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Abstract

The ability to continuously learn over time by incorporating new information while holding
onto previously acquired expertise is known as incremental learning (IL). Although this
concept is fundamental to human learning, existing machine learning techniques have a
significant propensity to forget prior experience by overwriting previously learned patterns
from classes. The continuous learning of new information in K-nearest neighbor (KNN)
with lazy learning strategies compounds to loss of old knowledge upon learning new
information and stability-plasticity dilemma. The change in new data points and data
distributions in unforeseen ways impacts KNN’s ability to adapt to changes in class label
distribution, leading to concept drift. This experiment models a hybrid 3WDKNN-based
incremental learning algorithm (ILA) designed for application in a heterogeneous and
dynamically changing environment. This model addresses the limitations of KNN by
overcoming computational costs and inefficiencies associated with loss of information in
classes, while facilitating incremental learning to attain high predictive accuracy in crop
yield datasets. The algorithm employs weighted voting to identify optimal assigned classes
for the nearest neighbor and uses memory reconstruction strategy for class incremental
learning until the memory is full without forgetting. Using weighted voting for the best
assigned classes for the nearest neighbor, the algorithm uses a local mean vector to deter-
mine the best distances for the shortest-term incremental learning to achieve the highest
performance accuracy in a concept drift environment. The hybrid 3WDKNN_ILA was
developed and evaluated alongside advanced algorithms within the same dataset context.
The model improves performance in incremental learning contexts by utilizing current
concepts and minimizing errors on both current and recent data to avoid parameterization.
The model achieves optimal efficient incremental learning by mitigating intentional loss
and minimizing errors associated with valuable class information derived from aggregated
mean values through class rectification and transfer. The hybrid model achieves the best
efficient performance accuracy in all the tested weighted averages of 200W, 500W, and
1000W with tested set K values of 5, 9, and 13K. This hybrid model demonstrates perfor-
mance accuracy of 97% at a value of 13K, whereas 3WD_KNN achieves 96% at 9K, HoKNN
attains 89% at 13K, and 1IKNN reaches 88% at 9K accuracy, respectively. The integrated
novelty in the hybrid 3WDKNN_ILA proves superior in terms of computational efficiency,
accuracy, and high-level incremental performance and learning in comparison with other
tested models of algorithms.

Keywords: increment learning algorithm; hybrid machine learning; K-nearest neighbor
(KNN); concept drift; heterogeneous
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1. Introduction
Machine learning offers powerful technological approaches including offering an

effective broad range of pattern recognitions specifically to infer structural information;
however, in digital data extraction, acquisition of representative training data is time-
consuming and expensive. It is therefore uncommon to realize that most of these data
are streamlined in batches over a period of time in a classical batch process where it
is necessary to update the classifiers in an incremental way to accommodate the new
digital data without interfering with classification in old data [1]. Incremental learning
algorithms (ILA) are dynamic algorithms that represent reinforcement learning, supervised
learning algorithms, and unsupervised learning algorithms in training data occasioned
by gradual change in data attributes, adjustments of new class labels, and extension of
models’ knowledge [2]. The understanding of incremental learning is diverse according
to Halder, [3]; for instance, in some cases incremental learning has been used to project
the selection of the most promising classes. Incremental-based learning algorithms aim at
minimizing generalization errors, especially with a growing training set [4].

