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Abstract

Optimization of regression models remains essential to enhance both model precision and level of stability, as well as
operational computational efficiency in datasets with large sizes and high noise levels. This paper examines several gradient-
based optimization approaches: Batch Gradient Descent, Mini-Batch Gradient Descent, Stochastic Gradient Descent,
RMSprop, Momentum, Adam, Nadam, Adagrad and Adadelta. The analysis studies how these methods perform regarding
convergence speed and predictive precision, and stability control. Two datasets are used in the study including agricultural
crop yield prediction data alongside air quality data for environmental analysis. The experimental outcomes show that
adaptive optimization methods including Adam and Nadam achieve the best combination of stability and speed due to their
superior effectiveness. The research delivers important data that helps users choose optimization methods according to their
dataset features and computational needs to develop better regression modeling for practical uses.
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1. Introduction

Optimization is a part of regression models, and this allows
one to break and adjust the parameters of the model to fit the
data. This process usually seeks to optimize loss functions
such as mean squared error for the distance between the
predicted value of output and the actual data.l'?l Therefore,
optimization is used to model the approximate relationship
between the predictors and the target value, mainly to find the
set of parameters. This is important to apply when regression
techniques are applied in making estimates or predictions,?!
which could be very crucial in sensitive areas such as health,
finance, as well as engineering.[*¥! The need for optimization
in regression arises because of the churned-out real-world data,
which may be complex and noisy. For regression tasks, there
are usually numerous possible solutions for the model
parameters. During training a model, it may fail to find the best
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solution and hence perform poorly when such optimization
has not been done."”!% To do this, optimization guides a search
through this vast space of parameters, to identify the
parameters which minimize the loss function and increase the
accuracy of the model.l'" This process also helps in prediction
for avoiding complications such as overfitting, underfitting,
and other complications surrounding machine learning
algorithms.['>13]

The importance of using optimization techniques in
regression modelling is clearly expressed in its effects on
modelling quality, stability, accuracy, and training time.
Optimal convergence is the process of making sure that a
regression formula gets the best solution possible to give the
best possible result.l'! Furthermore, it helps in dealing with
large and higher order datasets to provide an optimal solution
to assess the predictive model with low training time and
costs.l'sl However, convergence acceleration and stability are
important tasks for optimization to improve the applicability
of regression models, as well as to increase their accuracy as
much as possible in order to achieve an optimal balance with
real-life problems when both response time and adaptive
accuracy are needed.[!¢-7)

The motivation for this work comes from the increased
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demand for accurate and practical regression models in sectors
that face increased responsibilities, such as the health sector,
the financial sector, and the engineering discipline, to mention
but a few.l'$19 The real-world data sets are growing large and
noisy and, therefore, it becomes important to find optimization
methods that enhance model performance. Problems like
overfitting and underfitting, and computational issues can
hamper the utilization of regression models, so optimization is
important to ensure that these models can perform well in the
future unseen data and to handle large and higher dimensional
data sets.?"

This research helps to analyze the different types of
optimization techniques for a regression model and analyze
their performance in terms of accuracy, specifically, the
number of iterations it takes and how stable the result is. It is
within this context that this research aims to find out the best
optimization technique to improve the accuracy of the given
model in order to improve its ability to generalize as well as
its flexibility in dealing with other different and perhaps larger
datasets. The innovation of this work is the systematic study
of different optimization techniques in terms of the ability to
efficiently process high-dimensional noisy data and solve
problems of overfitting, underfitting, and computational
complexity. Thus, in turn, this research helps increase the
efficiency of the chosen optimization methods and enhances
the general practicability of regression models in crucial areas
such as healthcare, finance, and engineering.

2. Related work

A complete analysis discusses how built-in gradient descent
has some issues, including fixed learning rates, and presents
adaptive methods like momentum techniques and gradient
clipping to increase the convergence and standardization of the
approach.?'l There is evidence of how AdaGrad performs
better than Adam under certain circumstances, like while
dealing with through-silicon-via images, it provides faster
convergence and fewer generalization errors.!??!

