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Abstract

Early disease identification in crops is critical for food security, especially in Sub-Saharan Africa.
To identify cassava diseases, professionals visually score the plants by looking for disease
indicators on the leaves which is notoriously subjective. Automating the detection and
classification of crop diseases could help professionals diagnose diseases more accurately and
allow farmers in remote locations to monitor their crops without the help of specialists. Machine
learning algorithms have been used in the early detection and classification of crop diseases.
However, traditional machine learning algorithms are not calibrated even though they have high
accuracy. The ability to provide well-calibrated posterior distributions is one of the most appealing
properties of Gaussian processes. Motivated by the current developments in the field of Gaussian
Processes, this study proposed a deep Gaussian convolutional neural network model (DGCNN)
for the detection and classification of cassava diseases using spectral data. The proposed model
uses a hybrid kernel function that is the product of a rational quadratic kernel and a squared
exponential kernel. Experimental results revealed that our proposed hybrid kernel function
performed better in terms of accuracy of 90.10% when compared to both the squared exponential
kernel with an accuracy of 88.01% and the rational quadratic kernel with an accuracy of 88.52%.
In our future work, we propose to integrate the Optimised model proposed in this study with the
transfer learning approach, a move that may help to improve the model performance.

Keywords: Gaussian Processes, Crop disease classification, Convolutional Neural Networks,
Covariance Functions, Cassava Diseases

1. 1 Introduction

In Sub-Saharan Africa, cassava is the second most significant food crop after maize (1). Because
of its persistence in severe locations, as well as its tolerance for extreme environmental stress
conditions and poor soils, cassava continues to acquire importance in Africa as a staple food eaten
by more than 500 million people every day. However, various pests and diseases, including
Cassava Bacterial Blight (CBB), Cassava Brown Steak Disease (CBSD), Cassava Green Mite
(CGM), and Cassava Mosaic Disease (CMD), pose a significant danger to crop productivity (1).
Early disease identification in crops is critical for food security, especially in Sub-Saharan Africa
(2). To identify cassava diseases, government professionals visit various sections of the country
and visually score the plants by looking for disease indicators on the leaves (3) which is notoriously



subjective and it is not uncommon for specialists to differ on a plant's diagnosis. Automating the
detection and classification of crop diseases could help professionals diagnose diseases more
accurately and allow farmers in remote locations to monitor their crops without the help of
specialists (3).

Machine learning algorithms have been used in the early detection and classification of crop
diseases (4) (5) (6) (7). However, traditional machine learning algorithms are not calibrated even
though they have high accuracy (8). In general, decision-makers are concerned not only with
predictions but also with the level of confidence in such predictions (9). The ability to provide
well-calibrated posterior distributions is one of the most appealing properties of Gaussian
processes (10).

The Gaussian process (GP) is a strong but disciplined nonparametric approach that has found wide
use in statistical analysis and machine learning. The Gaussian probability distribution is
generalized to form a Gaussian process (11). A GP is a type of stochastic process whose property
is inherited from the normal distribution, and every finite collection of random variables obeys
multivariate normal distribution in probability theory and statistics (12). A stochastic process
determines the properties of functions, whereas a probability distribution governs the attributes of
scalars or vectors (for multivariate distributions) (13) (14). This probabilistic modeling approach
generates not only point estimates, but complete prediction distributions as well. This is especially
interesting in light of one of the key goals of agricultural yield estimation: obtaining a credible
forecast yield distribution (15).