In the field of machine learning (ML), there are well-established incremental learning
strategies for time-varying data and unbounded streams; however, the majority of these
incremental classifiers exhibit consistent limitations in solving multi-class instances, over-
lapping classes, and failed prediction for increased feature space [5]. Even so, incremental
learning in KNN is fraught with several challenges due to the introduction of new data
characterized by specific circumstances, imbalances, and noise. Although learning seeks to
adapt to new data without necessitating retraining for new classes due to computational
optimizations, the incorporation of new class instances incurs additional computational
insensitivity and expenses. The intensity exacerbates if the neighborhood structure of
classes alters, thus impeding the recalculation of distances and the re-identification of
nearest neighbors for new data points. Therefore, the expanding datasets get intricate and
expensive regarding restructuring and re-indexing for nearest neighbor searches. Other
common challenges experienced in incremental learning strategies include concept drift [6].
Concept drift in KNN modeling is the process in which attributes, classes and properties
changes due to the introduction of new properties in the model either when time series
data or streaming data is introduced, leading to data loss of information or catastrophic
forgetting. Catastrophic forgetting is a problem in continual learning whereby a model loses
previously acquired knowledge when exposed to new tasks, complicating the retention of
performance on earlier tasks throughout the acquisition of new ones. The understanding
is that continuous learning applications, especially those dealing with limited resources,
are not able to solve this problem since they experience catastrophic forgetting behav-
ior [7]. Ultimately, the curse of dimensionality associated with high-dimensional data
escalates progressively, necessitating greater processing resources and augmenting memory
consumption in KNN models [3,8]. This is one of the prominent problems exhibited in
streaming real-time data where the sample ( x1, y1) experiences changes in statistics [5].
Consequently, the input distribution (p(x1,), which is referred to as virtual concept drift,
changes the functionality (p(yIx1,), which is the real concept drift. In an ideal scenario,
concept drift can happen in two different contexts: the first is where local concept drift
happens—this involves a situation where changes in data statistics happens in specific
data spaces and locality [5]. In addition, real concept drift occurs when new classes are
introduced to existing data, creating conflicts in the classification. Second, concept drift
can occur in KNN due to the stability–plasticity dilemma; this is a well-known constraint
even in biological neural systems and artificial systems. In incremental learning, loss of
information when new patterns overwrite old patterns creates what is universally called
the stability–plasticity dilemma. Similarly, a combination of extreme incremental learning
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for data streaming classification and dynamic incremental-supervised methods have failed
to integrate small-size clusters of classes in concept drift [9].

Learning in streaming data or time series data which arrives over time, especially in
changing environments, comprises prediction accuracy in memory resource-constrained
applications in KNN applications and models [1,5]. This scenario creates real concept
drift problems with impacts on classification performance created by a visually dissimilar
object class. Equally, adaptation to incremental learning in KNN is compounded by the
stability–plasticity dilemma as well as known constraints that also bedevil artificial and
biological learning systems [4].

A number of approaches towards intelligent adaptation such as self-adjustments,
incremental architecture or prototype-based model strategies have the potential to solve
the crisis of resources [10]. Although class-incremental learning has been designed to
integrate new data classes while alleviating loss of old knowledge upon learning new
information, it often assumes the presence of labeled data for supervised training. This
dependence on substantial labeled data poses significant difficulties in real-world data
streams characterized by rapid data influx and constrained annotation resources. Addi-
tionally, promising studies involving a multilayer neuroadaptive reinforcement learning
algorithm utilizing the actor–critic mechanism have been suggested for the tracking control
of high-dimensional uncertain nonlinear systems [11]. These models mitigate uncertainty
using actor multilayer neural networks and extended state observer-based disturbance
estimators. The utilization of critic multilayer neural network-based reinforcement signals
enhances the approximation efficacy of the actor multilayer neural networks and increases
tracking performance in high-dimensional systems [12]. According to Belouadah [11], it is
imperative that some machine learning models offer seamless memory transfer models or
model parameters which store information of typical examples. Therefore, in predictive
models, settings require optimum memory adaptation design since it directly reflects on
the plasticity–stability dilemma [11]. Another challenge comprises model benchmarking,
which fundamentally offer two distinctive features of assessing performance of incremental
learning algorithms (ILA). First, in incremental vs. non-incremental learning, the inference
of stationary learning distribution (p(yIx1,) for data is characterized by (p(x1,) [10]. This
implies that whenever incremental learning algorithms are used for big datasets, there
is eminent competition with parallelized batch algorithms where the method of choice
informs evaluation of classification accuracy Mt on test set data.