In the domain of cellular networks, stochastic gradient
descent (SGD)-based methods were proposed to optimize
network coverage. These methods demonstrate computational
efficiency and accuracy improvements compared to gradient-
free approaches.*’ Kida et al.*! investigated online fuzzy co-
clustering, revealing that AdaGrad and Adam outperform
traditional SGD in learning speed and stability, especially
when paired with normalization techniques to handle large co-
occurrence datasets. The work studying nonlinearity
optimization looks at decay rates as being adaptive and the
methods of initialization as being superior to Adadelta and
Adam.>! When it comes to deep learning, researchers?®
discovered that LSTM networks respond best to the Adam
optimizer, which improves convergence compared to other
algorithms like RMSprop, and efficiency in noisy time series
data sets.

Mini-Batch Gradient is suitable for large-scale learning
models, while L-BFGS provides good results as well. Mini-
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Batch Gradient is in between computational complexity and
convergence speed, while L-BFGS is best in solving problems
of high dimensionality.l?” Moreover, it was found that the most
accurate learning method among the Gradient Descent and
RMSprop in CNN-based disease detection model is Adam
applied to apple leaf diseases detection in precision
agriculture.2®!

There are stand-offs to helping landmine detection in that
they are inefficient and not very accurate. A new regression
model used to analyze hyperspectral data promoted the
increment of automated detection.”?’! Design parameters such
as load have a vital impact on wear behaviour in tools, and
sometimes it causes tool failure depending on the velocity.
These parameters were systematically controlled in the study
for TiAIN coatings using modern approaches to bring better
wear protection and enhanced surface toughness under severe
operating environments.*?) Muthukani and Paramanathan®'
addressed some weaknesses resulting from the scalarization
method in solving the convex multi-objective problem and
suggested an efficient method called the ellipsoid-based
method for Pareto front coverage. Bhavani and
Paramanathan®? optimized wear parameters for Duplex-
TiAIN coated tool steel using fuzzy techniques to balance
conflicting objectives effectively.

As optimization techniques are developed, there still exists
a research gap in systematically comparing the efficiency of
these methodologies within different and more complex real-
world regression model scenarios.’*! This includes:
dimensions of noise, the ability to handle overfitting as well as
underfitting, working in the domain sector, and industry.
While there are many theoretical algorithms among these
methods, there exists no systematic approach that can
objectively qualify them according to their speed of
convergence, computational cost, or generality of application
to different domains such as medicine, economics, and
engineering.

The following sections will detail the methodology used to
evaluate several optimization techniques, such as Batch
Gradient Descent, Mini-batch Gradient Descent, RMSprop,
Momentum, Adam, Nadam, Adagrad, and Adadelta. These
will be examined for training regression models on a given
dataset, and the steps are discussed. After that, the results and
discussion section will describe the evaluation of the above
technique’s performance considering model concerns, such as
prediction accuracy, convergence, and stability. The results
and trends will be discussed for each technique with respect to
its performance and its applicability to regression problems.
The pros and cons of each approach will also be discussed,
paying particular attention to their application. Lastly, the
conclusion section shall be a consolidation of the findings
deduced from the research and shall explain the best trends in
optimization procedures and how applicable the research
findings are with regard to real-life regression problems.

3. Methodology
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The methodology is based on linear regression that defines the
connection between the inputs and outputs as the weighted
sum of the input and a bias term. To improve the accuracy of
the modeling process, Mean Squared Error (MSE) has been
used as a measure of quantifying the cumulative error of the
model, hence serving as the loss function. To provide a proof
for the concavity of MSE, its second-order derivatives and the
Hessian matrix are examined. This assure that there exists a
unique global minimum and hence optimization algorithms
such as the gradient descent converge appropriately towards
the global minimum.

This research considers different gradient-based
optimization methods employed in order to minimize the MSE
and optimize model coefficients. These include basic methods
like: Batch Gradient Descent, Mini-Batch Gradient Descent,
Stochastic Gradient Descent and further development on them
like, RMSProp, Momentum, Adam, Nadam, Adagrad and
Adadelta. Definitions of all the techniques and update
formulas are provided together with their description of how
they handle learning rate adjustments, computational intensity
and stability during training. Using these methods, the
objectives which include getting to the best weights and bias
and above all, getting the best convergence and stability in the
test.

A. Model representation
The relationship between inputs (x) and output () can be
modeled as by Eq. (1):

Y =wixg +wyx, + o +wpx, +b

(1)

where xq,x,,...,%, are the input features, wy,ws,..., w,are
the weights corresponding to each feature and b is the bias
term.