Gaussian processes (GPs) provide uncertainty estimates as well as a marginal likelihood objective,
but their inductive biases result in lower accuracy. Gaussian process models approach supervised
learning by assuming a probability distribution over a space of potential functions, updating the
space of functions using observed data and applying the Bayes theorem, and calculating the
expected value over the space of functions to get an estimate for the function f(x) (16). While
Gaussian process models are often utilized in the time series and regression domains, they may
also be employed to do classification tasks with the use of a response function and variational
inference (17) (18). More so, for issues with short data sets, Gaussian processes (GPs) can be a
useful technique. Unlike many supervised machine learning algorithms, such as least squares and
Artificial Neural Networks (ANNSs), Gaussian Process models are resistant to overfitting and can
quantify the uncertainty of predictions (19). Although Gaussian process classifiers perform
similarly to non-linear support vector machines (SVMs), they are preferred because of additional
benefits such as uncertainty representation and hyper-parameter selection (20). A Deep Gaussian
Process (DGP) is a non-parametric deep Bayesian technique based on a hierarchical composition
of Gaussian Processes that can overcome the constraints of traditional (single-layer) GPs while
keeping their benefits (21) (22). In a deep convolutional Gaussian process, Several GP functions
are iteratively convolved over the image (23).

In this study, we used spectral data in a three-class classification challenge for diagnosing cassava
diseases. The same data was used in the study (24) with matrix relevance learning techniques.
Previous research has used plant image data captured with a smartphone (25) (26) (27) (28).
However, disease symptoms must be observable in order to use this strategy (24). Unfortunately,
once symptoms appear on the aerial part of the plant, the root, which is the edible part of the plant,
is destroyed. By nature, spectral data is exceptionally high-dimensional, with more than 3600



characteristics or dimensions (24). As a dimension reduction strategy, we used conventional
principal component analysis (PCA) (29). Motivated by the current developments and many
influential studies in the field of Gaussian Processes (30) (31) (23) (18) (32) (21), this study
proposes a deep Gaussian convolutional neural network model (DGCNN) for the detection and
classification of cassava diseases. By developing a deep Gaussian convolutional neural network
model that may improve the crop disease detection accuracy as well as provide uncertainty
estimates that are critical for decision-making by farmers, this study is formulated within the
research area of Artificial Intelligence for Development (AI4D) and is aimed at contributing to
United Nations Sustainable Development Goals (SDGs) number 2, “End hunger, achieve food
security and improved nutrition and promote sustainable agriculture”.

1.2 The Motivation for use of Gaussian Processes in Classification Tasks

The accuracy of learning algorithms' predicted probabilities can be assessed by looking at how
they're calibrated. The calibration of Gaussian Processes has been studied in the literature (22).
When a classifier's output accurately represents the likelihood of a given class, that is, when it
predicts a given class label with probability p that matches the true proportion p of test points
belonging to that class, the classifier is well calibrated (33). The ability to provide well-calibrated
posterior distributions is one of the most appealing properties of Gaussian processes (10). Gaussian
processes are non-parametric Bayesian models that are effective for prediction modeling. The
representation and propagation of uncertainty is an important feature of Bayesian models that is
often missed by traditional methodologies. In general, decision-makers are concerned not only
with predictions but also with the level of confidence in such projections. Only when the model
under evaluation is confident in its forecast, can action be done. This is vital for applications (20)
like as medical diagnosis, security, self-driving cars, computer simulations (31), robotics (34),
Indoor Positioning Systems (35), spatial-temporal modeling (36), link analysis and transfer
learning (37), and system dynamics (38). These uncertainties can be obtained in a rational fashion
using Bayesian formalism. Bayesian approaches deal with all types of uncertainty in a model,
whether it's in parameter inference or predicting outcomes. Although Gaussian process classifiers
perform similarly to non-linear support vector machines (SVMs), some practitioners prefer them
because of additional benefits such as uncertainty representation and hyperparameter selection
(20). However, the computational and storage complexity of GPs is the main impediment to their
use with huge current datasets (39) (40). The issue of computational cost can be addressed by using
approximations or iterative matrix computations (41) (42).