Following the underlying limitations highlighted above, this study combines exist-
ing strengths to model a super KNN-based hybrid that equates to solving problems of
incremental learning and concept drifting caused by time series variable datasets in crop
yield prediction. Against this background, characterization of incremental learning for
enhancing requirements of other existing algorithms, like in KNN, to improve their per-
formance needs to be established. Satisfying the problem statements from this study, a
number of conditions from incremental learning algorithms need to be implemented to
support the hybrid model as follows: (1) the suggested improved hybrid model should
be able to accommodate new classes introduced with different variable datasets without
running out of computation power; (2) previously acquired knowledge about prediction
and environmental prediction should not be forgotten; (3) the algorithms should not require
access to data used to train the existing classifier, as this would slow down the iteration
process and increase computing power; and (4) the algorithm should optimally learn new
information from new data, including memory reconstruction and transfer of data for the
classes. It is from these properties that the researcher would develop an indispensable
hybrid model for crop prediction. The problem addressed in this study is designing a
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hybrid machine model using a combination of incremental algorithm, KNN and concept
drift detection technique.

To solve the existing problems occurring within the embedded KNN incremental
learning environment, we frame the following research questions to prove our contributions
to the study.

RQ_1: Does the new model provide better accuracy and performance in the context
of catastrophic forgetting and concept drifting in incremental learning model in both
short-term incremental learning (STIL) and long-term incremental learning (LTIL)?

RQ_2: How does the hybrid model store and retain exemplar data, or construct mem-
ory of learned features of old data through compression to preserve essential information
in the old classes by improving learning in short-term incremental learning (STIL) and
long-term incremental learning (LTIL)?

RQ_3: How does the proposed hybrid classification model remain more competitive in
classification accuracy and efficiency than the existing state of abrupt concept drift detection
for crop yield dataset distribution in comparison to other state-of-the-art models?

RQ_4: How do the dynamic weight size (w) and K values impact the meantime aver-
age accuracy performance of the hybrid 3WDKNN_ILA classification model in comparison
to other state-of-the-art models?

Motivation and Contribution

First, our contribution models the adaptive hybrid KNN_ILA that addresses the mem-
ory challenges for the incoming data streams. In the experiment, an efficient 3WDKNN_ILA
incremental learning in concept drift model is proposed. The model uses memory recon-
struction strategy for class incremental learning where training data is conducted for a
smaller number of classes in the STIL as the new classes with instances are progressively
added until the memory is full without forgetting through rectification, cleaning and trans-
fer of classes. The datasets for the old classes are then released to the LTIL memory for
continuous learning without additional computational inputs and resources. This com-
bination of approaches defines our first novelty towards achieving a hybrid model with
three-way decision and incremental learning adaptation.

Second, we model the adaptive hybrid KNN_ILA that addresses the fitting challenges
for the incoming data streams, employing dynamically updated weighted voting majority
for the classifiers using the three-way decision approach for improving learning through
adjusting errors on both current and past datasets automatically. This approach has the
ability to handle incremental learning in the heterogeneous environment by handling
concept drift variations created by the incoming classes and new content using transfer
of existing classes or additional of new classes from short-term incremental to long-term
incremental classes. In addition, our hybrid incremental learning model reduces error
with incremental learning during operating in productions by improving time-complexity
of K-nearest neighbors classifier using weighted and K values in incremental learning
approach.

Third, our contribution encompasses creating a speed-up process of minimum distance
for the KNN classifiers in the classification model through speed-up classification in the
dynamic environment and in the search procedure for the nearest neighbors’ procedure. We
create a centroid local mean distance classifier using the Euclidean distance for classification
by averaging the attribute values for nearest neighbors to enhance the incremental learning
process. This is achieved when the new incoming classes to be classified are set such that
the distance is set to the nearest local centroid to avoid a high computational cycle of
scanning the entirety of the training data and avoid loss of crucial class information.
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The subsequent sections of this document are organized as follows: Initially, we
examine pertinent introductory literature on incremental learning contexts. Subsequently,
we present a state-of-the-art literature review and then delineate our experimental technique
and methods for modeling the hybrid algorithm. We then conduct detailed analysis of the
model performance and discussions and conclude with a brief experimental conclusion
and limitations.

