-
de

te
ct
or
s,

m
on

oc
hr
om

e
im

ag
es

w
it
h

di
ff
er
en

t
ill
um

in
at
io
ns

K
-m

ea
ns

cl
us
te
ri
ng

,i
m
ag

e
fu
si
on

,c
ol
or

hi
st
og

ra
m

te
ch

ni
qu

es
,m

ac
hi
ne

le
ar
ni
ng

(e
sp
.S

V
M
),
Ba

ye
si
an

di
sc
ri
m
in
an

t
an

al
ys
is
,
Ba

ye
s
fi
lt
er
in
g,

lin
ea
r

di
sc
ri
m
in
an

t
an

al
ys
is

15
.

Pa
ck
ag

ed
fo
od

an
d
fo
od

pr
od

uc
ts

–
id
en

ti
fi
ca
ti
on

of
co

nt
am

in
an

ts
,
di
se
as
es

or
de

fe
ct
s,

br
ui
se

de
te
ct
io
n

X
-r
ay

im
ag

in
g
(o
r
tr
an

sm
it
te
d
lig

ht
),
C
C
D

ca
m
er
as
,m

on
oc

hr
om

e
im

ag
es

w
it
h
di
ff
er
en

ti
llu

m
in
at
io
ns
,t
he

rm
al

ca
m
er
as
,m

ul
ti
-s
pe

ct
ra
l

an
d
hy

pe
rs
pe

ct
ra
l
N
IR
-b
as
ed

im
ag

in
g

3D
vi
si
on

,i
nv

ar
ia
nc

e,
pa

tt
er
n
re
co

gn
it
io
n
an

d
im

ag
e
m
od

al
it
y,

m
ul
ti
va

ri
at
e

im
ag

e
an

al
ys
is

w
it
h
pr
in
ci
pa

l
co

m
po

ne
nt

an
al
ys
is
,
K
-m

ea
n
cl
us
te
ri
ng

,S
V
M
,

lin
ea
r
di
sc
ri
m
in
an

t
an

al
ys
is
,
cl
as
si
fi
ca
ti
on

tr
ee
s,

K
-n
ea
re
st

ne
ig
hb

or
s,

de
ci
si
on

tr
ee
s,

fu
si
on

,f
ea
tu
re

ex
tr
ac
ti
on

te
ch

ni
qu

es
w
it
h
FF

T,
st
an

da
rd

Ba
ye

si
an

di
sc
ri
m
in
an

t
an

al
ys
is
,f
ea
tu
re

an
al
ys
is
,c

ol
or
,s

ha
pe

an
d
ge

om
et
ri
c

fe
at
ur
es

us
in
g
di
sc
ri
m
in
at
io
n
an

al
ys
is
,p

ul
se
d-
ph

as
e
th
er
m
og

ra
ph

y
16

.
C
ro
p
ha

il
da

m
ag

e
M
ul
ti
-s
pe

ct
ra
l
im

ag
in
g,

po
la
ri
m
et
ri
c
ra
da

r
im

ag
er
y

Li
ne

ar
an

d
ex
po

ne
nt
ia
lr
eg

re
ss
io
n
an

al
ys
is
,u

ns
up

er
vi
se
d
im

ag
e
cl
as
si
fi
ca
ti
on

17
.

A
gr
ic
ul
tu
ra
l
ex
pa

ns
io
n
an

d
in
te
ns
ifi
ca
ti
on

Sa
te
lli
te

re
m
ot
e
se
ns
in
g
in

ge
ne

ra
l

W
av

el
et
-b
as
ed

fi
lt
er
in
g

18
.

G
re
en

ho
us
e
m
on

it
or
in
g

O
pt
ic
al

an
d
th
er
m
al

ca
m
er
as

Li
ne

ar
an

d
ex
po

ne
nt
ia
l
re
gr
es
si
on

an
al
ys
is
,
un

su
pe

rv
is
ed

cl
as
si
fi
ca
ti
on

,
N
D
V
I,
IR

th
er
m
og

ra
ph

y

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

79



A
pp

en
di
x
B
.
A
pp

li
ca

ti
on

s
of

de
ep

le
ar
ni
ng

in
ag

ri
cu

lt
ur

e

N
o.

A
gr
i
A
re
a

Pr
ob

le
m

D
es
cr
ip
ti
on

D
at
a
U
se
d

C
la
ss
es

an
d
La

be
ls

V
ar
ia
ti
on

am
on

g
C
la
ss
es

D
L
M
od

el
U
se
d

1.
Le

af
cl
as
si
fi
ca
ti
on

C
la
ss
if
y
le
av

es
of

di
ff
er
en

t
pl
an

t
sp
ec
ie
s

Fl
av

ia
da

ta
se
t,
co

ns
is
ti
ng

of
19

07
le
af

im
ag

es
of

32
sp
ec
ie
s
w
it
h
at

le
as
t
50

im
ag

es
pe

r
sp
ec
ie
s
an

d
at

m
os
t
77

im
ag

es
.

32
cl
as
se
s:

32
D
iff
er
en

t
pl
an

t
sp
ec
ie
s

N
/A

A
ut
ho

r-
de

fi
ne

d
C
N
N
+

R
F
cl
as
si
fi
er

2.
Le

af
di
se
as
e

de
te
ct
io
n

13
di
ff
er
en

t
ty
pe

s
of

pl
an

t
di
se
as
es

ou
t
of

he
al
th
y
le
av

es

A
ut
ho

rs
-c
re
at
ed

da
ta
ba

se
co

nt
ai
ni
ng

44
83

im
ag

es
.

15
cl
as
se
s:

Pl
an

t
di
se
as
es

(1
3)
,

he
al
th
y
le
av

es
(1
)
an

d
ba

ck
gr
ou

nd
im

ag
es

(1
)

N
/A

C
aff

eN
et

C
N
N

3.
Pl
an

t
di
se
as
e

de
te
ct
io
n

Id
en

ti
fy

14
cr
op

sp
ec
ie
s
an

d
26

di
se
as
es

Pl
an

tV
ill
ag

e
pu

bl
ic

da
ta
se
t
of

54
,3
06

im
ag

es
of

di
se
as
ed

an
d
he

al
th
y
pl
an

t
le
av

es
co

lle
ct
ed

un
de

r
co

nt
ro
lle

d
co

nd
it
io
ns
.

38
cl
as
s
la
be

ls
as

cr
op

-d
is
ea
se

pa
ir
s

N
/A

A
le
xN

et
,
G
oo

gl
eN

et
C
N
N
s

4.
C
la
ss
if
y
ba

na
na

le
av

es
’d

is
ea
se
s

D
at
as
et

of
37

00
im

ag
es

of
ba

na
na

di
se
as
es

ob
ta
in
ed

fr
om

th
e
Pl
an

tV
ill
ag

e
da

ta
se
t.

3
cl
as
se
s:

he
al
th
y,

bl
ac
k
si
ga

to
ka

an
d
bl
ac
k
sp
ec
kl
e

N
/A

Le
N
et

C
N
N

5.
La

nd
co

ve
r

cl
as
si
fi
ca
ti
on

Id
en

ti
fy

13
di
ff
er
en

t
la
nd

-c
ov

er
cl
as
se
s
in

K
SC

an
d
9
di
ff
er
en

t
cl
as
se
s
in

Pa
vi
a

A
m
ix
ed

ve
ge

ta
ti
on

si
te

ov
er

K
en

ne
dy

Sp
ac
e
C
en

te
r
(K

SC
),
FL

,U
SA

(D
at
as
et

1)
,

an
d
an

ur
ba

n
si
te

ov
er

th
e
ci
ty

of
Pa

vi
a,

It
al
y
(D

at
as
et

2)
.H

yp
er
sp
ec
tr
al

da
ta
se
ts
.

13
di
ff
er
en

t
la
nd

-c
ov

er
cl
as
se
s

(D
at
as
et

1)
,9

la
nd

co
ve

r
cl
as
se
s

tr
ee
s
(D

at
as
et

2)
:S

oi
l,
m
ea
do

w
,

w
at
er
,s

ha
do

w
s,

di
ff
er
en

t
m
at
er
ia
ls

N
/A

H
yb

ri
d
of

PC
A
,

au
to
en

co
de

r
(A

E)
,a

nd
lo
gi
st
ic

re
gr
es
si
on

6.
Id
en

ti
fy

21
la
nd

-u
se

cl
as
se
s
co

nt
ai
ni
ng

a
va

ri
et
y
of

sp
at
ia
l

pa
tt
er
ns

U
C
M
er
ce
d
la
nd

-u
se

da
ta

se
t.
A
er
ia
lo

rt
ho

-
im

ag
er
y
w
it
h
a
0.
30

48
-m

pi
xe
l
re
so
lu
ti
on

.
D
at
as
et

co
m
pi
le
d
fr
om

a
se
le
ct
io
n
of

10
0

im
ag

es
/c
la
ss
.

21
la
nd

-u
se

cl
as
se
s:

A
gr
ic
ul
tu
ra
l,

ai
rp
la
ne

,s
po

rt
s,

be
ac
h,

bu
ild

in
gs
,

re
si
de

nt
ia
l,
fo
re
st
,f
re
ew

ay
,

ha
rb
or
,p

ar
ki
ng

lo
t,
ri
ve

r
et
c.

H
ig
h
re
le
va

nc
e
be

tw
ee
n
m
ed

iu
m

de
ns
it
y

an
d
de

ns
e
re
si
de

nt
ia
l,
as

w
el
l
as

be
tw

ee
n

bu
ild

in
gs

an
d
st
or
ag

e
ta
nk

s

A
ut
ho

r-
de

fi
ne

d
C
N
N
+

m
ul
ti
vi
ew

m
od

el
av

er
ag

in
g

7.
Ex

tr
ac
t
in
fo
rm

at
io
n

ab
ou

t
cu

lt
iv
at
ed

la
nd

Im
ag

es
fr
om

U
A
V

at
th
e
ar
ea
s
Pe

ng
zh

ou
C
ou

nt
y
an

d
G
ua

ng
ha

n
C
ou

nt
y,

Si
ch

ua
n

Pr
ov

in
ce
,C

hi
na

.

2
cl
as
se
s:

C
ul
ti
va

te
d
vs
.n

on
-

cu
lt
iv
at
ed

Th
e
cu

lt
iv
at
ed

la
nd

sa
m
pl
es

an
d
pa

rt
of

fo
re
st

la
nd

sa
m
pl
es

w
er
e
ea
si
ly

co
nf
us
ed

A
ut
ho

r-
de

fi
ne

d
C
N
N

8.
La

nd
co

ve
r

cl
as
si
fi
ca
ti
on

co
ns
id
er
in
g
ti
m
e

se
ri
es

Fi
rs
t
da

ta
se
t
ge

ne
ra
te
d
us
in
g
a
ti
m
e
se
ri
es

of
Pl
éi
ad

es
V
H
SR

im
ag

es
at

TH
A
U

Ba
si
n.

Se
co

nd
da

ta
se
t
ge

ne
ra
te
d
fr
om

an
an

nu
al

ti
m
e
se
ri
es

of
23

La
nd

sa
t
8
im

ag
es

ac
qu

ir
ed

in
20

14
ab

ov
e
R
eu

ni
on

Is
la
nd

.

11
cl
as
se
s
(d
at
as
et

1)
,
9
cl
as
se
s

(d
at
as
et

2)
.L

an
d
co

ve
r
cl
as
se
s

su
ch

as
tr
ee
s,
cr
op

s,
fo
re
st
s,
w
at
er
,

so
ils
,u

rb
an

ar
ea
s,

gr
as
sl
an

ds
,e

tc
.

(I
m
ag

e
ob

je
ct

or
pi
xe
l)

Tr
ee

C
ro
ps
,
Su

m
m
er

cr
op

s
an

d
Tr
uc

k
Fa

rm
in
g
w
er
e
cl
as
se
s
hi
gh

ly
m
ix
ed

O
ne

-u
ni
t
LS

TM
+

R
FF

,
O
ne

-u
ni
t
LS

TM
+

SV
M

9.
C
ro
p
ty
pe

cl
as
si
fi
ca
ti
on

C
la
ss
ifi
ca
ti
on

of
cr
op

s
w
he

at
,m

ai
ze
,

so
yb

ea
ns

su
nfl

ow
er

an
d
su
ga

r
be

et

19
m
ul
ti
-t
em

po
ra
l
sc
en

es
ac
qu

ir
ed

by
La

nd
sa
t-
8
an

d
Se

nt
in
el
-1
A

R
S
sa
te
lli
te
s

fr
om

a
te
st

si
te

in
U
kr
ai
ne

.