1.3 Background on Gaussian Processes

1.3.1 The Gaussian Distribution

The Gaussian or normal distribution is the most extensively used distribution in statistics and
machine learning. This is due to several factors. First, it has two simple parameters that capture
some of the most fundamental aspects of distribution, namely the mean and variance. Second, the
central limit theorem states that sums of independent random variables have a Gaussian
distribution, making it an excellent choice for representing residual errors or "noise." Third, subject
to the requirement of having a given mean and variance, the Gaussian distribution makes the fewest
assumptions (has the highest entropy); this makes it a reasonable default choice in many instances.
Finally, it has a straightforward mathematical form that is both simple to execute and highly



effective (43). Given a random variable X, the Gaussian or Normal distribution is written in the
form (43) (44):

Pe() = N(xli,0%) = ——exp =5 (x— 1?] W
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where = E[X] is the mean, 62 = wvar [X] is the variance and (2mc?)z is the normalization
constant required to ensure the density integrates to 1 (43). In Equation (1), X represents random
variables and x is the real the real argument. The Gaussian or Normal distribution of X is usually
represented by P(x)~ N (u,02). For regression tasks, the "functions" formed by linking
independent Gaussian vector points are insufficiently smooth; instead, we need these independent
Gaussian vector points to be connected as a combined Gaussian distribution. Multivariate normal
distribution theory can be used to describe the joint Gaussian distribution (16).

1.3.2 The multivariate Gaussian distribution

The most often used joint probability density function for continuous variables is the multivariate
Gaussian or multivariate normal. It's usual for a system to be defined by multiple feature variables
(xq,X5,...,xp) that are all correlated. A multivariate Gaussian/normal distribution model is
required if we want to model all of these variables as a single Gaussian model. The following is a
pdf of a multivariate Gaussian/normal distribution in D dimensions (43) (44):
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where 4 = E[X] € R? is a D-dimensional mean vector, x represents the variable, ¥ = cov[x] is

a D X D covariance matrix, and |Z| represents the determinant of X. The normalization constant

D 1
(2m)z|A|z where A = £~ simply ensures that the pdf integrates to 1 (43).

1.3.3 Gaussian Processes

The Gaussian process (GP) is a strong but disciplined nonparametric approach that has found wide
use in statistical analysis and machine learning (13). A GP is a type of stochastic process whose
property is inherited from the normal distribution, and every finite collection of random variables
obeys multivariate normal distribution in probability theory and statistics (12). A stochastic process
determines the properties of functions, whereas a probability distribution governs the attributes of
scalars or vectors (for multivariate distributions) (13) (14). The Gaussian probability distribution
is generalized to form a Gaussian process (11). This probabilistic modeling approach generates not
only point estimates, but complete prediction distributions as well (15). Gaussian Process (GP)
models approach supervised learning by assuming a probability distribution over a space of
possible functions, using observed data to update the space of functions to consider using Bayes
theorem and taking the expected value over the space of functions to get an estimate for f(x) (17).
A GP defines a prior over functions, which can be turned into a posterior over functions given
some data. The prior of GP is denoted by:

f(x) ~ GP(m(x), k(x,x’)) (3)
where m(x) = E[f(x)] is the mean function and k(x, x") = IE[(f(x) - m(x))(f(x’) - m(x’))]
is the kernel or covariance function and is positive finite (13). A kernel function is defined as a
real-valued function with two arguments, k(x,x") € R, for x,x’ey. The function is usually
symmetric (i.e., k(x,x") =k(x’,x)) and non-negative (i.e., k(x,x") = 0), allowing it to be



interpreted as a measure of similarity (43). More so, function k(X, X") is a kernel function if it is
defined purely in terms of inner products in the input space (16). The modeling capability of GPs
is determined by the kernel that is selected. In practice, standard stationary kernels result in models
that underperform. Because adaptable kernels that account for non-stationary patterns and long-
range interactions in the data are difficult to build and infer, shallow or single-layer Gaussian
processes are frequently suboptimal (23). For details, refer to (23) (45) (43) (13) (46).