2. Literature Review
This research investigates various models through investigating diverse literature

relevant to incremental learning models. Since the modeling of the algorithm depends on
incremental models, it is important to discuss the trends, generalizability, learning behavior
and convergence speeds in the context of predictions. Multilayer Perceptron (MLP) and
Radial Basis Function (RBF), which are common paradigms of neural networks, are typical
of learning new information, discarding existing classifiers, and retraining the data using
accumulated data [13]. In biologically inspired incremental learning, various terms such
as lifelong learning, constructive learning and evolutionary learning have been used to
predict the acquiring of new information.

Evolving in a dynamic environment calls for consistent learning and updating of
their capabilities by injecting new data. Depending on one’s theoretical information, in-
cremental learning, lifelong learning and continual learning include the challenge of loss
of old knowledge upon learning new information. Past comparative studies have given
deep analysis on increasing data and model capacity but have fallen short of researching
incremental algorithms. Jain et al. [14] proposed a set of properties in incremental algo-
rithms that describe understanding including complexity, memory accuracy, timeliness,
plasticity and scalability. According to Belouadah et al. [4], they conducted a series of
incremental algorithms by integrating test methods in open resources and repositories and
concluded that none of the existing class incremental algorithms are superior to the others
in all experimental configurations. The difference was noted only when testing incremental
learning without or with memory of past classes. This significantly opens the research
problem in the area of incremental learning and its application in hybrid models.

Another model that is proposed is the growth model. This model, according to Be-
louadah et al. [15], derives its strengths from the increased size of deep models to integrate
new knowledge. Yu [16] modeled the growing brain method anchored on deepening its
network by increasing representation. Roy et al. [17] gravitated towards self-growth. This
model is based on reorganization that features a hierarchy when new data arrives. Simi-
larly, Rosenfeld [9] created Deep Adaptation Network (DAN) as a model growth approach
where new tasks are populated with new parameters. On the other hand, Mallya et al. [18]
introduced Pack Net which employs a pruning technique based on identifying redundant
parameters as well as using them to train new tasks. However, the approach was proven
to add more complexity to news tasks, thus creating redundancy. Interestingly, Memory
Aware Synapses (MAS) which had limited application, such as face recognition, was in-
troduced to identify the most important weights in the model. The model, having been
designed to work on unlabeled data, thrives on looking at the sensitivity of the derived
output function and not the loss of the task. Incremental Learning Vector Quantization
(ILVQ) by Xu et al. [19] demonstrated a prototype-based classifier which does not depend
on prior knowledge of the prototypes or initial value. This uses a threshold-based insertion
scheme using the data distribution method to know the number of prototypes designed
for each class. This approach received a drawback since it continuously increases the
architecture of learned patterns in incremental learning, thus creating complexities.
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On fixed representation, the method does not update the incremental state by deep
representation; however, it can be classified as a basic variant of fine-tuned base methods.
Therefore, Deep Shallow Incremental Learning (DeesiL) by Belouadah et al. [15] was
introduced as a simple transfer learning scheme to incrementally learn new representations
of classes using the battery of SVM and the first batch of classes. FearNet, proposed
by Kemker and Kanan [20], also introduced biologically inspired incremental learning
where separate networks are implemented for short-term and long-term measures to
accommodate new classes. Subsequently, a decision framework was implemented to sieve
the network which should be preferred for each test example. FearNet is promising, but its
challenges arises when memory increases significantly with time, especially when detailed
statistics of learned classes create a crisis for the algorithms.

Similarly, Hayes & Kanan [21] implemented a Deep Streaming Linear Discriminant
Analysis (DeepSLDA) on an online algorithm approach based on training of classes, which
are frozen afterwards. In the process of training, covariance mix and class-specific running
vectors are updated. Another online approach called Replay using Memory INDexing
(REMIND) was introduced based on initial representation that is partially updated upwards
afterwards. Further, it was developed and inspired by hippocampal indexing theory using
vector quantization process to store compressed images, which would then be replayed for
memory consolidation. Even though vector quantization is widely applied in unsupervised
incremental learning [22], Adaptive Resonance Theory (ART) was constructed with variant
vector quantization specifically as a tradeoff between stability and plasticity during online
incremental learning.