11
cl
as
se
s:
w
at
er
,f
or
es
t,
gr
as
sl
an

d,
ba

re
la
nd

,w
he

at
,m

ai
ze
,r
ap

es
ee
d,

ce
re
al
s,
su
ga

r
be

et
,s
un

fl
ow

er
s
an

d
so
yb

ea
ns
.

G
en

er
al

co
nf
us
io
n
be

tw
ee
n
m
ai
ze

an
d

so
yb

ea
ns

A
ut
ho

r-
de

fi
ne

d
C
N
N

10
.

C
la
ss
ifi
ca
ti
on

of
cr
op

s
oi
l
ra
di
sh
,

ba
rl
ey

,s
ee
de

d
gr
as
s,

w
ee
d
an

d
st
um

p

36
pl
ot
s
at

Fo
ul
um

R
es
ea
rc
h
C
en

te
r,

D
en

m
ar
k
co

nt
ai
ni
ng

oi
l
ra
di
sh

as
a
ca
tc
h

cr
op

an
d
am

ou
nt
s
of

ba
rl
ey

,g
ra
ss
,
w
ee
d

an
d
st
um

p.
35

2
pa

tc
he

s
in

to
ta
l.

7
cl
as
se
s:

oi
l
ra
di
sh
,b

ar
le
y,

w
ee
d,

st
um

p,
so
il,

eq
ui
pm

en
t
an

d
un

kn
ow

n
(p
ix
el

of
th
e
im

ag
e)

C
oa

rs
e
fe
at
ur
es

(r
ad

is
h
le
af
s
an

d
so
il)

w
er
e

pr
ed

ic
te
d
qu

it
e
w
el
l.
Fi
ne

r
fe
at
ur
es

(b
ar
le
y,

gr
as
s
or

st
um

p)
no

t
so

m
uc

h.

A
da

pt
ed

ve
rs
io
n
of

V
G
G
16

C
N
N

11
.

C
ro
p
ty
pe

cl
as
si
fi
ca
ti
on

co
ns
id
er
in
g
ti
m
e

se
ri
es

A
ra
st
er

da
ta
se
t
of

26
SE

N
TI
N
EL

2A
im

ag
es
,a

cq
ui
re
d
be

tw
ee
n
20

15
19

cl
as
se
s:

co
rn
,m

ea
do

w
,

as
pa

ra
gu

s,
ra
pe

,h
op

,s
um

m
er

oa
ts
,w

in
te
r
sp
el
t,
fa
llo

w
,w

he
at
,

ba
rl
ey

,w
in
te
r
ry
e,

be
an

s
an

d
ot
he

rs

So
m
e
cl
as
se
s
re
pr
es
en

t
di
st
in
ct

cu
lt
iv
at
ed

cr
op

s,
ot
he

rs
(s
uc

h
as

m
ea
do

w
,f
al
lo
w
,

tr
it
ic
al
e,

w
he

at
,a

nd
ry
e)

ar
e
bo

ta
ni
ca
lly

re
la
te
d.

Th
re
e-
un

it
LS

TM

20
16

at
M
un

ic
h
G
er
m
an

y.
Sh

or
tw

av
e

in
fr
ar
ed

1
an

d
2
ba

nd
s
w
er
e
se
le
ct
ed

.

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

80



12
.

C
ro
p
ty
pe

cl
as
si
fi
ca
ti
on

fr
om

U
A
V

im
ag

er
y

A
er
ia
l
im

ag
es

of
ex
pe

ri
m
en

ta
l
fa
rm

fi
el
ds

is
su
ed

fr
om

a
se
ri
es

of
ex
pe

ri
m
en

ts
co

nd
uc

te
d
by

th
e
Sw

is
s
C
on

fe
de

ra
ti
on

’s
A
gr
os
co

pe
re
se
ar
ch

ce
nt
er
.

23
cl
as
se
s:

22
di
ff
er
en

t
cr
op

s
pl
us

so
il
(p
ix
el

of
th
e
im

ag
e)

Li
n
an

d
Si
m
pl
ex

ha
ve

ve
ry

si
m
ila

r
hi
st
og

ra
m
s

C
N
N
+

H
is
tN

N
(u
si
ng

R
G
B
hi
st
og

ra
m
s)

13
.

Pl
an

t
re
co

gn
it
io
n

R
ec
og

ni
ze

7
vi
ew

s
of

di
ff
er
en

t
pl
an

ts
:

en
ti
re

pl
an

t,
br
an

ch
,

fl
ow

er
,f
ru
it
,l
ea
f,

st
em

an
d
sc
an

s

Li
fe
C
LE

F
20

15
pl
an

t
da

ta
se
t,
w
hi
ch

ha
s

91
,7
59

im
ag

es
di
st
ri
bu

te
d
in

13
,8
87

pl
an

t
ob

se
rv
at
io
ns
.
Ea

ch
ob

se
rv
at
io
n
ca
pt
ur
es

th
e
ap

pe
ar
an

ce
of

th
e
pl
an

t
fr
om

va
ri
ou

s
po

in
ts

of
vi
ew

:e
nt
ir
e
pl
an

t,
le
af

br
an

ch
,

fr
ui
t,
st
em

sc
an

,fl
ow

er
.

10
00

cl
as
se
s:

Sp
ec
ie
s
th
at

in
cl
ud

e
tr
ee
s,

he
rb
s,

an
d
fe
rn
s,

am
on

g
ot
he

rs
.

Im
ag

es
of

fl
ow

er
s
an

d
le
af

sc
an

s
off

er
hi
gh

er
ac
cu

ra
cy

th
an

th
e
re
st

of
th
e
vi
ew

s
A
le
xN

et
C
N
N

14
.

R
oo

t
an

d
sh
oo

t
fe
at
ur
e

id
en

ti
fi
ca
ti
on

an
d

lo
ca
lis
at
io
n

Th
e
fi
rs
t
da

ta
se
t
co

nt
ai
ns

25
00

an
no

ta
te
d

im
ag

es
of

w
ho

le
ro
ot

sy
st
em

s.
Th

e
se
co

nd
ha

nd
-a
nn

ot
at
ed

16
64

im
ag

es
of

w
he

at
pl
an

ts
,l
ab

el
in
g
le
af

ti
ps
,l
ea
f
ba

se
s,

ea
r

ti
ps
,a

nd
ea
r
ba

se
s.

2
cl
as
se
s:
Pr
ed

ic
ti
on

if
a
ro
ot

ti
p
is

pr
es
en

t
or

no
t
(fi

rs
t
da

ta
se
t)

5
cl
as
se
s:

Le
af

ti
ps

an
d
ba

se
s,

ea
r

ti
ps

an
d
ba

se
s,

an
d
ne

ga
ti
ve

(s
ec
on

d
da

ta
se
t)

N
/A

A
ut
ho

r-
de

fi
ne

d
C
N
N

15
.

R
ec
og

ni
ze

44
di
ff
er
en

t
pl
an

t
sp
ec
ie
s

M
al
ay

aK
ew

(M
K
)
Le

af
D
at
as
et

w
hi
ch

co
ns
is
ts

of
44

cl
as
se
s,

co
lle

ct
ed

at
th
e

R
oy

al
Bo

ta
ni
c
G
ar
de

ns
,K

ew
,E

ng
la
nd

.

44
cl
as
se
s:

Sp
ec
ie
s
su
ch

as
ac
ut
is
si
m
a,

m
ac
ra
nt
he

ra
,r

ub
ra
,

ro
bu

r
f.
pu

rp
ur
as
ce
ns

et
c.

N
/A

A
le
xN

et
C
N
N

16
.

Id
en

ti
fy

pl
an

ts
fr
om

le
af

ve
in

pa
tt
er
ns

of
w
hi
te
,s

oy
a
an

d
re
d

be
an

s

86
6
le
af

im
ag

es
pr
ov

id
ed

by
IN

TA
A
rg
en

ti
na

.D
at
as
et

di
vi
de

d
in
to

th
re
e

cl
as
se
s:
42

2
im

ag
es

co
rr
es
po

nd
to

so
yb

ea
n

le
av

es
,2

72
to

re
d
be

an
le
av

es
an

d
17

2
to

w
hi
te

be
an

le
av

es
.

3
cl
as
se
s:

Le
gu

m
e
sp
ec
ie
s
w
hi
te

be
an

,r
ed

be
an

an
d
so
yb

ea
n

A
t
so
yb

ea
n,

in
fo
rm

at
iv
e
re
gi
on

s
ar
e
in

th
e

ce
nt
ra
lv

ei
n.

Fo
r
w
hi
te

an
d
re
d
be

an
,o

ut
er

an
d
sm

al
le
r
ve

in
s
ar
e
al
so

re
le
va

nt
.

A
ut
ho

r-
de

fi
ne

d
C
N
N

17
.

Pl
an

t
ph

en
ol
og

y
re
co

gn
it
io
n

C
la
ss
if
y

ph
en

ol
og

ic
al

st
ag

es
of

se
ve

ra
l
ty
pe

s
of

pl
an

ts
pu

re
ly

ba
se
d

on
th
e
vi
su
al

da
ta

D
at
as
et

co
lle

ct
ed

th
ro
ug

h
TA

R
BI
L
A
gr
o-

in
fo
rm

at
ic
s
R
es
ea
rc
h
C
en

te
r
of

IT
U
,f
or

w
hi
ch

ov
er

a
th
ou

sa
nd

ag
ro
st
at
io
ns

ar
e

pl
ac
ed

th
ro
ug

ho
ut

Tu
rk
ey

.D
iff
er
en

t
im

ag
es

of
va

ri
ou

s
pl
an

ts
,a

t
di
ff
er
en

t
ph

en
ol
og

ic
al

st
ag

es
.

9
cl
as
se
s:

D
iff
er
en

t
gr
ow

th
st
ag

es
of

pl
an

ts
,s
ta
rt
in
g
fr
om

pl
ow

in
g
to

cr
op

pi
ng

,f
or

th
e
pl
an

ts
w
he

at
,

ba
rl
ey

,l
en

ti
l,
co

tt
on

,p
ep

pe
r
an

d
co

rn
.(
im

ag
e
se
gm

en
t)

A
pp

ea
ra
nc

es
ch

an
ge

ve
ry

gr
ad

ua
lly

an
d
it

is
ch

al
le
ng

in
g
to

di
st
in
gu

is
h
im

ag
es

fa
lli
ng

in
to

th
e
gr
ow

in
g
du

ra
ti
on

s
th
at

ar
e
in

th
e

m
id
dl
e
of

tw
o
su
cc
es
si
ve

st
ag

es
.S

om
e

pl
an

ts
fr
om

di
ff
er
en

t
cl
as
se
s
ha

ve
si
m
ila

r
co

lo
r
an

d
te
xt
ur
e
di
st
ri
bu

ti
on

s

A
le
xN

et
C
N
N

18
.

C
la
ss
if
y
th
e

ph
en

ot
yp

in
g
of

A
ra
bi
do

ps
is

in
fo
ur

ac
ce
ss
io
ns

D
at
as
et

co
m
po

se
d
of

se
qu

en
ce
s
of

im
ag

es
ca
pt
ur
ed

fr
om

th
e
pl
an

ts
in

di
ff
er
en

t
da

ys
w
hi
le

th
ey

gr
ow

,s
uc

ce
ss
iv
e
to
p-
vi
ew

im
ag

es
of

di
ff
er
en

t
ac
ce
ss
io
ns

of
A
ra
bi
do

ps
is

th
al
ia
na

.

4
cl
as
se
s:

4
di
ff
er
en

t
ac
ce
ss
io
ns

of
A
ra
bi
do

ps
is
:G

en
ot
yp

e
st
at
es

SF
-2
,

C
V
I,
La

nd
sb
er
g
(L
er
)
an

d
C
ol
um

bi
a
(C

ol
)

Pl
an

ts
ch

an
ge

in
si
ze

ra
pi
dl
y
du

ri
ng

th
ei
r

gr
ow

th
,
th
e
de

co
m
po

se
d
im

ag
es

fr
om

th
e

pl
an

t
se
qu

en
ce
s
ar
e
no

t
su
ffi
ci
en

tl
y

co
ns
is
te
nt

C
N
N
+

LS
TM

19
.