1.3.4 Single-layer Gaussian Processes

Consider the challenge of estimating a stochastic function f: RP? — R, given also a likelihood
p(v|f), and a set of N observations y = (yy, ..., yy)T at design locations X = (x,...,xy)7. A GP
prior is placed on the function f that models all function values as jointly Gaussian, with kernel or
covariance function k: RP x R? — R, and mean function m: R?P — R. Also, a set of M
inducing locations is defined as Z = (zy,...,zy)T. The function values at the design and inducing
points are, f = f(X) and u = f(Z) respectively. Also, let [m(X)]; = m(x;) and [k(X,2)];; =
k(xi,zj). Considering the definition of GP, the joint density p(f,u) is a Gaussian with a mean
determined by the mean function at each input (X, Z)T, and also the covariance function is
evaluated at each pair of inputs to yield the corresponding covariance. The joint density of
v, f and u is defined as (22):

pOnf) = (P lus X, e )| | pOilf) @)

The first term is the GP prior and the second term is the likelihood. The GP prior p(f,u; X, Z) is
factorized into prior p(u) = N (u|m(Z),k(Z, Z)) and the conditional p(f|u; X,Z) = N (f|u, Z),
and fori,j =1,...,N.
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where (x;) = k(Z,Z) " k(Z, x;) .

1.3.5 Deep Gaussian Processes

A Deep Gaussian Process (DGPs) is a hierarchical composition of Gaussian Processes that can
overcome the constraints of traditional (single-layer) GPs while keeping their benefits. Deep
networks are richer than generalized linear models, and Deep Gaussian Processes (DGPs) are
richer than regular GPs. DGPs train a representation hierarchy non-parametrically with extremely
few hyper-parameters to tune, in contrast to models with extensively parameterized kernels (22).
A Deep Gaussian Process model recursively defines a prior on vector-valued stochastic functions
F1,...,FL (47). The prior on each function F' is an independent GP in each dimension, with input
locations determined by the noisy corruptions of the function values at the following layer: the
outputs of the GPs at layer [ are F., and the corresponding inputs are F'~!. The study (22)
approached this issue by not parameterizing these variables separately but instead absorbed the

noise into the kernel K5, (xl-, xj) = k(xl-, xj) + afé; j» where §;; is the kronecker delta and of is
noise variance between layers. Let D' be the dimension of the outputs at layer [. The inducing
locations is Z'~1 at each layer and the inducing function values is U* for each dimension which is

the case as with single layer case. The joint density is defined as follows (22):
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where the first term is the likelihood and the second term is the DGP prior. Also, F® = X. In this
model, the inference is difficult, hence approximations must be utilized (Salimbeni & Deisenroth,
2017; Bui et al., 2016; Damianou & Lawrence, 2013).

1.3.6 Integrating Neural Networks with Deep Gaussian Processes
Deep Gaussian processes are more versatile and powerful than shallow GPs but they produce
degenerate models if the individual GP layers are not invertible, limiting their potential (23). Deep
Gaussian processes improve performance by simulating GP node networks (49). Deep Gaussian
processes (DGPs) are multi-layer generalizations of Gaussian processes, however, inference has
proven difficult in these models (22). Deep Gaussian processes, though more versatile and
powerful than shallow GPs, produce degenerate models if the individual GP layers are not
invertible, limiting their potential (23). In a deep convolutional Gaussian process, Several GP
functions are iteratively convolved over the image (23). The study (39) revealed that Deep
Gaussian Processes (DGPs) can handle a lot more layers than is commonly assumed in the
literature on DGPs, and they're also scalable to big datasets where DGP inference was previously
thought to be impossible. To improve their performance, GPs models are being combined with
neural networks to come up with robust models. The study (12) revealed that Deep neural
networks' interpretability can be studied statistically by replacing the special layer with a Gaussian
process model (12). More so, the study (50) extended the convolutional network to the state of
knowledge regarding GPs and Deep networks. A method for incorporating a Deep GP as the output
layer of an ANN has been recently proposed (51). It is based on the following two premises (52):
1. The ANN computes a mapping net of n;-dimensional input values into the set X on which
the GP is defined if n specifies the number of ANN input neurons. As a result, the ANN
transforms an input v into a point x = net(v) € X, corresponding to an observation
f(x) + € controlled by the GP, and the number n, of neurons in the last hidden layer
fulfills X c R" . The GP is now GP(mgp(net(v)),k(net(v),net(v)) from the
perspective of the ANN inputs.
1.  The GP mean mgp is considered to be a known constant, thus having no effect on the GP
hyperparameters and being independent of the net.
The GP is solely determined by the covariance function's parameters 8%. The ANN is determined
by the vector 8% of its weights and biases on the one hand, and the network architecture on the
other, which are considered fixed before network training. Consider the n inputs to the neural
network, vy, ..., v,, which correspond to the GP inputs x; = net(v;), ..., x, = net(v,), which
correspond to the observations y = (v, ..., ¥,,)". The loglikelihood of 8 = (8%,6") is then;