B. Loss function (Mean squared error)

The loss function is given as in Eq. (2):

n
1

Lw b) == B = )’ %)

i=1
where n is the number of data points,y; is the predicted
output for the i -th sample, and y; is the true output for the
i -th sample.
C. Checking for convexity of the loss function
Curvature is beneficial because it suggests that the algorithm
for optimization is going towards one global extremum, and
will not get stuck at local optimizers and Saddle points.
Analyzing the curvature of the Mean Squared Error (MSE)
loss function, through its Hessian matrix, helps us confirm that
such curvature is positive. The Hessian matrix is derived from
the second-order partial derivatives of the loss function with
the main parameters of the model, being the weight vector w
and bias vector b.

The Eq. (3) represents the second derivative with respect
92L(w,b), _
w2 ):

to w and w (ie.,
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where X is the matrix of input features, and X7 X is a positive

semi-definite matrix because for any non-zero vector v, the

condition is mentioned in Eq. (4):
vTXTXv = || Xv|? = 0. 4)

The second derivative with respectto b and b is given in Eq.

(5):
Zl =2

The Eq. (6) describes about the mixed second derivatives with
9%L(w,b) 92L(w,b)

62L(W b) _ -

respectto w and b (e, —— Sbow )
9%L(w,b) _ 2i _2y1q 6
awdb  nls ' w ©

i=1

where 1 is the vector of ones (corresponding to the bias term).

The Hessian matrix H(w, b) for the MSE loss function is

given in Eq. (7):

d%L(w,b) 9%L(w,b)
ow? owadb

9%L(w,b) 9%L(w,b)
dbow ob?

Substituting the calculated second derivatives from Eq. (3), (5)
and (6) in Eq. (7), H(w, b) is obtained as follows in Eq. (8):

H(w, b) = 7

2 2
-XTx —-XxT1
Hw,b) = |} " (®)
—-17x 2
n

where X is the matrix of input features, and 1 is the vector of
ones corresponding to the bias term.

The matrix H(w, b)) is block diagonal for a large part, and
the term XTX is able to govern the convexity behavior in the
case of w. The second derivative of the Hessian matrix
H(w, b)indicates that H(w, b)is positive semi-definite. Given
this observation, we conclude that the MSE loss function is
convex, exhibiting positive curvature.

The MSE loss function, used for regression models, is a
convex function and therefore also defines one global
minimum. This property ensures that gradient-based
optimization algorithms will reach the global minimum as
long as one selects the correct hyperparameters, such as the
learning rate. Hence, as a method of reducing the error and
fine-tuning model parameters, the following gradient descent
optimization methods will be used throughout the study:
RMSProp, Adam, Nadam, Adagrad, Adadelta, Momentum,
and the batch and mini-batch gradient descent. Each optimizer
will then be discussed based on the convergence rate, stability
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as the training progresses, and at different learning rates. The
accuracy of the constructed model will be estimated by
observing the value of MSE after each epoch, and the values
of weights and biases corresponding to the epoch where the
least value of MSE of the learned parameters will be chosen.
These optimal parameters among themselves will then be
again tested on test data to know how much the model
generalizes. The local concavity of the loss function as defined
by its convexity is peaceful to accept as true that all types of

optimizer will subsequently arrive at the global minimum.
However, the relative discrepancies such as efficiency,
stability, and convergence character will offer important
information on the efficiency of each of the above-mentioned
methods giving minimal MSE, and maintaining stability in the
training phase. This analysis aims to highlight the best
optimization method for minimizing the error rate for the
generalization of predictive performance. The outline of the
gradient descent optimizers are depicted in Fig. 1.

Batch Wise
Mini Batch
Stochastic

_

Rms Prop
Adam

Adagrad
Adadelta

Momentum
Nadam

Fig. 1: Outline of Gradient Descent.

D. Gradient optimization techniques: definitions and
formulations
1) Batch gradient descent (BGD)
Batch Gradient Descent calculates gradients over all the data
points which makes it slow, but guarantees slow and stable
convergence even with large datasets. It is less vulnerable to
noise in the gradient due to using the full data, however, it is
expensive to calculate even with large data.