Se
gm

en
ta
ti
on

of
ro
ot

an
d

so
il

Id
en

ti
fy

ro
ot
s
fr
om

so
ils

So
il
im

ag
es

co
m
in
g
fr
om

X
-r
ay

to
m
og

ra
ph

y.
2
cl
as
se
s:
R
oo

t
or

so
il
(p
ix
el

of
th
e

im
ag

e)
So

il/
ro
ot

co
nt
ra
st

is
so
m
et
im

es
ve

ry
lo
w

A
ut
ho

r-
de

fi
ne

d
C
N
N

w
it
h

SV
M

fo
r
cl
as
si
fi
ca
ti
on

20
.

C
ro
p
yi
el
d

es
ti
m
at
io
n

Es
ti
m
at
e
co

rn
yi
el
d

of
co

un
ty

le
ve

l
in

U
.S
.

C
or
n
yi
el
ds

fr
om

20
01

to
20

10
in

Il
lin

oi
s

U
.S
.,
do

w
nl
oa

de
d
fr
om

C
lim

at
e
R
es
ea
rc
h

U
ni
t
(C

R
U
),
pl
us

M
O
D
IS

En
ha

nc
ed

V
eg

et
at
io
n
In
de

x.

C
ro
p
yi
el
d
in
de

x
(s
ca
la
r
va

lu
e)

N
/A

A
ut
ho

r-
de

fi
ne

d
C
N
N

21
.

M
ap

pi
ng

w
in
te
r

ve
ge

ta
ti
on

qu
al
it
y

co
ve

ra
ge

co
ns
id
er
in
g
ti
m
e

se
ri
es

Se
nt
in
el
-1

da
ta
se
t
in
cl
ud

in
g
13

ac
qu

is
it
io
ns

in
TO

PS
m
od

e
fr
om

O
ct
ob

er
20

16
to

Fe
br
ua

ry
20

17
,w

it
h
a
te
m
po

ra
l

ba
se
lin

e
of

12
da

ys
.D

ua
l-p

ol
ar
iz
at
io
n

(V
V
+

V
H
)
da

ta
in

26
im

ag
es
.

5
cl
as
se
s:

Es
ti
m
at
io
ns

of
th
e

qu
al
it
y
of

ve
ge

ta
ti
ve

de
ve

lo
pm

en
t

as
ba

re
so
il,

ve
ry

lo
w
,l
ow

,
av

er
ag

e,
hi
gh

“L
ow

”
cl
as
s
in
te
rs
ec
ts

th
e
te
m
po

ra
l

pr
ofi

le
s
of

al
l
th
e
ot
he

r
cl
as
se
s
m
ul
ti
pl
e

ti
m
es
.A

m
is
cl
as
si
fi
ca
ti
on

ra
te

ex
is
ts

be
tw

ee
n
th
e
“l
ow

”
an

d
“b

ar
e
so
il”

cl
as
se
s

Fi
ve

-u
ni
t
LS

TM
,G

at
ed

R
ec
ur
re
nt

U
ni
t
(G

R
U
)

22
.

Fr
ui
t
co

un
ti
ng

Pr
ed

ic
t
nu

m
be

r
of

to
m
at
oe

s
in

th
e

im
ag

es

24
,0
00

sy
nt
he

ti
c
im

ag
es

pr
od

uc
ed

by
th
e

au
th
or
s.

Es
ti
m
at
ed

nu
m
be

r
of

to
m
at
o
fr
ui
ts

(s
ca
la
r
va

lu
e)

N
/A

M
od

ifi
ed

In
ce
pt
io
n-

R
es
N
et

C
N
N

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

81



23
.

M
ap

fr
om

in
pu

t
im

ag
es

of
ap

pl
es

an
d
or
an

ge
s
to

to
ta
l

fr
ui
t
co

un
ts

71
12

80
×

96
0
or
an

ge
im

ag
es

(d
ay

ti
m
e)

an
d
21

19
20

×
12

00
ap

pl
e
im

ag
es

(n
ig
ht

ti
m
e)
.

N
um

be
r
of

or
an

ge
or

ap
pl
e
fr
ui
ts

(s
ca
la
r
va

lu
e)

H
ig
h
va

ri
at
io
n
in

C
A
.F

or
or
an

ge
,d

at
as
et

ha
s
hi
gh

oc
cl
us
io
n,

de
pt
h
va

ri
at
io
n,

an
d

un
co

nt
ro
lle

d
ill
um

in
at
io
n.

Fo
r
ap

pl
es
,d

at
a

se
th

as
hi
gh

co
lo
r
si
m
ila

ri
ty

be
tw

ee
n
fr
ui
t/

fo
lia

ge

C
N
N

(b
lo
b
de

te
ct
io
n
an

d
co

un
ti
ng

)
+

Li
ne

ar
R
eg

re
ss
io
n

24
.

Fr
ui
t
de

te
ct
io
n
in

or
ch

ar
ds
,
in
cl
ud

in
g

m
an

go
es
,a

lm
on

ds
an

d
ap

pl
es

Im
ag

es
of

th
re
e
fr
ui
t
va

ri
et
ie
s:

ap
pl
es

(7
26

),
al
m
on

ds
(3
85

)a
nd

m
an

go
es

(1
15

4)
,

ca
pt
ur
ed

at
or
ch

ar
ds

in
V
ic
to
ri
a
an

d
Q
ue

en
sl
an

d,
A
us
tr
al
ia
.

Se
ct
io
ns

of
ap

pl
es
,a

lm
on

ds
an

d
m
an

go
es

at
th
e
im

ag
e
(b
ou

nd
in
g

bo
x)

W
it
hi
n
cl
as
s
va

ri
at
io
ns

du
e
to

di
st
an

ce
to

fr
ui
t
ill
um

in
at
io
n,

fr
ui
t
cl
us
te
ri
ng

,a
nd

ca
m
er
a
vi
ew

-p
oi
nt
.
A
lm

on
ds

si
m
ila

r
in

co
lo
r
an

d
te
xt
ur
e
to

th
e
fo
lia

ge

Fa
st
er

R
eg

io
n-
ba

se
d
C
N
N

w
it
h
V
G
G
16

m
od

el

25
.

D
et
ec
ti
on

of
sw

ee
t

pe
pp

er
an

d
ro
ck

m
el
on

fr
ui
ts

12
2
im

ag
es

ob
ta
in
ed

fr
om

tw
o
m
od

al
it
ie
s:

co
lo
r
(R

G
B)

an
d
N
ea
r-
In
fr
ar
ed

(N
IR
).

Se
ct
io
ns

of
sw

ee
t
re
d
pe

pp
er
s
an

d
ro
ck

m
el
on

s
on

th
e
im

ag
e

(b
ou

nd
in
g
bo

x)

V
ar
ia
ti
on

s
to

ca
m
er
a
se
tu
p,

ti
m
e
an

d
lo
ca
ti
on

s
of

da
ta

ac
qu

is
it
io
n.

Ti
m
e
fo
r
da

ta
co

lle
ct
io
n
is

da
y
an

d
ni
gh

t,
si
te
s
ar
e

di
ff
er
en

t.
V
ar
ie
d
fr
ui
t
ri
pe

ne
ss
.

Fa
st
er

R
eg

io
n-
ba

se
d
C
N
N

w
it
h
V
G
G
16

m
od

el

26
.

O
bs
ta
cl
e

de
te
ct
io
n

Id
en

ti
fy

IS
O

ba
rr
el
-

sh
ap

ed
ob

st
ac
le
s
in

ro
w

cr
op

s
an

d
gr
as
s

m
ow

in
g

43
7
im

ag
es

fr
om

au
th
or
s'
ex
pe

ri
m
en

ts
an

d
re
co

rd
in
gs
,1

92
5
po

si
ti
ve

an
d
11

,5
50

ne
ga

ti
ve

sa
m
pl
es
.

Id
en

ti
fy

if
a
ba

rr
el
-s
ha

pe
d
ob

je
ct

is
pr
es
en

t
in

th
e
im

ag
e
(b
ou

nd
in
g

bo
x)

N
/A

A
le
xN

et
C
N
N

27
.

D
et
ec
to

bs
ta
cl
es

th
at

ar
e
di
st
an

t,
he

av
ily

oc
cl
ud

ed
an

d
un

kn
ow

n

Ba
ck
gr
ou

nd
da

ta
of

48
im

ag
es

an
d
te
st

da
ta

of
48

im
ag

es
fr
om

an
no

ta
ti
on

s
of

hu
m
an

s,
ho

us
es
,
ba

rr
el
s,

w
el
ls

an
d

m
an

ne
qu

in
s.

C
la
ss
if
y
ea
ch

pi
xe
l
as

ei
th
er

fo
re
gr
ou

nd
(c
on

ta
in
s
a
hu

m
an

)
or

ba
ck
gr
ou

nd
(a
no

m
al
y
de

te
ct
io
n)

N
/A

A
le
xN

et
an

d
V
G
G

C
N
N
s

28
.

Id
en

ti
fi
ca
ti
on

of
w
ee
ds

C
la
ss
if
y
91

w
ee
d

se
ed

ty
pe

s
D
at
as
et

of
39

80
im

ag
es

co
nt
ai
ni
ng

91
ty
pe

s
of

w
ee
d
se
ed

s.
91

cl
as
se
s:

D
iff
er
en

t
co

m
m
on

w
ee
ds

fo
un

d
in

ag
ri
cu

lt
ur
al

fi
el
ds

Si
m
ila

ri
ty

be
tw

ee
n
so
m
e
cl
as
se
s
is

ve
ry

hi
gh

(o
nl
y
sl
ig
ht

di
ff
er
en

ce
s
in

sh
ap

e,
te
xt
ur
e,

an
d
co

lo
r)

PC
A
N
et

+
LM

C
cl
as
si
fi
er
s

29
.

C
la
ss
if
y
w
ee
d
fr
om

cr
op

sp
ec
ie
s
ba

se
d

on
22

di
ff
er
en

t
sp
ec
ie
s
in

to
ta
l.

D
at
as
et

of
10

,4
13

im
ag

es
,t
ak

en
m
ai
nl
y

fr
om

BB
C
H

12
–1

6
co

nt
ai
ni
ng

22
w
ee
d
an

d
cr
op

sp
ec
ie
s
at

ea
rl
y
gr
ow

th
st
ag

es
.

22
cl
as
se
s:

D
iff
er
en

t
sp
ec
ie
s
of

w
ee
ds

an
d
cr
op

s
at

ea
rl
y
gr
ow

th
st
ag

es
e.
g.

ch
am

om
ile

,k
no

tw
ee
d,

cr
an

es
bi
ll,

ch
ic
kw

ee
d
an

d
ve

ro
ni
ca

V
ar
ia
ti
on

s
w
it
h
re
sp
ec
t
to

lig
ht
in
g,

re
so
lu
ti
on

,
an

d
so
il
ty
pe

.S
om

e
sp
ec
ie
s

(V
er
on

ic
a,

Fi
el
d
Pa

nc
y)

w
er
e
ve

ry
si
m
ila

r
an

d
di
ffi
cu

lt
to

cl
as
si
fy

V
ar
ia
ti
on

of
V
G
G
16

30
.

Id
en

ti
fy

th
is
tl
e
in

w
in
te
r
w
he

at
an

d
sp
ri
ng

ba
rl
ey

im
ag

es

45
00

im
ag

es
fr
om

10
,2

0,
30

,a
nd

50
m

of
al
ti
tu
de

ca
pt
ur
ed

by
a
C
an

on
Po

w
er
Sh

ot
G
15

ca
m
er
a.

2
cl
as
se
s:

W
he

th
er

th
e
im

ag
e

co
nt
ai
ns

th
is
tl
e
in

w
in
te
r
w
he

at
or

no
t
(H

ea
tm

ap
of

cl
as
se
s
is

ge
ne

ra
te
d
at

th
e
ou

tp
ut
)

Sm
al
l
va

ri
at
io
ns

in
so
m
e
im

ag
es

de
pe

nd
in
g
on

th
e
pe

rc
en

ta
ge

of
th
is
tl
es

th
ey

co
nt
ai
n

D
en

se
N
et

C
N
N

31
.