As per the fine-tuning methods that employ distillations, Zhao et al. [23,24] attempted
to reduce the loss of old knowledge upon learning new information observed in incremental
learning. Self-distillation is derived from knowledge distillation, a scenario that imitates the
relationship in network architecture of a student–teacher relationship. In the past, learning
without forgetting was proposed to work without requiring memory of past classes [25]. It
minimizes disparities by leveraging knowledge distillation of previous classes and current
incremental learning states. Convergence is achieved when learning without forgetting
performs an introductory setup by only training new ones and freezing past parameters.
Classifier and Representation Learning (iCaRL), introduced by Rebuffi et al. [26], uses a
combination of memory of past classes and Learning without Forgetting (LwF). Instead of
using raw scores that have been predicted through the incremental network, classification
is conducted using the nearest mean of the exemplar method. Furthermore, the external
classifiers can be deployed to favor new classes through reducing prediction bias, occurring
due to data imbalance between new and past classes. iCaRL is therefore reduced to its most
vital components of distillation loss and fixed-size memory. Li et al. [27] surveyed another
distillation-based system that trains new classes and a separate network for past classes
thereafter, integrating them using double distillation loss. Additionally, Hou et al. [28] pre-
sented Learning a Unified Classifier Incrementally via Rebalancing (LUCIR) method based
on (a) less-forget constraints that change usual distillation loss, (b) cosine normalization that
balances new classes and past probabilities, and (c) inter-class separation that separates new
and past classes based on [29]’s experimental findings. In this study, incremental learning
algorithms and their characteristics, featuring model-based growth, fixed representation-
based models, and fine-tuning based models, are referenced and summarized in Table 1
below.
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Table 1. Summarized incremental learning algorithms and their characteristics.

Incremental Learning
Algorithm

Characteristics
of the Model

Model-Based
Growth

Fixed
Representation-Based

Models

Fine-Tuning Based
Models

References
Reviewed

Progressive Neural
Networks (PNN), Deep

Adaptation Network
(DAN), PackNet, Piggyback

Complexity

This model is based
on adding

parameters and
weights to include

new knowledge. The
challenge

experienced is the
optimization of

model growth on
performance

Here, additional
parameters are

included to improve
past classes’

performance. What
happens is that the
model is fixed after

initial non-incremental
steps are conducted

This model is
programmed to work
with fixed structures.
Here, parameters are

affected by
classification layers

specifically to reduce
the imbalance

[9,18,24,30]

Memory Aware Synapses
(MAS), Self-Organizing

Maps (SOMs), Neural Gas
(NG),

PROjection-PREdiction
(PROPRE), Hybrid_KNN

(HoKNN)

Memory

Memory is allocated
to model parameters

using weights
instead of raw data

for past classes

No updates of
incremental learning
are conducted, hence
low dependency of

past classes

Performance is
subscribed and is
dependent on the

past memory

[31–33]

Dynamic Online Growing
Neural Gas (DYNG),
Topology-Preserving

Knowledge Incremental
(TOPIC), Incremental

Learning Vector
Quantization (ILVQ)

Accuracy

Have low
performance

accuracy unlike the
FT-based ones.

Performance growth
comes closer to that
of classical learning

Projects lower accuracy
compared to FT since

the model is not
incrementally updated.
Initial model should be

learned with new
classes

Knowledge
distillation is used

here, which has
improved

performance

[19,21,34,35]

Neural Gas with local
Principal Component
Analysis (NGPCA),

Classifier Weights Scaling
for Class Incremental

Learning (ScaIL),
Standardization of Initial
Weights (SIW), Semantic

Drift Compensation (SDC),
Generative Adversarial

Networks (GAN)

Timelines

In terms of timeliness,
the complexity of

model growth
compares to FT-based

methods

New knowledge is
integrated in a timely

manner, and the
classifier weights layer

needs to be trained

Classes are not
recognizable,

especially new
classes, until they are

retrained

[16,26,36]

Incremental via
Rebalancing (LUCIR),

PODnet, Bias Correction
(Bic), Class Incremental

Learning with Dual
Memory (IL2M),

Incremental synthetic
aperture radar (SAR).