The weights (w) and bias (b ) update formulas are
represented as follows in Eq. (9) and Eq. (10):

~ 1Z”:aL(w,b;xi)
wEWTY ow

€))
i=1

b=bh 126L(w,b;xi) 10
LY ab (10)
i=1
where n is the total number of training examples,
7 represents the learning rate, which controls the step size for
updates, L(w, b;x;) demonstrates the loss function evaluated
for the i -th data point given in Eq. (11):
dL(w, b; x;)
aw

(11)
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and Eq. (12) tells how much the loss will change with respect
to each weight and

dL(w, b; x;) (12)

ob

conveys the change with respect to the bias term.

2) Mini-batch gradient descent

Mini-Batch Gradient Descent (MBGD) combines the
efficiency of SGD and the stability of BGD; by using small
batches of data when updating the model parameters it
achieves quick and stable convergence when dealing with
large data-sets, where the selection of the batch size is critical
to reach the best performance. Here, the weights(w) and bias
(b) update formulas are given as in Eq. (13) and Eq. (14):

_ 1~ dL(w, b; x;)
W_W_U'EZT (13)
i=1
m
b=b 1 Z dL(w, b; x;) "

i=1
where m is the size of the mini-batch, 7 is the learning rate,

and L(w,b;x;)is the loss function with respect to the
parameters w and bfor the input x;.
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3) Stochastic gradient descent (SGD)

Stochastic Gradient Descent works on only one data point at a
time, making it easy and fast to work with large datasets. Its
ease of escape local minima is secondary to the fact that it can
achieve very erratic convergence paths. The Eq. (15) and Eq.
(16) represent the weights (w) and bias (b) updating the
formulas:

JdL(w, b; x;
dL(w, b; x;)
b=b—-n ——= 16
n b (16)

where x; is the individual data point. The gradient is
computed with respect to the single data point x;.

4) Root mean square propagation (RMSProp)

RMSProp normalises the learning rate of each parameter
according to a moving average of squared gradients and so is
suited to non-stationary and noisy figures. The learning rate
decreases with large gradients and increases with small ones,
stabilizing the training and averting exploding or diminishing
gradients. The weights (w) and bias update formulas are
represented in Eq. (17), (18), (19), and (20):

2
Sy = BSy+(1—B) (%) (17)
dL(w, b)\*
Sy = 65, + (1 ) (T2 (18)
. __n oLwmb)
= (19)
n aLw,b)
b=b- -
S,+e b 20)

where the running averages S,, and S, accumulate the
squared gradients to adaptively adjust the learning rate, decay
factor f controls the smoothness of the running average,
typically B = 0.9andeis a small value (e.g., 1078) added
for the numerical stability.

5) Momentum optimizer

Momentum Optimizer can be thought of as an augmentation
of gradient descent in that we use previous update directions
to our advantage. Momentum optimizer can be used to speed
up further over flat areas and mitigate overfitting in low angle
portions of the loss landscape. Here the weights (w) and bias
(b) update formulas are given in Eq. (21), (22), (23), (24):

dL(w, b)

Vw =YVt 7 ow (21)
oL(w, b

Vp =YV +7I'T) (22)

w=w -1, (23)
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b=b-—w, (24)

where ¥ (Momentum) is a fraction (usually 0.9) of the
previous velocity, helping to carry forward momentum in
parameter updates and v, vpare the velocities which keeps
track of the smoothed direction of parameter updates.

6) Adam (Adaptive moment estimation)

Adam combines Momentum and RMSProp by using both the
mean and variance of gradients to adapt learning rates for each
parameter. It is computationally efficient, handles large
datasets well, and performs reliably with sparse gradients,
making it widely preferred. The weights (w) and bias (b)
update formulas are as follows:

First Moment Update (Eq. (25)):

dL(w, b)

my,, = pimy,, + (1= ) ow (25)
Second Moment Update (Eq. (26)):
AL(w, b)\*
vy = Bovy + (1= ) () 26)
Bias-Corrected Moments (Eq. (27)):
A~ mW A UW
m, = —, v, =
v 1- 31 v 1- ﬁzt @7)
Parameter Update (Eq. (28)):
m
e (28)
Dy + €