W
ee
d
se
gm

en
ta
ti
on

fo
r
ro
bo

ti
c

pl
at
fo
rm

s

C
ro
p/

W
ee
d
Fi
el
d
Im

ag
e
D
at
as
et

(C
W
-F
ID

),
co

ns
is
ts

of
20

tr
ai
ni
ng

an
d
40

te
st
in
g

im
ag

es
.A

da
ta
se
t
of

60
to
p-
do

w
n
fi
el
d

im
ag

es
of

a
co

m
m
on

cu
lt
ur
e
(o
rg
an

ic
ca
rr
ot
s)

w
it
h
th
e
pr
es
en

ce
of

in
tr
a-
ro
w

an
d

cl
os
e-
to
-c
ro
p
w
ee
ds
.

2
cl
as
se
s:

ca
rr
ot

pl
an

ts
an

d
w
ee
ds

(i
m
ag

e
re
gi
on

)
N
/A

A
da

pt
ed

ve
rs
io
n
of

In
ce
pt
io
n-

v3
+

lig
ht
w
ei
gh

t
D
C
N
N
+

se
t
of

K
lig

ht
w
ei
gh

t
m
od

el
s
as

a
m
ix
tu
re

m
od

el
(M

ix
D
C
N
N
)

32
.

A
ut
om

at
in
g
w
ee
d

de
te
ct
io
n
in

co
lo
r

im
ag

es
de

sp
it
e

he
av

y
le
af

oc
cl
us
io
n

14
27

im
ag

es
fr
om

w
in
te
r
w
he

at
fi
el
ds
,o

f
w
hi
ch

18
,5
41

w
ee
ds

ha
ve

be
en

an
no

ta
te
d,

co
lle

ct
ed

us
in
g
a
ca
m
er
a
m
ou

nt
ed

on
an

al
l-t
er
ra
in

ve
hi
cl
e.

D
et
ec
t
si
ng

le
w
ee
d
in
st
an

ce
s
in

im
ag

es
of

ce
re
al

fi
el
ds

(b
ou

nd
in
g

bo
x)
.A

co
ve

ra
ge

m
ap

is
pr
od

uc
ed

.

La
rg
e
pa

rt
s
of

th
e
w
ee
ds

ov
er
la
p
w
it
h

w
he

at
pl
an

ts
Ba

se
d
on

D
et
ec
tN

et
C
N
N

(w
hi
ch

is
ba

se
d
on

G
oo

gL
eN

et
C
N
N
)

33
.

C
ro
p/

w
ee
d

de
te
ct
io
n
an

d
cl
as
si
fi
ca
ti
on

D
et
ec
ti
ng

su
ga

r
be

et
pl
an

ts
an

d
w
ee
ds

in
th
e
fi
el
d
ba

se
d
on

im
ag

e
da

ta

19
69

R
G
B
+

N
IR

im
ag

es
ca
pt
ur
ed

us
in
g
a

JA
Ic

am
er
a
in

na
di
r
vi
ew

pl
ac
ed

on
a
U
A
V
.

Id
en

ti
fy

if
an

im
ag

e
pa

tc
h
be

lo
ng

s
to

w
ee
d
or

su
ga

r
be

et
(i
m
ag

e
re
gi
on

)

N
/A

A
ut
ho

r-
de

fi
ne

d
C
N
N

34
.

N
/A

A
ut
ho

r-
de

fi
ne

d
C
N
N

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

82



D
et
ec
ti
ng

an
d

cl
as
si
fy
in
g
su
ga

r
be

et
pl
an

ts
an

d
w
ee
ds

16
00

4-
ch

an
ne

ls
R
G
B
+

N
IR

im
ag

es
ca
pt
ur
ed

be
fo
re

(7
00

im
ag

es
)
an

d
af
te
r

(9
00

im
ag

es
)
a
4-
w
ee
k
pe

ri
od

,p
ro
vi
de

d
by

a
m
ul
ti
sp
ec
tr
al

JA
I
ca
m
er
a
m
ou

nt
ed

on
a

BO
SC

H
Bo

ni
ro
b
fa
rm

ro
bo

t.

Id
en

ti
fi
es

if
a
bl
ob

be
lo
ng

s
to

su
ga

r
be

et
cr
op

,w
ee
ds

or
so
il
(i
m
ag

e
bl
ob

)

35
.

D
et
ec
ti
ng

an
d

cl
as
si
fy
in
g
w
ee
ds

an
d
m
ai
ze

in
fi
el
ds

Si
m
ul
at
ed

to
p-
do

w
n
im

ag
es

of
ov

er
la
pp

in
g

pl
an

ts
on

so
il
ba

ck
gr
ou

nd
A

to
ta
l
of

30
1

im
ag

es
of

so
il
an

d
84

30
im

ag
es

of
se
gm

en
te
d
pl
an

ts
.
Th

e
pl
an

ts
co

ve
r
23

di
ff
er
en

t
w
ee
d
sp
ec
ie
s
an

d
m
ai
ze
.

Id
en

ti
fi
es

if
an

im
ag

e
pa

tc
h

be
lo
ng

s
to

w
ee
d,

so
il
or

m
ai
ze

cr
op

(i
m
ag

e
pi
xe
l)

N
/A

A
da

pt
ed

ve
rs
io
n
of

V
G
G
16

C
N
N

36
.

Pr
ed

ic
ti
on

of
so
il
m
oi
st
ur
e

co
nt
en

t

Pr
ed

ic
t
th
e
so
il

m
oi
st
ur
e
co

nt
en

t
ov

er
an

ir
ri
ga

te
d

co
rn

fi
el
d

So
il
da

ta
co

lle
ct
ed

fr
om

an
ir
ri
ga

te
d
co

rn
fi
el
d
(a
n
ar
ea

of
22

sq
.k

m
)
in

th
e
Zh

an
gy

e
oa

si
s,

N
or
th
w
es
t
C
hi
na

.

Pe
rc
en

ta
ge

of
so
il
m
oi
st
ur
e

co
nt
en

t
(S
M
C
)
(s
ca
la
r
va

lu
e)

N
/A

D
ee
p
be

lie
f
ne

tw
or
k-

ba
se
d
m
ac
ro
sc
op

ic
ce
llu

la
r
au

to
m
at
a
(D

BN
-

M
C
A
)

37
.

A
ni
m
al

re
se
ar
ch

Pr
ac
ti
ca
l
an

d
ac
cu

ra
te

ca
tt
le

id
en

ti
fi
ca
ti
on

fr
om

5
di
ff
er
en

t
ra
ce
s

13
00

im
ag

es
co

lle
ct
ed

by
th
e
au

th
or
s.

5
cl
as
se
s:

C
at
tl
e
ra
ce
s,

Ba
li

O
ng

go
le

or
Pa

su
ru
an

,A
ce
h

M
ad

ur
a
an

d
Pe

si
si
r

N
/A

G
LC

M
–
C
N
N

38
.

Pr
ed

ic
t
gr
ow

th
of

pi
gs

16
0
pi
gs
,h

ou
se
d
in

tw
o
cl
im

at
e
co

nt
ro
lle

d
ro
om

s,
fo
ur

pe
ns
/r
oo

m
,1

0
pi
gs
/p

en
.

A
m
m
on

ia
,a

m
bi
en

t
an

d
in
do

or
ai
r

te
m
pe

ra
tu
re

an
d
hu

m
id
it
y,

fe
ed

do
sa
ge

an
d
ve

nt
ila

ti
on

m
ea
su
re
d
at

6-
m
in
ut
e

in
te
rv
al
s.

Es
ti
m
at
io
n
of

th
e
w
ei
gh

t
of

pi
gs

(s
ca
la
r
va

lu
e)

N
/A

Fi
rs
t-
or
de

r
D
R
N
N

39
.

C
on

tr
ol

of
th
e

gr
ow

th
of

br
oi
le
r

ch
ic
ke

ns

C
ol
le
ct
in
g
da

ta
fr
om

8
ro
om

s,
ea
ch

ro
om

ho
us
in
g
26

2
br
oi
le
rs
,m

ea
su
ri
ng

bi
rd

w
ei
gh

t,
fe
ed

am
ou

nt
,l
ig
ht

in
te
ns
it
y
an

d
re
la
ti
ve

hu
m
id
it
y.

Es
ti
m
at
io
n
of

th
e
w
ei
gh

t
of

ch
ic
ke

n
(s
ca
la
r
va

lu
e)

N
/A

Fi
rs
t-
or
de

r
D
R
N
N

40
.

W
ea
th
er

pr
ed

ic
ti
on

Pr
ed

ic
t
w
ea
th
er

ba
se
d
on

pr
ev

io
us

ye
ar
’s
co

nd
it
io
ns

Sy
ng

en
ta

C
ro
p
C
ha

lle
ng

e
20

16
da

ta
se
t,

co
nt
ai
ni
ng

64
90

su
b-
re
gi
on

s
w
it
h
th
re
e

w
ea
th
er

co
nd

it
io
n
at
tr
ib
ut
es

fr
om

th
e

ye
ar
s
20

00
to

20
15

.

Pr
ed

ic
te
d
va

lu
es

of
te
m
pe

ra
tu
re
,

pr
ec
ip
it
at
io
n
an

d
so
la
r
ra
di
at
io
n

(s
ca
la
r
va

lu
e)

N
/A

LS
TM

N
o.

FW
U
se
d

D
at
a
Pr
e-
Pr
oc

es
si
ng

D
at
a

au
gm

en
ta
ti
on

D
at
a
fo
r
Tr
ai
ni
ng

vs
.T

es
ti
ng

Pe
rf
or
m
an

ce
M
et
ri
c
U
se
d

V
al
ue

of
M
et
ri
c

U
se
d

C
om

pa
ri
so
n
w
it
h
ot
he

r
te
ch

ni
qu

e
R
ef
.

1.
C
aff

e
Fe

at
ur
e
ex
tr
ac
ti
on

ba
se
d
on

H
is
to
gr
am

s
of

C
ur
va

tu
re

ov
er

Sc
al
e
(H

oC
S)
,s

ha
pe

an
d
st
at
is
ti
ca
l

fe
at
ur
es
,u

se
of

no
rm

al
iz
ed

ex
ce
ss
iv
e

gr
ee
n
(N

Ex
G
)

ve
ge

ta
ti
ve

in
de

x,
w
hi
te

bo
rd
er

do
ub

lin
g
im

ag
e
si
ze
,

se
gm

en
ta
ti
on

N
/A

Sa
m
e.

(c
on

di
ti
on

va
ri
at
io
ns

ap
pl
ie
d
in

te
st
in
g:

tr
an

sl
at
io
ns
,

sc
al
in
g,

ro
ta
ti
on

s,
sh
ad

in
g
an

d
oc

cl
us
io
ns
)

C
A

97
.3
%

±
0.
6%

Fe
at
ur
e
ex
tr
ac
ti
on

(s
ha

pe
an

d
st
at
is
ti
ca
l

fe
at
ur
es
)
an

d
R
F
cl
as
si
fi
er

(9
1.
2%

±
1.
6%

)

H
al
l
et

al
.

(2
01

5)

2.
C
aff

e
C
ro
pp

in
g,

sq
ua

re
ar
ou

nd
th
e
le
av

es
to

hi
gh

lig
ht

re
gi
on

of

A
ffi
ne

tr
an

sf
or
m

(t
ra
ns
la
ti
on

,
ro
ta
ti
on

),

Sa
m
e

C
A

96
.3
0%

Be
tt
er

re
su
lt
s
th
an

SV
M

(n
o
m
or
e
de

ta
ils
)

Sl
ad

oj
ev

ic
et

al
.(
20

16
)

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

83



in
te
re
st
,r

es
iz
ed

to
25

6
×

25
6
pi
x,

du
pl
.

im
ag

e
re
m
ov

al

pe
rs
pe

ct
iv
e

tr
an

sf
or
m
,a

nd
im

ag
e
ro
ta
ti
on

s.
3.

C
aff

e
R
es
iz
ed

to
25

6
×

25
6

pi
x.
,s

eg
m
en

ta
ti
on

,
ba

ck
gr
ou

nd
In
fo
rm

at
io
n
re
m
ov

al
,

fi
xe
d
co

lo
r
ca
st
s

N
/A

Sa
m
e.