L) = Inp(y; mgp, k, 07)
L(6) = —_(y mgp) K~ (y — mgp) — In(2m) ——ln det (K + o7ly,) (8)

Where mp is mean and constant and
K)ij =k (net(vi), net(vj)) 9

The procedure of searching for the vector (8%,8") during model training is done using gradient
descent. The partial derivatives that makeup V gk gwyL can be calculated as follows:
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2.1 A Premier on some of the Covariance or Kernels Functions
(i) The squared exponential Kernel
The squared exponential (SE) kernel function (53) (54) (43) (13) is the most extensively used
kernel or covariance function. For Gaussian processes, the SE kernel is the de-facto default kernel.
This is owing to its universal nature, which allows it to be integrated with most functions. The SE
kernel is also called the radial basis function (RBF) kernel or the Gaussian kernel function. The
SE Kernel is defined in Equation 13 as:

(x — X’)2>

kSE (x! x’) = O-Zexp <_ 202 (13)

where the two parameters are: The 'wiggles' in the function are determined by the lengthscale €. It
is often difficult to extrapolate more than £ units from the data in most cases. The average distance

of the function from its mean is determined by the output variance o>, This is a scaling factor that
appears in every kernel.

(ii) The Matern 5/2 kernel

The SE kernel generates infinitely differentiable, smooth functions. For many applications, the
Matern kernel (53) (54) (43) (13) is preferable because it generates "rougher" functions that can
better mimic local "wiggles" without requiring a very small overall length scale. The Matern kernel
is often used in Gaussian process regression. The Matern 5/2 Kernel is defined in Equation 14 as:

5 o
kysa(x,x') =0 (1 + V5r + §r2> exp(—\/g) wherer = M

— s

where £ is the lengthscale and o is the standard deviation.

(iii) The Rational Quadratic Kernel

The Rational Quadratic Kernel (RQ) (53) (54) (43) (13) is the result of combining many SE kernels
with varying lengthscales. As a result, GP priors with this kernel expect to see smooth functions
over a wide range of lengthscales. The parameter o controls how large-scale and small-scale
fluctuations are weighted. When a—oo, the RQ and the SE are the same. The RQ kernel is defined
in Equation 15 as:

(x —x")?

-
> al? ) where o > 0 (15)

KRQ(x,x’) = 0'2 <1 +
(iv) The Periodic Kernel



The periodic kernel (53) (54) (43) (13) can be used to model functions that exactly repeat
themselves. Its parameters are simple to understand: The periodic kernel is defined in Equation 16
as:

Zsinz(nlx—x’l/p) (16)

kper(x,x") = GZeXp <_ 02
The distance between repetitions of the function is determined by the period p. In the same way
as the SE kernel, the lengthscale £ determines the lengthscale function.

(iv) The Locally Periodic Kernel

The majority of periodic functions do not exactly repeat themselves. To give our model more
flexibility, we can add or multiply a local kernel, such as the squared exponential, with our periodic
kernel (53) (54) (43) (13). This allows us to describe functions that are only locally periodic; the
shape of the function's repeating component can now change over time. The locally periodic kernel
is defined in Equation 17 as:

, 2sin?(m|lx —x'|/p (x —x")?
kyper(x,x") = o%exp <— 72 exXp\ = =57 (17)