Plasticity

Challenge of
minimizing the

number of
parameters needed to

accommodate new
tasks

Plasticity is limited and
performance drops
significantly in the

event that tasks change

This model enables
updates to new data
as they are streamed

in the model

[6,37]

Learn without Forgetting
(LwF), Incremental

Classifier and
Representation Learning
iCaRL, Learning without

Memorizing (LwM)

Stability

The methods adapt
well to tasks or new

classes as the systems
deployed have

sufficient resources

Dependence on
bounded memory is
limited. This method

can include large
number of classes.

Learned class weights
can be in the initial
state which can be

reused later

Bounded memory
determines the
number of past

classes which can be
stored and, at the
same time, new

classes can still be
recognized

[2,38,39]
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Table 1. Cont.

Incremental Learning
Algorithm

Characteristics
of the Model

Model-Based
Growth

Fixed
Representation-Based

Models

Fine-Tuning Based
Models

References
Reviewed

Adaptive Resonance
Theory (ART), Deep
Shallow Incremental

Learning DeeSIL, FearNet,
Deep Streaming Linear
Discriminant Analysis

(Deep SLDA), Replay using
memory INDexing

(REMIND)

Global
assessment

It is noted that this
approach works

better with new data
and is not dependent

on memory of the
past. They are

scalable to large
datasets; however,

they have complexity
issues

Projects the advantage
of transferring learning
since model complexity
can be updated on time

as it is constant.
Additionally, they have

low dependency and
can scale to a large
number of classes.

They are utilized when
data variability is low
and when updates are

needed

FT becomes adequate
when architecture

complexities of
plasticity and

complexities are
optimized. Here,
timeliness is not

optimal since they
require network

retraining. Scaling is
also difficult as the
memory will be full

to accommodate
fewer past classes.
Are utilized when
storage space for

classes are available,
when immediate use

of updated
parameters is not

very essential

[16,18,23,26,40–42]

Source: Authors’ own analysis and summary of incremental learning and their classification tasks.

3. Material and Methods
Incremental learning utilizes large amounts of input data. The suggested incremental

learning process involves steps such as pre-processing, feature extraction, feature selection,
and incremental learning, which are implemented in modeled hybrid K-nearest neighbor
(KNN) and incremental learning configurations.

Experimental set-up: Using existing and well-known datasets, this experiment models
and test the incremental learning-based KNN with other frequently used classifiers and
well-known state-of-the-art algorithms in streaming data for incremental classes in the
MOA framework implementations. The novel model implements a hybrid machine learn-
ing approach using the KNN algorithm and incremental learning models integrated with
weighted features and the optimum K values. The experiment is modeled with a KNN
contribution that deals with heterogeneous concept drift using real-world datasets. We im-
plement hybrid 3WDKNN-based incremental learning under concept drift in consideration
of limited processing time and memory consumption. In addition, the implementation is
modeled based on the short-term incremental learning (STIL) and long-term incremental
learning (LTIL) framework in heterogeneous and streaming datasets. The parameters for
the STIL represent current concept drift of the dynamic sliding window with m examples of
data streams, MSTL = {(xi, yi)}€ Rn X {{1, . . . .C}|I = 1, . . . . . . .p}, and LTIL is based on
the class-based timing threshold set in the model. The implementation method considers
the new incoming data, along with acquired knowledge, which is transmitted to subsequent
classes for ongoing learning, thereby enhancing the model’s generalization capabilities.
The implementation of LTIL and STIL is employed with weighted classifications of 200W,
500W, and 1000W at the K values of 5, 9 and 13 and the management of overlearning and
underlearning in classes.

Our implementation considers changes in datasets, incremental learning shortfalls
and concept drift in classes. In our experiment and modeling, we consider the combination
of KNN classification and incremental learning for crop prediction which can be applied
without any parameterization. This experiment also considers that there is the challenge
of model adaptation at any time by processing the incoming order of datasets, thereby
violating the hypothesis of sample independence for incoming data. The model employed
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high-dimensional heterogeneous datasets and utilized a combination of complex hybrid
models. To mitigate potential overlearning in LTIL for weighted average classification at
1000W, we developed our model utilizing a general regularization technique that enforces
early learning by halting class overloading immediately upon an increase in generalization
error during optimization steps. This improvement in our model addresses key computing
limitations by preventing memory overloading, reducing iterations that lead to compu-
tational inefficiency and time wastage, and implementing an early stopping mechanism
that does not alter the constraint parameter vector or the loss function affecting prediction
space complexity.