A
ls
o
te
st
ed

on
a
da

ta
se
t
of

do
w
nl
oa

de
d
im

ag
es

fr
om

Bi
ng

Im
ag

e
Se

ar
ch

an
d
IP
M

Im
ag

es

F1
0.
99

35
Su

bs
ta
nt
ia
l
m
ar
gi
n
in

st
an

da
rd

be
nc

hm
ar
ks

w
it
h
ap

pr
oa

ch
es

us
in
g
ha

nd
-

en
gi
ne

er
ed

fe
at
ur
es

M
oh

an
ty

et
al
.

(2
01

6)

4.
de

ep
le
ar
ni
ng

4j
R
es
iz
ed

to
60

×
60

pi
x.
,c

on
ve

rt
ed

to
gr
ay

sc
al
e

N
/A

Sa
m
e

C
A
,F

1
96

+
%

(C
A
),

0.
96

8
(F
1)

M
et
ho

ds
us
in
g
ha

nd
-c
ra
ft
ed

fe
at
ur
es

no
t

ge
ne

ra
liz

e
w
el
l

A
m
ar
a
et

al
.

(2
01

7)

5.
D
ev

el
op

ed
by

th
e
au

th
or
s

So
m
e
ba

nd
s
re
m
ov

ed
du

e
to

no
is
e

N
/A

Sa
m
e

C
A

98
.7
0%

1%
m
or
e
pr
ec
is
e
th
an

R
BF

-S
V
M

C
he

n
et

al
.

(2
01

4)
6.

Th
ea
no

Fr
om

R
G
B
to

H
SV

(h
ue

-s
at
ur
at
io
n-

va
lu
e)

co
lo
r
m
od

el
,

re
si
ze
d
to

96
×

96
pi
x.
,c

re
at
io
n
of

m
ul
ti
sc
al
e
vi
ew

s

V
ie
w
s
fl
ip
pe

d
ho

ri
zo

nt
al
ly

or
ve

rt
ic
al
ly

w
it
h
a

pr
ob

ab
ili
ty

of
0.
5

Sa
m
e

C
A

93
.4
8%

U
ns
up

er
vi
se
d
fe
at
ur
e
le
ar
ni
ng

(U
FL

):
82

–9
0%

SI
FT

:8
5%

Lu
us

et
al
.

(2
01

5)

7.
N
/A

O
rt
ho

re
ct
ifi
ca
ti
on

,
im

ag
e
m
at
ch

in
g,

lin
ea
r
la
nd

el
im

in
at
io
n,

co
rr
ec
t

di
st
or
ti
on

,
zo

om
ed

to
40

×
40

pi
x.

N
/A

Sa
m
e

C
A

88
–9

1%
N
/A

Lu
et

al
.(
20

17
)

8.
K
er
as
/T

he
an

o
M
ul
ti
re
so
lu
ti
on

se
gm

en
ta
ti
on

te
ch

ni
qu

e,
fe
at
ur
e

ex
tr
ac
ti
on

,p
ix
el
-w

is
e

m
ul
ti
-t
em

po
ra
l
lin

ea
r

in
te
rp
ol
at
io
n,

va
ri
ou

s
ra
di
om

et
ri
c
in
di
ce
s

ca
lc
ul
at
ed

N
/A

Sa
m
e

C
A
,F

1
Fi
rs
t
D
at
as
et
:

75
.3
4%

(C
A
),

0.
74

63
(F
1)

Se
co

nd
D
at
as
et
:

84
.6
1%

(C
A
),

0.
84

41
(F
1)

R
F
an

d
SV

M
(b
es
t
of

bo
th
):
Fi
rs
t
D
at
as
et
:

74
.2
0%

(C
A
),
0.
71

58
(F
1)

Se
co

nd
D
at
as
et
:8

3.
82

%
(C

A
),
0.
82

74
(F
1)

Ie
nc

o
et

al
.

(2
01

7)

9.
D
ev

el
op

ed
by

th
e
au

th
or
s

C
al
ib
ra
ti
on

,
m
ul
ti
-

lo
ok

in
g,

sp
ec
kl
e

fi
lt
er
in
g
(3

×
3

w
in
do

w
w
it
h
R
efi

ne
d

Le
e
al
go

ri
th
m
),

te
rr
ai
n
co

rr
ec
ti
on

,
se
gm

en
ta
ti
on

,
re
st
or
at
io
n
of

m
is
si
ng

da
ta

N
/A

Sa
m
e

C
A

94
.6
0%

M
ul
ti
la
ye

r
pe

rc
ep

tr
on

:9
2.
7%

,R
F:

88
%

K
us
su
l
et

al
.

(2
01

7)

10
.

D
ev

el
op

ed
by

th
e
au

th
or
s

R
es
iz
ed

to
16

00
×

16
00

pi
x.

ce
nt
er
ed

on
th
e

sa
m
pl
e
ar
ea
s,
di
vi
si
on

in
to

40
0
×

40
0
pi
x.

pa
tc
he

s

R
ot
at
io
ns

0,
90

,
18

0
an

d
27

0
de

gr
ee
s,

fl
ip
pe

d
di
ag

on
al
ly

an
d

sa
m
e
se
t
of

ro
ta
ti
on

s

Sa
m
e

C
A
,I
oU

79
%

(C
A
),
0.
66

(I
oU

)
N
/A

M
or
te
ns
en

et
al
.(
20

16
)

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

84



11
.

Te
ns
or
Fl
ow

A
tm

os
ph

er
ic
al
ly

co
rr
ec
te
d

N
/A

Sa
m
e

C
A
,F

1
76

.2
%

(C
A
),

0.
55

8
(F
1)

C
N
N
:5

9.
9%

(C
A
),
0.
23

6
(F
1)

R
uß

w
ur
m

an
d

K
ör
ne

r
(2
01

7)
SV

M
:3

1.
7
(C

A
),
84

.8
%

0.
31

7
(F
1)

12
.

K
er
as

Im
ag

e
se
gm

en
ta
ti
on

N
/A

Sa
m
e

F1
0.
90

(e
xp

er
im

en
t
0)
,

0.
73

(e
xp

er
im

en
t
1)

C
N
N
:
0.
83

(e
xp

er
im

en
t
0)
,0

.7
0

(e
xp

er
im

en
t
1)

H
is
tN

N
:0

.8
6
(e
xp

er
im

en
t

0)
,0

.7
1
(e
xp

er
im

en
t
1)

R
eb

et
ez

et
al
.

(2
01

6)

13
.

C
aff

e
N
/A

N
/A

Sa
m
e

LC
48

.6
0%

20
%

w
or
se

th
an

lo
ca
l
de

sc
ri
pt
or
s
to

re
pr
es
en

ti
m
ag

es
an

d
K
N
N
,d

en
se

SI
FT

an
d

a
G
au

ss
ia
n
M
ix
tu
re

M
od

el

R
ey

es
et

al
.

(2
01

5)

14
.

C
aff

e
Im

ag
e
cr
op

pi
ng

at
an

no
ta
te
d
lo
ca
ti
on

s
12

8
×

12
8
pi
x.
,

re
si
ze
d
to

64
×

64
fo
r

us
e
in

th
e
ne

tw
or
k

N
/A

Sa
m
e

C
A

98
.4
%

(fi
rs
t

da
ta
se
t)
97

.3
%

(s
ec
on

d
da

ta
se
t)

Sp
ar
se

co
di
ng

ap
pr
oa

ch
us
in
g

SI
FT

+
SV

M
:8

0–
90

%
Po

un
d
et

al
.

(2
01

6)

15
.

C
aff

e
Fo

re
gr
ou

nd
pi
xe
ls

ex
tr
ac
te
d
us
in
g
H
SV

co
lo
r
sp
ac
e,

im
ag

e
cr
op

pi
ng

w
it
hi
n
le
af

ar
ea

R
ot
at
io
n
in

7
di
ff
er
en

t
or
ie
nt
at
io
ns

Sa
m
e

C
A

99
.6
0%

SV
M
:9

5.
1%

,A
N
N
:5

8%
Le

e
et

al
.

(2
01

5)

16
.

Py
le
ar
n2

V
ei
n
se
gm

en
ta
ti
on

,
ce
nt
ra
l
pa

tc
h

ex
tr
ac
ti
on

N
/A

Sa
m
e

C
A

96
.9
0%

Pe
na

liz
ed

D
is
cr
im

in
an

t
A
na

ly
si
s
(P
D
A
):

95
.1
%

SV
M

an
d
R
F
sl
ig
ht
ly

w
or
se

G
ri
nb

la
t
et

al
.

(2
01

6)

17
.

D
ev

el
op

ed
by

th
e
au

th
or
s

Im
ag

e
se
gm

en
ta
ti
on

Im
ag

es
ar
e

di
vi
de

d
in
to

la
rg
e
pa

tc
he

s
an

d
fe
at
ur
es

ar
e

ex
tr
ac
te
d
fo
r

ea
ch

pa
tc
h.

22
7
×

22
7
pi
x.

pa
tc
he

s
ar
e

ca
rv
ed

fr
om

th
e

or
ig
in
al

im
ag

es

Sa
m
e

C
A
,F

1
73

.7
6
–
87

.1
4

(C
A
),
0.
74

17
–

0.
87

28
(F
1)

H
an

d
cr
af
te
d
fe
at
ur
e
de

sc
ri
pt
or
s
(G

LC
M

an
d
H
O
G
)
th
ro
ug

h
a
N
aï
ve

-B
ay

es
cl
as
si
fi
er
:6

8.
97

–
82

.4
1
(C

A
),
0.
69

31
–

0.
82

26
(F
1)

Y
al
ci
n
(2
01

7)

18
.

K
er
as
/T

he
an

o
C
am

er
a
di
st
or
ti
on

re
m
ov

al
, c

ol
or

co
rr
ec
ti
on

,t
em

po
ra
l

m
at
ch

in
g,

pl
an

t
se
gm

en
ta
ti
on

th
ro
ug

h
th
e
G
ra
bC

ut
al
go

ri
th
m

Im
ag

e
ro
ta
ti
on

s
by

90
,1

80
an

d
27

0
de

gr
ee
s

ar
ou

nd
it
s
ce
nt
er

Sa
m
e

C
A

93
%

H
an

d
cr
af
te
d
fe
at
ur

e
de

sc
ri
pt
or

s
+

LS
TM

:6
8%

C
N
N
:7

6.
8%

N
am

in
et

al
.

(2
01

7)

19
.

M
at
C
on

vN
et

Im
ag

e
se
gm

en
ta
ti
on

Si
m
ul
at
ed

ro
ot
s

ad
de

d
to

so
il

im
ag

es

Sa
m
e

Q
M

0.
23

(s
im

ul
at
io
n)

0.
57

(r
ea
l

ro
ot
s)

N
/A

D
ou

ar
re

et
al
.

(2
01

6)

20
.

C
aff

e
En

ha
nc

ed
V
eg

et
at
io
n

In
de

x
(E
V
I)
,h

ar
d

th
re
sh
ol
d
al
go

ri
th
m
,

W
av

el
et

tr
an

sf
or
m
at
io
n
fo
r

N
/A

Sa
m
e

R
M
SE

6.
29

8
Su

pp
or
t
V
ec
to
r
R
eg

re
ss
io
n
(S
V
R
):
8.
20

4
K
uw

at
a
an

d
Sh

ib
as
ak

i
(2
01

5)

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

85



de
te
ct
in
g
cr
op

ph
en

ol
og

y
21

.
K
er
as
/T

he
an

o
In
te
ns
it
y
im

ag
e
ge

n.
,

ra
di
om

et
ri
ca
l

ca
lib

ra
ti
on

,
te
m
po

ra
l

fi
lt
er
in
g
fo
r
no

is
e

re
du

ct
io
n,

or
th
or
ec
ti
fi
ca
ti
on

in
to

m
ap

co
or
di
na

te
s,

tr
an

sf
or
m
ed

to
lo
ga

ri
th
m

sc
al
e,

no
rm

al
iz
ed

N
/A

Sa
m
e

C
A
,F

1
99

.0
5%

(C
A
),

0.
99

(F
1)

R
F
an

d
SV

M
(b
es
t
of

bo
th
):
91

.7
7%

(C
A
),

0.
91

79
(F
1)

M
in
h
et

al
.

(2
01

7)

22
.