2.2 Designing New Covariance or Kernels Functions

The conventional kernels above are excellent if all of your data is of the same type, but what if you
have multiple types of features and want to regress on all of them at the same time? (54) A new
kernel may be designed that suits that at-hand data well. Several studies (53) (54) (43) (13)
proposed ways of building new kernels from existing kernels. The conventional technique to create
new kernels is to multiply them together, especially if they are defined on different inputs to the
function. Multiplying two kernels is roughly equivalent to an AND operation. That is, if you
multiply two kernels together, the final kernel will only have a high value if both of the base kernels
are high. Given two valid kernels K;(x, x) and K,(x, x), the product of two kernels is a kernel
(Equation 18) (53) (54) (43) (13).

ki Xky,= ki(x,%) X k,(x,%) (18)
Proof:
Let f(x) = fi(x)f,(x) be a random process, where f;(x) and f,(x) are independent. Then,
k(x,x) = kqy(x, %) ky(x, x) is a covariance function. An extension of this argument reveals that
k9 (x, x) is a valid covariance function for ¢ € N (13). For further details on kernel designs, refer
to (53) (54) (43) (13).

3.1 Materials and Methods

3.1.1 Image Dataset

Spectral data (24) was obtained from the leaves of cassava plants in two conditions: when they
were healthy and when they were infected with the two diseases CBSD and CMD, both of which
had visible symptoms. A CI-710 miniature leaf spectrometer was used to collect this data (CID
BioScience Inc 2010). The device is powered by USB from a device (such as a tablet or laptop),
allowing the setup to be mobile and collect data in the field. The device is clamped onto a leaf of
a certain plant to gather data, and the profile of the amount of light absorbed or reflected is captured



on the device as a spectrogram for each position of the clamped leaf. The intensity and structure
of the spectra are influenced by a variety of environmental conditions, with illumination being
particularly relevant. As a result, data was gathered in the field under identical lighting conditions.
Data was collected for plants aged 6 to 9 months from Nase 3, Nase 4, Nase 14, Nase 19, Alado
Alado, Magana, Orera, and NAROCass 2 cassava types. Three plants were selected for each
variety, and three leaves were chosen for each plant. On each leaf lobe, two spectral measurements
were taken: one on the best (least affected/non-symptomatic) section and one on the worst (most
affected/symptomatic) section (see Figure 1). Because the spectrometer only measures a small area
of the plant, around 2cm in diameter, readings for each leaf lobe were taken to ensure a
representative and reliable sample. The dataset was collected in Uganda with the guidance of
agricultural and bio-chemical experts from the National Crops Resources Research Institute
(NaCRRI)*. The National Agricultural Research and Development Research Institute (NaCRRI) is
the Ugandan government's entity in charge of agricultural research. A total of 1656 data points
were collected across three classes: healthy, CMD, and CBSD. For details, refer to (24). Figure 2
shows an example of a dataset for each class of cassava leaves.

Bad part

Good part

Figure 1: Depiction of asymptomatic(good) and symptomatic(bad) parts of the plant. Adapted from (24).

(a) Visibly healthy (b) CBSD (c) CBSD (d) CMD (e)CM
Figure 2: Cassava image data with 3 categories used in this study, Adopted from (24).

3.1.2 The Proposed Covariance Function/Kernel

In this section, we discuss the proposed covariance function that was used with the DGP model.
The proposed covariance function (Equation 22) is the product of a rational quadratic kernel
(Equation 20) and a squared exponential kernel also called the radial basis function (RBF) kernel
or the Gaussian kernel function (Equation 19). The parameters for the covariance function used in
each of the experiments are; length-scale (£), which encodes the “wiggliness” of the GP, and
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variance (0%), which tunes the amplitude (43) (13) (44). The proposed covariance function was
implemented using GPflux (55) and GPflow (56). We used default parameters in all our
experiments.

We discuss how we developed our proposed covariance function in Equations 18 - 22. Given two
valid kernels K; (x, X) and K, (x, x), the product of two kernels is a kernel (Equation 18) (53) (54)
(13). In this study, we propose a hybrid covariance function that is a product of a rational quadratic
kernel and a squared exponential kernel using the concept in Equation 18. The mathematical
expressions for a rational quadratic kernel and a squared exponential kernel are shown in Equations
14 and 15 respectively.