(Similar for b),

where the first moment (m,,, m,) represents the running
average of gradients, the second moment (v, vp) gives the
running average of squared gradients, Bias correction
corrects initialization bias during early iterations, ¢&is a small
constant added for numerical stability and f; and [,are the
decay rates for the moments.
7) Nesterov-accelerated adaptive moment estimation
(Nadam)
Nadam extends Adam by incorporating Nesterov momentum,
which looks ahead at the gradient after a momentum step. This
enhances convergence speed and can yield better optimization
paths, especially in deep networks with complex loss
landscapes. The weights (w) and bias (b) update formulas are
stated in Eq. (29), (30), and (31):

dL(w, b
my, = Bm,, + (1 - ) T2 (9)
aL(w, b)\*
vy = Bany + (1 - o) (L) (30)
w =w—nvw+e<,81mw+(1—ﬁ1)vw+e
aL(w, b) G
T ow )
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8) Adaptive gradient algorithm (Adagrad)

Adagrad adapts the learning rate for each parameter based on
the inverse square root of the accumulated squared gradients,
benefiting rare features. However, its learning rate can shrink
excessively over time, potentially halting further learning. The
weights (w) and bias (b) update formulas ar mentioned in Eq.
(32), (33), (34), and (35):

2
GW=GW+(M) (32)
ow
dL(w, b)\?
_ 33
Gy Gb+( =7 ) (33)
aL(w, b
W=W—77'GW+E'(6+) (34)
aL(w,b
b=b—n~Gb+e~(a+) (35)

where cumulative gradient G,,, G, gives the sum of squared
gradients used to normalize the learning rate.

9) Adadelta

Adadelta improves Adagrad by using a moving average of
squared gradients, preventing the rapid decay of the learning
rate. It ensures self-tuning updates and maintains consistent
learning progress, making it well-suited for machine learning
tasks. The weights (w) and bias (b) update formulas are given
in Eq. (36), (37), (38), and (39):

2
5. = 85, + (1 ) (D)) (36)
w, 2 wh))?
Sy =Sy (1-B) (Z22) "5, =S, +(1-6) (222)  (39)
w=w—n5@+e% (38)
b:b_ngbﬁ.% (39)

where the moving average S,,and S, track the gradient
magnitude over recent updates, S,, is the moving average for
the weight updates, while S}, is for the bias updates.

4. Experimental setup

The study therefore aims at comparing the different gradient-
based optimization techniques while using different datasets.
The emphasis is to assess the efficiency of the optimizers
regarding convergence rate, stability, and accuracy of the
forecast. When comparing the various datasets, the goal is to
determine the best optimizer for the specific situation, while
putting special focus on the MSE values. This is achieved in
the hope of discovering which of the optimization strategies
provides the best results in different data characteristics. The
flow chart of the study is given in Fig. 2 and is described below:
A. Datasets

The evaluation of gradient-based optimization techniques

- Jasic Optimizers = —

>{ Training Data }_. >[ Adaptve OphmuelsJ

ul Leamning best weights
and best bais

[ Data CoSection ]

—{ Data Processing ] »[ Data Sphting F

Lo )

—e{ Momentum Optimzes |————

- Prediction ol Evaluating Optmizers
Perfomance

Fig. 2: Flow Chart of Research.

occurred using two datasets, which showed different sample
characteristics:

o Agriculture Dataset: The dataset covers agricultural data that
includes state-wise information with records about crop names
alongside soil nutrients (N, P, K) and pH levels, as well as
rainfall and temperature statistics and farming area data and
production counts, and yield figures. Using the dataset enables
predictions of crop yields and provides fertilizer
recommendations that produce better efficiency in farming
operations at the regional level. Data accuracy together with
seasonal adjustments and handling of regional variations are
essential factors to achieve an accurate understanding.>¥

e quantitative measurements about air quality as well as
connected environmental variables. This dataset presents
information about pollutants and measures particulate matter
concentrations along with weather parameters for analyzing
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environmental health conditions. The columns are aqi (air
quality index), pollutant, status, so2(sulphur dioxide), co
(carbon monoxide), 03(ozone, 03 8hr, pm10(pollutant), pm2.5,
no2 (nitrogen dioxide), nox, no (nitrogen monoxide),
windspeed, winddirec, co 8hr, pm2.5 avg, pml0 avg, so2
avg.®l