Te
ns
or
Fl
ow

Bl
ur
re
d
sy
nt
he

ti
c

im
ag

es
by

a
G
au

ss
ia
n

fi
lt
er

G
en

er
at
ed

sy
nt
he

ti
c

12
8
×

12
8
pi
x.

im
ag

es
to

tr
ai
n

th
e
ne

tw
or
k,

co
lo
re
d
ci
rc
le
s
to

si
m
ul
at
e

ba
ck
gr
ou

nd
an

d
to
m
at
o
pl
an

t/
cr
op

s.

Tr
ai
ne

d
en

ti
re
ly

on
sy
nt
he

ti
c
da

ta
an

d
te
st
ed

on
re
al

da
ta

R
FC

,R
M
SE

91
%

(R
FC

)
1.
16

(R
M
SE

)
on

re
al

im
ag

es
,9

3%
(R

FC
)
2.
52

(R
M
SE

)
on

sy
nt
he

ti
c

im
ag

es

A
BT

:6
6.
16

%
(R

FC
),
13

.5
6
(R

M
SE

)
R
ah

ne
m
oo

nf
ar

an
d
Sh

ep
pa

rd
(2
01

7)

23
.

C
aff

e
Im

ag
e
se
gm

en
ta
ti
on

fo
r
ea
si
er

da
ta

an
no

ta
ti
on

by
us
er
s,

cr
ea
ti
on

of
bo

un
di
ng

bo
xe
s
ar
ou

nd
im

ag
e

bl
ob

s

Tr
ai
ni
ng

se
t

pa
rt
it
io
ne

d
in
to

10
0
ra
nd

om
ly

cr
op

pe
d
an

d
fl
ip
pe

d
32

0
×

24
0
pi
x.

su
b-
im

ag
es

Sa
m
e
(b
ut

di
ff
er
en

t
tr
ee
s
us
ed

in
tr
ai
ni
ng

an
d
te
st
in
g)

R
FC

,L
2

0.
96

8
(R

FC
),

13
.8

(L
2)

fo
r

or
an

ge
s
0.
91

3
(R

FC
),
10

.5
(L
2)

fo
r
ap

pl
es

Be
st

te
xt
ur
e-
ba

se
d
re
gr
es
si
on

m
od

el
:

0.
68

2
(R

FC
)

C
he

n
et

al
.

(2
01

7)

24
.

C
aff

e
Im

ag
e
se
gm

en
ta
ti
on

fo
r
ea
si
er

da
ta

an
no

ta
ti
on

Fl
ip
,s

ca
le
,fl

ip
-

sc
al
e
an

d
th
e

PC
A

au
gm

en
ta
ti
on

te
ch

ni
qu

e
pr
es
en

te
d
in

A
le
xN

et

Sa
m
e

F1
-I
oU

(2
0)

0.
90

4
(a
pp

le
s)

0.
90

8
(m

an
go

)
0.
77

5
(a
lm

on
ds
)

ZF
ne

tw
or
k:

0.
89

2
(a
pp

le
s)

0.
87

6
(m

an
go

)
0.
72

6
(a
lm

on
ds
)

Ba
rg
ot
i
an

d
U
nd

er
w
oo

d
(2
01

6)

25
.

C
aff

e
Ea

rl
y/

la
te

fu
si
on

te
ch

ni
qu

es
fo
r

co
m
bi
ni
ng

th
e

cl
as
si
fi
ca
ti
on

in
fo

fr
om

co
lo
r
an

d
N
IR

im
ag

er
y,

bo
un

di
ng

bo
x
se
gm

en
ta
ti
on

,
pa

ir
w
is
e
Io
U

N
/A

Sa
m
e
(a
ut
ho

rs
de

m
on

st
ra
te

by
us
in
g
a
sm

al
l
da

ta
se
t
th
at

th
e

m
od

el
ca
n
ge

ne
ra
liz

e)

F1
-I
oU

(4
0)

0.
83

8
C
on

di
ti
on

al
R
an

do
m

Fi
el
d
to

m
od

el
co

lo
r

an
d
vi
su
al

te
xt
ur
e
fe
at
ur
es
:0

.8
07

Sa
et

al
.(
20

16
)

26
.

C
aff

e
R
es
iz
ed

to
11

4
×

11
4

pi
x.
,b

ou
nd

in
g
bo

xe
s

of
th
e
ob

je
ct

cr
ea
te
d

V
ar
io
us

ro
ta
ti
on

s
at

13
sc
al
es
,

in
te
ns
it
y
of

th
e

ob
je
ct

ad
ap

te
d

Te
st
in
g
in

di
ff
er
en

t
fi
el
ds

(r
ow

cr
op

s,
gr
as
s
m
ow

in
g)
,
co

nt
ai
ni
ng

ot
he

r
ob

st
ac
le
s
(p
eo

pl
e
an

d
an

im
al
s)

C
A
-I
oU

(5
0)

99
.9
%

in
ro
w

cr
op

s
an

d
90

.8
%

in
gr
as
s

m
ow

in
g

N
/A

St
ee
n
et

al
.

(2
01

6)

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

86



27
.

C
aff

e
Im

ag
e
cr
op

pi
ng

,
re
si
ze
d
by

a
fa
ct
or

of
0.
75

N
/A

Sa
m
e

F1
-I
oU

(5
0)

0.
72

Lo
ca
l
de

-c
or
re
la
te
d
ch

an
ne

l
fe
at
ur
es
:

0.
11

3
C
hr
is
ti
an

se
n

et
al
.(
20

16
)

28
.

D
ev

el
op

ed
by

th
e
au

th
or
s

Im
ag

e
fi
lt
er

ex
tr
ac
ti
on

th
ro
ug

h
PC

A
fi
lt
er
s

ba
nk

,b
in
ar
iz
at
io
n

an
d
hi
st
og

ra
m
s’

co
un

ti
ng

N
/A

Sa
m
e
(a
ls
o
sc
al
in
g
fo
r
a
ce
rt
ai
n

ra
ng

e
tr
an

sl
at
io
n
di
st
an

ce
an

d
ro
ta
ti
on

an
gl
e

C
A

90
.9
6%

M
an

ua
l
fe
at
ur
e
ex
tr
ac
ti
on

te
ch

ni
qu

es
+

LM
C
cl
as
si
fi
er
s:

64
.8
0%

X
in
sh
ao

an
d

C
he

ng
(2
01

5)

29
.

Th
ea
no

-b
as
ed

La
sa
gn

e
lib

ra
ry

fo
r

Py
th
on

G
re
en

se
gm

en
ta
ti
on

to
de

te
ct

gr
ee
n
pi
xe
ls
,

no
n-
gr
ee
n
pi
xe
ls

re
m
ov

al
,p

ad
di
ng

ad
de

d
to

m
ak

e
im

ag
es

sq
ua

re
,r

es
iz
ed

to
12

8
×

12
8
pi
x.

Im
ag

e
m
ir
ro
ri
ng

an
d
ro
ta
ti
on

in
90

de
gr
ee

in
cr
em

en
ts

Sa
m
e

C
A

86
.2
%

Lo
ca
ls
ha

pe
an

d
co

lo
r
fe
at
ur
es
:4

2.
5%

an
d

12
.2
%

re
sp
ec
ti
ve

ly
D
yr
m
an

n
et

al
.

(2
01

6a
)

30
.

C
aff

e
Im

ag
e
cr
op

pi
ng

R
an

do
m

fl
ip

bo
th

ho
ri
zo

nt
al
ly

an
d

ve
rt
ic
al
ly
,

ra
nd

om
tr
an

sp
os
in
g

Sa
m
e
(e
xt
ra

te
st
s
fo
r
th
e
ca
se

of
w
in
te
r
ba

rl
ey

)
C
A

97
%

C
ol
or

fe
at
ur
e-
ba

se
d
Th

is
tl
e-
To

ol
:9

5%
Sø

re
ns
en

et
al
.

(2
01

7)

31
.

Te
ns
or
Fl
ow

Im
ag

e
up

-s
am

pl
in
g
to

29
9
×

29
9
pi
x.
,

N
D
V
I-
ba

se
d

ve
ge

ta
ti
on

m
as
ks
,

ex
tr
ac
ti
ng

re
gi
on

s
ba

se
d
on

a
sl
id
in
g

w
in
do

w
on

th
e
co

lo
r

im
ag

e

N
/A

Sa
m
e
(d
iff
er
en

t
ca
rr
ot

fi
el
ds

us
ed

fo
r
te
st
in
g)

C
A

93
.9
0%

Fe
at
ur
e
ex
tr
ac
ti
on

(s
ha

pe
an

d
st
at
is
ti
ca
l

fe
at
ur
es
)
an

d
R
F
cl
as
si
fi
er
:8

5.
9%

M
cC

oo
l
et

al
.

(2
01

7)

32
.

D
ev

el
op

ed
by

th
e
au

th
or
s

R
es
iz
ed

to
12

24
×

10
24

pi
x.

N
/A

D
iff
er
en

t
fi
el
d
us
ed

fo
r
te
st
in
g.

Th
is

fi
el
d
ha

s
a
se
ve

re
de

gr
ee

of
oc

cl
us
io
n
co

m
pa

re
d
to

th
e
ot
he

rs

Io
U

0.
64

N
/A

D
yr
m
an

n
et

al
.

(2
01

7)

33
.

Te
ns
or
Fl
ow

Se
pa

ra
te
d
ve

ge
ta
ti
on

/
ba

ck
gr
ou

nd
ba

se
d
on

N
D
V
I,
bi
na

ry
m
as
k
to

de
sc
ri
be

ve
ge

ta
ti
on

,
bl
ob

se
gm

en
ta
ti
on

,
re
si
ze
d
to

64
×

64
pi
x.
,n

or
m
al
iz
ed

an
d

ce
nt
er
ed

64
ev

en
ro
ta
ti
on

s
Sa

m
e
(a
ls
o
ge

ne
ra
liz

ed
to

a
se
co

nd
da

ta
se
t
pr
od

uc
ed

2-
w
ee
ks

af
te
r,

at
a
m
or
e
ad

va
nc

ed
gr
ow

th
st
ag

e)

P,
R

D
at
as
et

A
:9

7%
(P
),
98

%
(R

)
D
at
as
et

B:
99

%
(P
),
89

%
(R

)

N
/A

M
ili
ot
o
et

al
.

(2
01

7)

34
.

Te
ns
or
Fl
ow

Pi
xe
l-w

is
e

se
gm

en
ta
ti
on

be
tw

ee
n
gr
ee
n

ve
ge

ta
ti
on

an
d
so
il

ba
se
d
on

N
D
V
I
an

d
lig

ht
C
N
N
,

un
su
pe

rv
is
ed

da
ta
se
t

su
m
m
ar
iz
.

N
/A

Sa
m
e
(a
ls
o
ge

ne
ra
liz

ed
to

a
se
co

nd
da

ta
se
t
pr
od

uc
ed

4-
w
ee
ks

af
te
r,

at
a
m
or
e
ad

va
nc

ed
gr
ow

th
st
ag

e)

C
A

98
%

(D
at
as
et

A
),
59

.4
%

(D
at
as
et

B)

Fe
at
ur
e
ex
tr
ac
ti
on

(s
ha

pe
an

d
st
at
is
ti
ca
l

fe
at
ur
es
)
an

d
R
F
cl
as
si
fi
er
:9

5%
Po

te
na

et
al
.

(2
01

6)

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

87



35
.

D
ev

el
op

ed
by

th
e
au

th
or
s

Im
ag

e
cr
op

pi
ng

in
80

0
×

80
0
pi
x.

R
an

do
m

sc
al
in
g

fr
om

80
to

10
0%

of
or
ig
in
al

si
ze
,

ra
nd

om
ro
ta
ti
on

s
in

on
e

de
gr
ee

in
cr
em

en
ts
,

va
ri
ed

hu
e,

sa
tu
ra
ti
on

an
d

in
te
ns
it
y,

ra
nd

om
sh
ad

ow
s

Te
st
ed

on
re
al

im
ag

es
w
hi
le

tr
ai
ne

d
on

si
m
ul
at
ed

on
es

C
A
,I
oU

94
%

C
A
,0

.7
1

Io
U

(c
ro
ps
),

0.
70

Io
U

(w
ee
ds
)
0.
93

Io
U

(s
oi
l)

N
/A

D
yr
m
an

n
et

al
.

(2
01

6b
)

36
.