, (x —x')?
ksg(x,x") = o%exp (‘2—{,2 (19)
(x—x)2\"
N .2
Kro(x,x') =0 <1 + S al? where o > 0 (20)
Therefore, from Equation 18;
KHybrid(x:x’) = Kgo(x,x") X ksg(x,x") (21)
o [(2af? + (x —x)*\
Kyypria(x,x") = 72 < - ) exp(—(x — x')?) (22)

where £ is the length scale, o2 is the output variance, and the weighting of large-scale and small-
scale fluctuations is determined by the parameters a. For details on kernel design, refer to (43)
(13) (44).

3.1.3 The Proposed Model

In this study, we propose a hybrid model (DGCNN) that combines a deep Gaussian process (DGP)
model and a convolutional neural network (CNN). We started by building a DGP model using the
python libraries GPflow (56) and GPflux (55). The DGP model was comprised of the following;
kernel function, the inducing variable, the GP-layer, and the likelihood layer (The likelihood layer
is in charge of computing the objective's variational expectation as well as dealing with our
likelihood distribution p(y/f). During this study, we used Gaussian likelihood) and the likelihood
container. The DGP model was implemented using DeepGP in the GPflux library. The DeepGP is
the specialization of the Keras model. Keras is in charge of data minibatching and keeping track
of our training losses. After the DGP model, we then implemented the final model (DGCNN),
which is a CNN model with the DGP model as the prediction layer. The DGCNN is comprised of
6 dense layers and the final prediction layer is the DGP model. Also, spectral data is exceptionally
high-dimensional, with more than 3600 characteristics or dimensions (24). We used a standard
scaler (57) for scaling the dataset and conventional principal component analysis (PCA) (29) was
used as a dimension reduction strategy. The pseudocode of the proposed model is given in Figure
2 below.



Pseudocode for DGCNN Model
1 Imput: Model parameters
2 Output: Prediction prediction
3 Start:
4 Load data
5 Standardize data using a standard scaler
6 Dimensionality reduction using PCA
7  Build Deep GP Model
8 Build the kernel
9 Define the inducing variable
10 Define the likelihood layer
11 Define the likelihood container
12 Build the Deep GP_layer
13 Integrate Deep GP Model with CNN
14 Define a sequential CNN model with the following layers in order
15 6 Dense layers
16 1 linear layer
17 Deep GP_layer as the prediction layer
18  Model compilation
19  Model fitting
20  Prediction results
Figure 3: The Pseudocode for the proposed DGCNN Model
3.1.4 Model Evaluation
The model was evaluated using accuracy and loss function. The accuracy is given by Equation 23.

TP+TN
TP+ TN+ FP +FN (23)
Where TP is true positive, TN is true negative, FP is false positive and FN is false negative.
The loss function, calling it yields the negative variational expectation —E ;s [logp(y/f)] when
the prediction (last-layer output) is a Distribution q(f). This loss returns the negative log-likelihood
—logp(y/f) when the prediction is a tf.Tensor. The value of this loss is not explicitly logged
when you use this loss function to train a Keras model (in contrast, the layer-specific losses are
logged, as is the overall model loss). In this study, we used this loss function during the training of
our proposed model which was implemented in Keras.

Accuracy =

3.1.5 Model Implementation

During this study, experiments were done in google colab?. Also, a windows 10 laptop, Intel Core
17 processor of 2.50 GHz, and 16GB RAM with 2GB of NVIDIA GeForce MX150 graphical
processing unit (GPU) was used. Also, the python libraries GPflow (56) and GPflux (55) were
used.