Both datasets required preprocessing techniques to scale
variables before the IQR method removed outliers, and feature
selection completed the set for regression purposes.
B. Optimization techniques
e Basic Techniques: Gradient Descent (GD), Stochastic
Gradient Descent (SGD), and Mini-Batch Gradient Descent.
e Adaptive Methods: Adam, RMSProp, Adagrad, and
Adadelta.
e Advanced Techniques: Nadam, Momentum.
C. Evaluation metrics
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The optimizers were assessed using:

e Convergence Rate: The iterative running time needed to
meet this loss threshold criterion. In this case, when loss is no
longer decreasing, that is the threshold condition.

o Stability: Variability in convergence path for each optimiser
e Accuracy (R? Score): It is a measure of model performance
and is defined as given in Eq. (40).

s (i —9)°
2 (i — ¥)?
where y; is the actual values J; is the Predicted values, y
is the mean of actual values, and n is the number of data points.
Models with better predictive accuracy maintain an R? score
approaching 1, whereas scores closer to 0 indicate poor data
explanation.

D. Experimental workflow

e Model Initialization: Models were initialized with random
weights for each optimizer.

RZ=1- (40)

e Training: The optimization methods were operated for a
predetermined number of training cycles across all models.
Each data set received specific learning rate and batch size
adjustments.

¢ Evaluation: After training, the model was evaluated using
pre-defined evaluation metrics on test data.

E. Comparison approach

The focus was to evaluate whether each data set requires
identification of its optimizer that results in the minimum MSE
value, and to evaluate the relationship between fast theoretical
system convergence and steady operations.

5. Results and discussion

The performance of different optimization techniques,
including RMSProp, Momentum, Adam, Nadam, Adagrad,
Adadelta, Batch Gradient Descent, and Mini-Batch Gradient
Descent. The parameters used were accuracy, stability, and
convergence rate.

MSE Epoch MSE vs Epoch
ol | |
a6 | |
|
e R - b “I"" Afr WA N ‘ e
(a) RMS Prop (b) Momentum (c) Adam
MSE vs Epach i MSE vs Epoch MSE vs Epach
I | =3 e esocaion
- |
|| !
P £ | i |
\ |
\ |
ol N 1
(d) Nadam (e) Adagra (f) Adadelta

MSE vs Epach

— e

MSE vs Ef

==e Best Epoci 100

poch MSE vs Epoch

Best Epoch: 9%

st

(g) Batch Gradient Descent

Fig. 3: Comparison of Different Optimization
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Techniques for Crop Yield Production Data.
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Table 1: Comparison of Optimization Methods for Crop Yield Prediction.

Method Accuracy R? (Mean + Std) 95% CI (R?) Best Total Stability ~ Convergence
(R?) Epoch Epochs Speed
RMSProp 0.79906  0.7988+0.0002 0.7987- 0.7989 33 100 Stable Fast
Momentum 0.80019  0.8002+0.0002 0.8001- 0.8003 88 100 Less stable Slow
Adam 0.800482  0.8007+0.0002 0.8006-0.8008 99 100 Stable Fast
Nadam 0.800481  0.8007+0.0002 0.8006- 0.8008 99 100 Stable Fast
Adagrad 0.772135  0.7832+0.0136 0.7781- 0.7883 99 100 Stable Fast
Adadelta 0.79827  0.7981+0.0012 0.7977-0.7985 98 100 Stable Medium
Batch Gradient Descent  0.205469  0.22810+0.1171 0.2373-0.3248 100 100 Very stable  Very Slow
Mini-Batch ~ Gradient  0.7948 0.7960+0.0013 0.7955-0.7965 100 100 stable Fast
Descent
Stochastic Gradient 0.792899  0.7929+0.0019 0.7922-0.7935 99 100 Very stable Fast
Descent

The optimization methods used for crop yield production
data, perform distinctively regarding their convergence speed
and accuracy, as well as stability levels based on Table 1 and
Fig. 3. From Table 1, it is clear that Adam and Nadam
optimizers showcases the highest R? value of about 0.8005,
and also RMSprop and momentum exhibits a very close value
of about 0.8. But compared with the other optimisers, batch
gradient descent performs very poorly having a  R? value
around 0.206. The stability of the RMSprop, Adam, Nadam,
Adagrad, Adadelta and Mini-Batch and stochastic gradient
descent possess high stability which makes them converge
consistently. From Fig. 3, it is evident that the momentum
oscillates too much before converging, which showcase its
less stability. As out of all the optimization techniques, Adam
and Nadam are outperforming others with a high accuracy of
R?value as 0.8005 and also because of their high stability and
fast convergence, we can conclude that Adam and Nadam is