The accuracy is measured by cumulative means of errors over time, correct prediction
values, and loss functions. This accuracy method is preferred as it enables accurate met-
rics. Crop yield datasets from OMDENA (https://datasets.omdena.com/dataset/crop-
yield-prediction, accessed on 10 April 2024) Cropyield_1 and KAGGLE Cropyield_2 were
experimented on with one other object recognition dataset from CORe50 datasets [43],
with different generator instances of K = 5, 9, 13 and weighted at 200W, 500W and 1000W
from the MOA framework. Incremental learning was distributed equally in all datasets
and simulated in abrupt concept drifts, and loss of old knowledge upon learning new
information was implemented by a probability function embedded in the MOA framework.
The means for all the datasets were uniformly executed at intervals of 95% confidence levels.
Experimentation results were then extracted and analyzed using the MOA framework
(https://moa.cms.waikato.ac.nz/downloads/), platform tool version 2024.07, University
of Waikato, New Zeland downloaded on 10 August 2024. Reactive Drift Detection Method
(RDDM) was chosen to generate catastrophic forgetting and abrupt concept drift on the
integrated datasets with three sizes of K values at K = 5, 9, 13 instances. RDDM was chosen
because it improves sensitivity when dealing with long concepts drifts by reducing the
number of instances and accurately prompting detection of drifts. Figure 1 illustrates the
hybrid 3WDKNN_ILA model configuration below.

Figure 1. Authors’ own illustrations and Hybrid 3WD K-nearest neighbor (KNN) and incremental
learning model configuration.
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3.1. Datasets

Data pre-processing: Two main testing crop yield datasets were imported from different
datasets, OMDENA and KAGGLE. Mainly, the datasets considered from the (Massive
Online Analysis) MOA framework were considered since they were already integrated in
the framework, were mainly in data streaming, and had a history of incremental learning
features and characteristics, which influenced the dataset selection. CORe50, specifically
designed for assessing Continual Learning techniques in an Object Recognition context,
was extracted from https://vlomonaco.github.io/core50/index.html#dataset, accessed on
10 April 2024. RDDM generator was used to create streaming sequence of batches for the
two main crop yield datasets, Crop yield_Datasets1 [44] and Crop yield_Datasets2 [45] files
respectively, based on t + 1 or t − 1. The datasets were integrated within the framework
and were used to generate batched and streaming data that are readily used for loss of old
knowledge upon learning new information and incremental learning. While splitting data,
we continued checking on feature distribution because missing data could lead to incorrect
assumptions. Data was processed through cleaning, normalization, transformation, and
sorting of missing values and imbalanced data treatment. Data splitting was performed in
the MOA framework for incremental learning and concept drift, considering the incoming
datasets for modeling the KNN classifier were set as follows:

Let S = {< Xi, Yi > . . . . . . < Xi, Yi >}

Splitting S randomly into training sets and test sets proportionally for the modeling
of the KNN classifier, the best classifiers are selected (considerations for the best classifier
is categorized for the highest classification quality of the incoming datasets in extremely
fast computational methods). Even though KNN does not build the model in training, the
stored datasets are used to make decisions in the predictions; however, this is prone to
memory loading due to storage of entire datasets.

For the training and test sets containing S and S− s (s > S) dataset tuples, the datasets
considered have the following properties as summarized in Table 2 below.

Table 2. Authors’ own summary of number of instances, attributes, and classes for the tested datasets.

Datasets #Instances #Attributes #Classes

CORe50 Datasets [46] 1000 300 10

CROP1_Datasets [44] 300 2 7

CROP2_Datasets [45] 300 4 6

In each of the tested algorithms and datasets, a hyper-parameter selection, computed
accuracy values with 5-fold cross-validation, and 95% confidence intervals for all possible
implementations around the mean were reported.