2 https://colab.research.google.com/?utm_source=scs-index



4.1 Experimental Results and Discussion

In this section, we present the results of the experiments. We initially set £ and ¢ to 1. We also
used the batch size of 5 since gaussian processes suffer from a cubic time complexity O (n®) since
the inversion and determinant of the n X n kernel matrix K,,, = k(X,X) which limits the
scalability and unaffordable of GPs on large datasets (58). Since the model integrates deep
Gaussian processes with convolutional neural networks, the optimizer used was Adam (59) and
we used its default learning rate. Experiments were done using squared exponential kernel (Table
1), rational quadratic kernel (Table2), and our proposed hybrid kernel (Table 3). Experimental
results revealed that our proposed hybrid kernel function performed better in terms of accuracy
and loss when compared to both the squared exponential kernel and rational quadratic kernel as
shown in Table 3. Results also revealed that the rational quadratic kernel (Table 2) performed better
when compared to squared exponential kernel (Table 1). The results were recorded with several
epochs and in all, our proposed hybrid kernel function performed better compared to the other
kernel functions. For example, after 500 epochs, the proposed hybrid kernel had accuracy of
90.10%, followed by rational quadratic kernel with accuracy of 88.52% and then squared
exponential kernel with accuracy of 88.01%. In terms of validation loss after 500 epochs, the
proposed hybrid kernel had 0.0105, followed by rational quadratic kernel with 0.0316 and then
squared exponential kernel with 0.0444. This reveals that our proposed kernel function had lower
loss value when compared to rational quadratic kernel and squared exponential kernel.

Table 1. Experimental Results using Squared Exponential Kernel

Epoch Accuracy (%) Loss
100 85.44 0.2729
200 86.17 0.2101
300 86.93 0.1509
400 87.55 0.0897
500 88.01 0.0444

Table 2: Experimental Results using Rational Quadratic Kernel

Epoch Accuracy (%) Loss
100 85.93 0.2450
200 86.48 0.1782
300 87.20 0.1211
400 87.84 0.0647
500 88.52 0.0316

Table 3: Experimental Results using the Hybrid Kernel [Proposed]

Epoch Accuracy (%) Loss
100 87.22 0.2106
200 87.89 0.1282
300 88.56 0.0701
400 89.33 0.0317
500 90.10 0.0105

4.2 Comparative Performance of the Kernel functions on Accuracy and Loss



Experiments were done with our proposed model to determine the performance of the kernel
functions and the results were plotted as shown in Figure 3. It can be revealed that the proposed
kernel function performed better in terms of accuracy (left) and training loss (right). The results
further show that the squared exponential kernel had the least performance when compared to the
three kernel functions.

Performance of the Kernel Functions on Accuracy Performance of the Kernel Functions on Loss

90 {1 —— Squared Exponebtial
—— Rational Quadratic
— Proposed

—— Sguared Exponebtial
0.25 —— Rational Quadratic
—— Proposed

160 15Iﬂ 260 25Iﬂ 3(|Jﬂ 350 460 45Iﬂ 5(50 100 150 200 250 300 350 400 450 500
Epochs Epochs

Figure 3: Performance of the kernel functions in terms of Accuracy (Left) and Loss (Right)

5.1 Conclusion

Machine learning algorithms have been used in the early detection and classification of crop
diseases. However, traditional machine learning algorithms are not calibrated even though they
have high accuracy. The ability to provide well-calibrated posterior distributions is one of the most
appealing properties of Gaussian processes. Motivated by the current developments in the field of
Gaussian Processes, this study proposed a Deep Gaussian convolutional neural network model
(DGCNN) for the detection and classification of cassava diseases that integrates Deep Gaussian
Processes with a convolutional neural network. The proposed model uses a hybrid Kernel function
that is the product of a rational quadratic kernel and a squared exponential kernel. Experimental
results revealed that our proposed hybrid kernel function performed better in terms of accuracy
and loss when compared to both the squared exponential kernel and rational quadratic kernel.
Experimental results after 500 epochs revealed that our proposed hybrid kernel function performed
better in terms of accuracy of 90.10% when compared to both the squared exponential kernel with
an accuracy of 88.01% and the rational quadratic kernel with an accuracy of 88.52%. In future
work, we propose to integrate the Optimised model proposed in this study with the transfer learning
approach, a move that may help to improve the model performance.
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DGCNN: Deep Gaussian convolutional neural network; ML: machine learning; CNN: convolutional
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