D
ev

el
op

ed
by

th
e
au

th
or
s

G
eo

sp
at
ia
l

in
te
rp
ol
at
io
n
fo
r

cr
ea
ti
on

of
so
il

m
oi
st
ur
e
co

nt
en

t
m
ap

s,
m
ul
ti
va

ri
at
e

ge
os
ta
ti
st
ic
al

ap
pr
oa

ch
fo
r

es
ti
m
at
in
g
th
em

at
ic

so
il
m
ap

s,
m
ap

s
co

nv
er
te
d
to

TI
FF

,
re
sa
m
pl
ed

to
10

-m
re
s.

N
/A

Sa
m
e

R
M
SE

6.
77

M
ul
ti
-la

ye
r
pe

rc
ep

tr
on

M
C
A

(M
LP

-M
C
A
):

18
%

re
du

ct
io
n
in

R
M
SE

So
ng

et
al
.

(2
01

6)

37
.

D
ee
p
Le

ar
ni
ng

M
at
la
b

To
ol
bo

x

G
LC

M
fe
at
ur
es

ex
tr
ac
ti
on

(c
on

tr
as
t,

en
er
gy

an
d

ho
m
og

en
ei
ty
),

sa
lie

nc
y
m
ap

s
to

ac
ce
le
ra
te

fe
at
ur
e

ex
tr
ac
ti
on

N
/A

Sa
m
e

C
A

93
.7
6%

C
N
N

w
it
ho

ut
ex
tr
a
in
pu

ts
:8

9.
68

%
G
au

ss
ia
n
M
ix
tu
re

M
od

el
(G

M
M
):
90

%
Sa

nt
on

i
et

al
.

(2
01

5)

38
.

D
ev

el
op

ed
by

th
e
au

th
or
s

N
/A

N
/A

Te
st
ed

on
di
ff
er
en

t
ro
om

s
of

pi
gs

th
an

th
e
on

es
w
hi
ch

w
er
e
us
ed

fo
r

tr
ai
ni
ng

M
SE

,M
R
E

0.
00

2
(M

SE
)
on

sa
m
e
da

ta
se
t)
,

10
%

(M
R
E)

in
re
la
ti
on

to
a

co
nt
ro
lle

r

N
/A

D
em

m
er
s
et

al
.

(2
01

2)

39
.

D
ev

el
op

ed
by

th
e
au

th
or
s

N
/A

N
/A

Te
st
ed

on
di
ff
er
en

t
ro
om

s
of

ch
ic
ke

n
th
an

th
e
on

es
w
hi
ch

w
er
e

us
ed

fo
r
tr
ai
ni
ng

M
SE

,M
R
E

0.
02

(M
SE

),
1.
8%

(M
R
E)

in
re
la
ti
on

to
a

co
nt
ro
lle

r

N
/A

D
em

m
er
s
et

al
.

(2
01

0)

40
.

K
er
as

N
/A

N
/A

Sa
m
e

N
-R
M
SE

,
M
R
E

78
%

(T
em

pe
ra
tu
re
),

73
%

(P
re
ci
pi
ta
ti
on

),
2.
8%

(S
ol
ar

R
ad

ia
ti
on

)
N
-

R
M
SE

,1
–3

%
M
R
E
in

al
l

ca
te
go

ri
es

N
/A

Se
hg

al
et

al
.

(2
01

7)

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

88



Appendix C. Publicly-available datasets related to agriculture

No. Organization/Dataset Description of dataset Source

1. Image-Net Dataset Images of various plants (trees, vegetables, flowers) http://image-net.org/explore?wnid=
n07707451

2. ImageNet Large Scale Visual
Recognition Challenge (ILSVRC)

Images that allow object localization and detection http://image-net.org/challenges/LSVRC/
2017/#det

3. University of Arcansas, Plants
Dataset

Herbicide injury image database https://plants.uaex.edu/herbicide/
http://www.uaex.edu/yard-garden/resource-
library/diseases/

4. EPFL, Plant Village Dataset Images of various crops and their diseases https://www.plantvillage.org/en/crops
5. Leafsnap Dataset Leaves from 185 tree species from the Northeastern

United States.
http://leafsnap.com/dataset/

6. LifeCLEF Dataset Identity, geographic distribution and uses of plants http://www.imageclef.org/2014/lifeclef/plant
7. PASCAL Visual Object Classes

Dataset
Images of various animals (birds, cats, cows, dogs,
horses, sheep etc.)

http://host.robots.ox.ac.uk/pascal/VOC/

8. Africa Soil Information Service
(AFSIS) dataset

Continent-wide digital soil maps for sub-Saharan
Africa

http://africasoils.net/services/data/

9. UC Merced Land Use Dataset A 21 class land use image dataset http://vision.ucmerced.edu/datasets/landuse.
html

10. MalayaKew Dataset Scan-like images of leaves from 44 species classes. http://web.fsktm.um.edu.my/~cschan/
downloads_MKLeaf_dataset.html

11. Crop/Weed Field Image Dataset Field images, vegetation segmentation masks and
crop/weed plant type annotations.

https://github.com/cwfid/dataset
https://pdfs.semanticscholar.org/58a0/
9b1351ddb447e6abdede7233a4794d538155.
pdf

12. University of Bonn Sugar beets dataset for plant classification as well as
localization and mapping.

http://www.ipb.uni-bonn.de/data/
Photogrammetry, IGG

13. Flavia leaf dataset Leaf images of 32 plants. http://flavia.sourceforge.net/
14. Syngenta Crop Challenge 2017 2,267 of corn hybrids in 2,122 of locations between

2008 and 2016, together with weather and soil
conditions

https://www.ideaconnection.com/syngenta-
crop-challenge/challenge.php

References

Amara, J., Bouaziz, B., Algergawy, A., 2017. A Deep Learning-Based Approach for Banana
Leaf Diseases Classification. BTW workshop, Stuttgart, pp. 79–88.

Bahrampour, S., Ramakrishnan, N., Schott, L., Shah, M., 2015. Comparative study of deep
learning software frameworks. arXiv preprint arXiv: 1511.06435.

Bargoti, S., Underwood, J., 2016. Deep Fruit Detection in Orchards. arXiv preprint arXiv:
1610.03677.

Bastiaanssen, W., Molden, D., Makin, I., 2000. Remote sensing for irrigated agriculture:
examples from research and possible applications. Agric. Water Manag. 46 (2),
137–155.

Canziani, A., Paszke, A., Culurciello, E., 2016. An Analysis of Deep Neural Network
Models for Practical Applications. arXiv preprint arXiv: 1605.07678.

Chen, S.W., Shivakumar, S.S., Dcunha, S., Das, J., Okon, E., Qu, C., Kumar, V., 2017.
Counting apples and oranges with deep learning: a data-driven approach. IEEE Rob.
Autom. Lett. 2 (2), 781–788.

Chen, Y., Lin, Z., Zhao, X., Wang, G., Gu, Y., 2014. Deep learning-based classification of
hyperspectral data. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 7 (6), 2094–2107.

Christiansen, P., Nielsen, L.N., Steen, K.A., Jørgensen, R.N., Karstoft, H., 2016.
DeepAnomaly: combining background subtraction and deep learning for detecting
obstacles and anomalies in an agricultural field. Sensors 16 (11), 1904.

Demmers, T.G., Cao, Y., Gauss, S., Lowe, J.C., Parsons, D.J., Wathes, C.M., 2010. Neural
predictive control of broiler chicken growth. IFAC Proc. Vol. 43 (6), 311–316.

Demmers, T.G., Cao, Y., Parsons, D.J., Gauss, S., Wathes, C.M., 2012. Simultaneous
monitoring and control of pig growth and ammonia emissions. IX International
Livestock Environment Symposium (ILES IX). American Society of Agricultural and
Biological Engineers, Valencia, Spain.

Deng, J., Dong, W., Socher, R., Li, L.J., Li, K., Fei-Fei, L., 2009. Imagenet: A large-scale
hierarchical image database. IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Miami, FL, USA, pp. 248–255.

Deng, L., Yu, D., 2014. Deep learning: methods and applications. Found. Trends Signal
Process. 7 (3–4), 197–387.

Douarre, C., Schielein, R., Frindel, C., Gerth, S., Rousseau, D., 2016. Deep learning based
root-soil segmentation from X-ray tomography. bioRxiv, 071662.

Dyrmann, M., Jørgensen, R.N., Midtiby, H.S., 2017. RoboWeedSupport – Detection of
weed locations in leaf occluded cereal crops using a fully convolutional neural net-
work. 11th European Conference on Precision Agriculture (ECPA). Edinburgh,
Scotland.

Dyrmann, M., Karstoft, H., Midtiby, H.S., 2016a. Plant species classification using deep
convolutional neural network. Biosyst. Eng. 151, 72–80.

Dyrmann, M., Mortensen, A.K., Midtiby, H.S., Jørgensen, R.N., 2016. Pixel-wise

classification of weeds and crops in images by using a fully convolutional neural
network. International Conference on Agricultural Engineering. Aarhus, Denmark.

FAO, 2009. How to Feed the World in 2050. Food and Agriculture Organization of the
United Nations, Rome.

Gebbers, R., Adamchuk, V.I., 2010. Precision agriculture and food security. Science 327
(5967), 828–831.

Gers, F.A., Schmidhuber, J., Cummins, F., 2000. Learning to forget: Continual prediction
with LSTM. Neural Comput. 12 (10), 2451–2471.

Grinblat, G.L., Uzal, L.C., Larese, M.G., Granitto, P.M., 2016. Deep learning for plant
identification using vein morphological patterns. Comput. Electron. Agric. 127,
418–424.

Hall, D., McCool, C., Dayoub, F., Sunderhauf, N., Upcroft, B., 2015. Evaluation of features
for leaf classification in challenging conditions. In: Winter Conference on
Applications of Computer Vision (WACV). IEEE, Waikoloa Beach, Hawaii, pp.
797–804.

Ienco, D., Gaetano, R., Dupaquier, C., Maurel, P., 2017. Land Cover Classification via
Multi-temporal Spatial Data by Recurrent Neural Networks. arXiv preprint arXiv:
1704.04055.

Ishimwe, R., Abutaleb, K., Ahmed, F., 2014. Applications of thermal imaging in
agriculture—A review. Adv. Remote Sens. 3 (3), 128.

Jia, Y., Shelhamer, E., Donahue, J., Karayev, S., Long, J., Girshick, R., Darrell, T., 2014.
Caffe: Convolutional architecture for fast feature embedding. In: Proceedings of the
22nd International Conference on Multimedia. ACM, Orlando, FL, USA, pp. 675–678.

Kamilaris, A., Assumpcio, A., Blasi, A.B., Torrellas, M., Prenafeta-Boldú, F.X., 2017a.
Estimating the environmental impact of agriculture by means of geospatial and big
data analysis: the case of Catalonia. From Science to Society Springer, Luxembourg,
pp. 39–48.

Kamilaris, A., Gao, F., Prenafeta-Boldú, F.X., Ali, M.I., 2016. Agri-IoT: A Semantic
Framework for Internet of Things-Enabled Smart Farming Applications. 3rd World
Forum on Internet of Things (WF-IoT) IEEE, Reston, VA, USA, pp. 442–447.

Kamilaris, A., Kartakoullis, A., Prenafeta-Boldú, F.X., 2017b. A review on the practice of
big data analysis in agriculture. Comput. Electron. Agric. 143 (1), 23–37.

Kitzes, J., Wackernagel, M., Loh, J., Peller, A., Goldfinger, S., Cheng, D., Tea, K., 2008.
Shrink and share: humanity's present and future Ecological Footprint. Philos. Trans.
the Roy. Soc. London B: Biol. Sci. 363 (1491), 467–475.

Krizhevsky, A., Sutskever, I., Hinton, G.E., 2012. Imagenet classification with deep con-
volutional neural networks. Adv. Neural Inform. Process. Syst. 1097–1105.

Kussul, N., Lavreniuk, M., Skakun, S., Shelestov, A., 2017. Deep learning classification of
land cover and crop types using remote sensing data. IEEE Geosci. Remote Sens. Lett.
14 (5), 778–782.