the best choice for the predicting the crop yield. On the other
hand, since Batch Gradient Descent is having very slow
convergence speed with a less accuracy of 0.255, it can be
concluded that Batch Gradient Descent is not at all suitable.
To mention about the statistical significance, we have run the
optimiser 30 times with numerous random seeds and checked
the value of R? for each case. Along with this, we have
calculated the 95% confidence interval (CI) to identify the
range of R?. From the results, it is clear the mean R? for
RMSprop is 0.7988 with a standard deviation of 0.0002. The
low value 0.0002 indicates that the optimiser gives almost the
same R? values. And the 95% CI represents that the R?
value will lie in the range of 0.7987- 0.7989. For optimizers
like Adam or Nadam, we can see that R?is lying outside 95%
CI. But that does not mean the result is wrong, it indicates that
some individual runs can give R?value within that range.
The comparison of optimization methods for Air Quality

Table 2: Comparison of optimization methods for air quality data.

Method Accuracy (R?) Best Epoch Total Epochs  Stability Convergence Speed
RMSprop 0.9440 58 100 Stable Fast
Momentum 0.9439 97 100 Stable Moderate
Adam 0.9442 82 100 Stable Fast

Nadam 0.9442 95 100 Stable Moderate
Adagrad 0.9441 199 200 Stable Slow
Adadelta 0.9441 26 100 Less Stable Fast

Batch Wise 0.9393 1000 1000 Less Stable Very Slow
Mini Batch 0.9429 100 100 Stable Moderate
Stochastic 0.9442 99 100 Stable Slow
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Fig. 4: Comparison of Different Optimization Techniques for Air Quality Data.

Data from Table 2 and Fig. 4 reveals that Adam and Nadam
prove to be the optimal optimization algorithms given their
strong accuracy (R? = 0.9442) and stable convergence
together with a reasonable training time. RMSprop and
Momentum demonstrate reliable options because they
perform stably, even though their accuracy level is slightly
below other methods. The fastest convergences belong to
Adadelta at epoch 26, but the MSE behaves unstably after
reaching optimal parameters. The computational performance
of Batch Wise is the worst because it needs 1000 training
epochs to complete with an accuracy rate of 0.9393. Adagrad
shows stability throughout its learning process, yet requires a
large number of 199 epochs for convergence. On its path to
stability, SGD maintains high accuracy during the 99 epochs.
Adam (82 epochs) showcases a desirable combination of
efficiency with high accuracy, together with RMSprop (58
epochs) to achieve speedy convergence. Adam, along with
Nadam, demonstrates superior performance by delivering
superior convergence, stability, and accuracy at the same time.

6. Conclusion

Different  optimization techniques display  special

Engineered Science Publisher

characteristics when used to process crop yield production
data and manage air quality data. The crop yield production
data achieves performance excellence through RMSProp,
Momentum, and Mini Batch Gradient Descent because the
combination delivers good speed, stability, and accuracy,
while Mini-Batch Gradient Descent and Momentum
demonstrate quick convergence and stable results. The
convergence speed of Batch Gradient Descent remains slow,
even though this method provides stability. Adam and Nadam
provide the most effective solution for the Air Quality Data by
showing high accuracy, together with stable convergence and
efficient training times. When implemented, RMSProp with
Momentum demonstrates consistent operation, but Adam and
Nadam achieve better results in terms of accuracy. The
convergence speed of Adadelta is fast, yet instability occurs
when it reaches the optimal parameter range, while Batch
Gradient Descent and Adagrad demonstrate slower
convergence rates, leading to lower accuracy levels in the case
of air quality data. The optimization methods demonstrate
different compromise factors between the two datasets, yet
Adam and Nadam stand out consistently as superior choices
because they provide fast processing and steady system
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operation alongside high accuracy rates. RMSProp, together
with Momentum and Mini-Batch Gradient Descent establish
suitable replacements which maintain both performance
quality and operational speed, yet fail to equal the total
efficiency of Adam and Nadam. The combination of slower
convergence speed with reduced accuracy makes Batch
Gradient Descent and Adagrad less effective than other
methods for reaching optimal results in both datasets.
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