Kuwata, K., Shibasaki, R., 2015. Estimating crop yields with deep learning and remotely
sensed data. IEEE International Geoscience and Remote Sensing Symposium

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

89

http://image-net.org/explore?wnid=n07707451
http://image-net.org/explore?wnid=n07707451
http://image-net.org/challenges/LSVRC/2017/#det
http://image-net.org/challenges/LSVRC/2017/#det
https://plants.uaex.edu/herbicide/
http://www.uaex.edu/yard-garden/resource-library/diseases/
http://www.uaex.edu/yard-garden/resource-library/diseases/
https://www.plantvillage.org/en/crops
http://leafsnap.com/dataset/
http://www.imageclef.org/2014/lifeclef/plant
http://host.robots.ox.ac.uk/pascal/VOC/
http://africasoils.net/services/data/
http://vision.ucmerced.edu/datasets/landuse.html
http://vision.ucmerced.edu/datasets/landuse.html
http://web.fsktm.um.edu.my/~cschan/downloads_MKLeaf_dataset.html
http://web.fsktm.um.edu.my/~cschan/downloads_MKLeaf_dataset.html
https://github.com/cwfid/dataset
https://pdfs.semanticscholar.org/58a0/9b1351ddb447e6abdede7233a4794d538155.pdf
https://pdfs.semanticscholar.org/58a0/9b1351ddb447e6abdede7233a4794d538155.pdf
https://pdfs.semanticscholar.org/58a0/9b1351ddb447e6abdede7233a4794d538155.pdf
http://www.ipb.uni-bonn.de/data/
http://flavia.sourceforge.net/
https://www.ideaconnection.com/syngenta-crop-challenge/challenge.php
https://www.ideaconnection.com/syngenta-crop-challenge/challenge.php
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0005
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0005
arxiv:%201511.06435
arxiv:%201610.03677
arxiv:%201610.03677
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0020
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0020
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0020
arxiv:%201605.07678
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0030
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0030
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0030
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0035
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0035
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0045
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0045
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0045
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0050
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0050
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0065
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0065
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0080
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0080
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0090
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0090
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0095
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0095
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0100
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0100
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0105
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0105
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0105
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0110
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0110
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0110
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0110
arxiv:%201704.04055
arxiv:%201704.04055
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0125
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0125
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0130
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0130
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0130
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0135
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0135
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0135
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0135
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0140
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0140
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0140
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0145
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0145
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0150
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0150
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0150
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0155
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0155
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0160
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0160
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0160


(IGARSS). Milan, Italy, pp. 858–861.
LeCun, Y., Bengio, Y., 1995. Convolutional networks for images, speech, and time series.

Handbook Brain Theory Neural Networks 3361 (10).
LeCun, Y., Bengio, Y., Hinton, G., 2015. Deep learning. Nature 521 (7553), 436–444.
Lee, S.H., Chan, C.S., Wilkin, P., Remagnino, P., 2015. Deep-plant: Plant identification

with convolutional neural networks. IEEE International Conference on Image
Processing (ICIP). Quebec city, Canada, pp. 452–456.

Liaghat, S., Balasundram, S.K., 2010. A review: The role of remote sensing in precision
agriculture. Am. J. Agric. Biol. Sci. 5 (1), 50–55.

Lu, H., Fu, X., Liu, C., Li, L.G., He, Y.X., Li, N.W., 2017. Cultivated land information
extraction in UAV imagery based on deep convolutional neural network and transfer
learning. J. Mountain Sci. 14 (4), 731–741.

Luus, F.P., Salmon, B.P., van den Bergh, F., Maharaj, B.T., 2015. Multiview deep learning
for land-use classification. IEEE Geosci. Remote Sens. Lett. 12 (12), 2448–2452.

Mandic, D.P., Chambers, J.A., 2001. Recurrent Neural Networks for Prediction: Learning
Algorithms, Architectures and Stability. John Wiley, New York.

McCool, C., Perez, T., Upcroft, B., 2017. Mixtures of lightweight deep convolutional
neural networks: applied to agricultural robotics. IEEE Rob. Autom. Lett. 2 (3),
1344–1351.

Milioto, A., Lottes, P., Stachniss, C., 2017. Real-time blob-wise sugar beets vs weeds
classification for monitoring fields using convolutional neural networks. Proceedings
of the International Conference on Unmanned Aerial Vehicles in Geomatics. Bonn,
Germany.

Minh, D.H., Ienco, D., Gaetano, R., Lalande, N., Ndikumana, E., Osman, F., Maurel, P.,
2017. Deep Recurrent Neural Networks for mapping winter vegetation quality cov-
erage via multi-temporal SAR Sentinel-1. arXiv preprint arXiv: 1708.03694.

Mohanty, S.P., Hughes, D.P., Salathé, M., 2016. Using deep learning for image-based
plant disease detection. Front. Plant. Sci. 7.

Mortensen, A.K., Dyrmann, M., Karstoft, H., Jørgensen, R.N., Gislum, R., 2016. Semantic
segmentation of mixed crops using deep convolutional neural network. International
Conference on Agricultural Engineering. Aarhus, Denmark.

Najafabadi, M.M., Villanustre, F., Khoshgoftaar, T.M., Seliya, N., Wald, R., Muharemagic,
E., 2015. Deep learning applications and challenges in big data analytics. J. Big Data
2 (1), 1.

Namin, S.T., Esmaeilzadeh, M., Najafi, M., Brown, T.B., Borevitz, J.O., 2017. Deep
Phenotyping: Deep Learning For Temporal Phenotype/Genotype Classification.
bioRxiv, 134205.

Ozdogan, M., Yang, Y., Allez, G., Cervantes, C., 2010. Remote sensing of irrigated agri-
culture: Opportunities and challenges. Remote Sensing 2 (9), 2274–2304.

Pan, S.J., Yang, Q., 2010. A survey on transfer learning. IEEE Trans. Knowl. Data Eng. 22
(10), 1345–1359.

PASCAL VOC Project. 2012. The PASCAL Visual Object Classes. Obtenido de http://host.
robots.ox.ac.uk/pascal/VOC/.

Potena, C., Nardi, D., Pretto, A., 2016. Fast and accurate crop and weed identification
with summarized train sets for precision agriculture. In: International Conference on
Intelligent Autonomous Systems. Springer, Cham, Shanghai, China, pp. 105–121.

Pound, M.P. et al., 2016. Deep Machine Learning provides state-of-the-art performance in
image-based plant phenotyping. bioRxiv, 053033.

Rahnemoonfar, M., Sheppard, C., 2017. Deep count: fruit counting based on deep si-
mulated learning. Sensors 17 (4), 905.

Rebetez, J. et al., 2016. Augmenting a convolutional neural network with local histo-
grams—a case study in crop classification from high-resolution UAV imagery.
European Symposium on Artificial Neural Networks, Computational Intelligence and

Machine Learning. Bruges, Belgium.
Reyes, A.K., Caicedo, J.C., Camargo, J.E., 2015. Fine-Tuning Deep Convolutional

Networks for Plant Recognition. CLEF (Working Notes), Toulouse.
Rußwurm, M., Körner, M., 2017. Multi-temporal land cover classification with long short-

term memory neural networks. Int. Arch. Photogramm., Remote Sens. Spatial Inform.
Sci. 42.

Sa, I., Ge, Z., Dayoub, F., Upcroft, B., Perez, T., McCool, C., 2016. Deepfruits: A fruit
detection system using deep neural networks. Sensors 16 (8), 1222.

Santoni, M.M., Sensuse, D.I., Arymurthy, A.M., Fanany, M.I., 2015. Cattle race classifi-
cation using gray level co-occurrence matrix convolutional neural networks. Procedia
Comput. Sci. 59, 493–502.

Saxena, L., Armstrong, L., 2014. A survey of image processing techniques for agriculture.
Proceedings of Asian Federation for Information Technology in Agriculture,
Australian Society of Information and Communication Technologies in Agriculture.
Perth, Australia.

Schmidhuber, J., 2015. Deep learning in neural networks: An overview. Neural Networks
61, 85–117.

Sehgal, G., Gupta, B., Paneri, K., Singh, K., Sharma, G., Shroff, G., 2017. Crop Planning
using Stochastic Visual Optimization. arXiv preprint arXiv: 1710.09077.

Simonyan, K., Zisserman, A., 2014. Very deep convolutional networks for large-scale
image recognition. arXiv preprint arXiv: 1409.1556.

Singh, A., Ganapathysubramanian, B., Singh, A.K., Sarkar, S., 2016. Machine learning for
high-throughput stress phenotyping in plants. Trends Plant Sci. 21 (2), 110–124.

Sladojevic, S., Arsenovic, M., Anderla, A., Culibrk, D., Stefanovic, D., 2016. Deep neural
networks based recognition of plant diseases by leaf image classification. Comput.
Intell. Neurosci. 2016.

Song, X., Zhang, G., Liu, F., Li, D., Zhao, Y., Yang, J., 2016. Modeling spatio-temporal
distribution of soil moisture by deep learning-based cellular automata model. J. Arid
Land 8 (5), 734–748.

Sørensen, R.A., Rasmussen, J., Nielsen, J., Jørgensen, R., 2017. Thistle Detection Using
Convolutional Neural Networks. EFITA Congress, Montpellier, France.

Steen, K.A., Christiansen, P., Karstoft, H., Jørgensen, R.N., 2016. Using deep learning to
challenge safety standard for highly autonomous machines in agriculture. J. Imag. 2
(1), 6.

Szegedy, C., Ioffe, S., Vanhoucke, V., Alemi, A.A., 2017. Inception-v4, Inception-ResNet
and the Impact of Residual Connections on Learning. AAAI, pp. 4278–4284.

Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Rabinovich, A., 2015.
Going deeper with convolutions. IEEE Conference on Computer Vision and Pattern
Recognition. Boston, MA, USA, pp. 1–9.

Teke, M., Deveci, H.S., Haliloğlu, O., Gürbüz, S.Z., Sakarya, U., 2013. A short survey of
hyperspectral remote sensing applications in agriculture. 6th International
Conference on Recent Advances in Space Technologies (RAST). IEEE, Istanbul,
Turkey.

Tyagi, A.C., 2016. Towards a second green revolution. Irrig. Drain. 65 (4), 388–389.
Wan, J., Wang, D., Hoi, S.C., Wu, P., Zhu, J., Zhang, Y., Li, J., 2014. Deep learning for

content-based image retrieval: A comprehensive study. Proceedings of the 22nd ACM
International Conference on Multimedia. ACM, Orlando, FL, pp. 157–166.

Xinshao, W., Cheng, C., 2015. Weed seeds classification based on PCANet deep learning
baseline. IEEE Signal and Information Processing Association Annual Summit and
Conference (APSIPA), pp. 408–415.

Yalcin, H., 2017. Plant phenology recognition using deep learning: Deep-Pheno. 6th
International Conference on Agro-Geoinformatics. Fairfax VA, USA.

A. Kamilaris, F.X. Prenafeta-Boldú Computers and Electronics in Agriculture 147 (2018) 70–90

90

http://refhub.elsevier.com/S0168-1699(17)30880-3/h0170
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0170
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0175
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0185
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0185
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0190
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0190
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0190
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0195
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0195
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0200
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0200
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0205
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0205
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0205
arxiv:%201708.03694
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0220
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0220
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0230
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0230
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0230
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0240
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0240
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0245
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0245
http://host.robots.ox.ac.uk/pascal/VOC/
http://host.robots.ox.ac.uk/pascal/VOC/
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0255
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0255
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0255
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0265
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0265
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0275
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0275
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0280
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0280
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0280
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0285
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0285
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0290
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0290
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0290
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0300
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0300
arxiv:%201710.09077
arxiv:%201409.1556
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0315
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0315
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0320
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0320
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0320
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0325
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0325
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0325
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0330
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0330
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0335
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0335
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0335
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0340
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0340
http://refhub.elsevier.com/S0168-1699(17)30880-3/h0355

	Deep learning in agriculture: A survey
	Introduction
	Methodology
	Deep learning
	Available architectures, datasets and tools

	Deep learning applications in agriculture
	Areas of use
	Data sources
	Data variation
	Data pre-processing
	Data augmentation
	Technical details
	Outputs
	Performance metrics
	Overall performance
	Generalizations on different datasets
	Performance comparison with other approaches

	Discussion
	Advanced deep learning applications
	Advantages of deep learning
	Disadvantages and limitations of deep learning
	Future of deep learning in agriculture

	Conclusion
	Acknowledgments
	Applications of computer vision in agriculture and popular techniques used
	Applications of deep learning in agriculture
	Publicly-available datasets related to agriculture
	References