3.2. Data Processing and Feature Selection

In this experiment, the components of incremental learning techniques are subjected
to sensitive changes. This means that if the training is deemed to be too short, then the
components of the hybrid will not generate good results. On the other hand, if the training is
too long, then it creates too much computational time, which results in poor generalization
and overlearning. In this circumstance, generalizations and underlearning were prevented
by establishing a validation setup that included an over-stopping criterion. Therefore, this
experiment is divided into three sets: a training set, which is used to train the datasets;
a validation set, which examines the quality of classes while the training is being done;
and a check set, which is used to keep an eye on whether or not the datasets are being
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overlearned. Last but not least, a test set is utilized at the conclusion of the training process
in order to validate the results that were obtained.

Evaluation framework:
To ascertain accuracy of the KNN_ILA hybrid model, evaluation of the model’s perfor-

mance on the newly learned classes and the old past classes was performed to understand
the overall effectiveness of the incremental learning approach in heterogeneous datasets
and concept drift. The evaluation metrics used were accuracy, F_1 score, Precision and
Recall to understand the performance accuracy and adaptability. We can note from the
model that it swiftly learns new information in order to reach a certain level of perfor-
mance. In the post-modeling evaluation, the hybrid algorithms were compared to other
benchmarked processes based on the intended properties. The experiment benchmarked
well-established incremental models utilizing KNN; however, they may not be as widely
recognized as the classic ones proposed below. For instance, HoKNN (hybrid online KNN)
was introduced as an efficient online learning method based on the KNN algorithm. This
model has been effectively utilized in autonomous wall-following robot navigation and
was selected for its robust incremental learning capabilities using various heterogeneous
datasets for evaluation. Furthermore, an inverse-distance-weighted K-nearest neighbors
(IKNN) model was used to benchmark with introduced parameters to enhance diagnostic
sensitivity by accounting for feature-space distance variations. The 3WD_KNN is a devel-
oped version by the authors and was used to evaluate the improved and proposed hybrid
3WDKNN_ILA model.

4. Model Adaption: Incremental Learning in KNN
4.1. Assigning KNN Classifier Model

For the KNN classifier, the value consideration for K value neighbors is determined
where the error is minimal. This process is outlined to set the best KNN classifiers for
the nearest distance using the local mean vector and deriving the most votes for majority
rule as a step towards assigning the best classes in the nearest neighborhood. The classes
belonging to Xi ∈ Y for the object Xi ∈ Z are considered for the K-nearest neighbor for the
object Xi ∈ Z.

The following implementation steps for determining the classes of K-nearest neighbors
for the object class is employed.

Step 1: Determine the distance for classes based d(Xi, X) from the objects S to Si, .
The classes are conducted on ascending order of their values.

Step 2: Conduct selection of K objections for Xi, (K-nearest neighbors) that are closely
related to object from X.

Step 3: Find the classes belonging to K-nearest neighbors for the objects X. Classes
of nearest neigbours that are common are assigned to class object X. Apply the modified
Euclidean distance metrics as follows:

Data class is tested using the closest distance and the local mean vector for the distances
between the two classes, using the following equation:

dxt =
√

∑n
j=1 (x sj − ytj)2 (1)

In implementing the KNN algorithms, we employed weighted voting to enhance
accuracy through improving object X to each nearest neighbor for object classes.
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For each KNN, Xi = i =
(
1, K

)
of objects in X voters to assign the class of YXi,X ; the

resultant implementation of KNN algorithm is assigned to the class that derives the most
votes from majority rule as depicted:

∝= arg
max

y ∈ Y∑k
t=1

∣∣∣yXi,X − y
∣∣∣ (2)

Using the weighted voting rule, we note the object X distance of the nearest neighbor
Xi =

(
i = 1, K

)
. Hence, the smaller the distance, the more the votes of Xi = i =

(
1, K

)
are

considered the major contributors to the object classes. Therefore, the total contribution of
object X for the classes of Y ∈ Y in weighted voting is considered as

∝= ∑k
t=1

1
d2(Xi, x)

.ri (3)

where ri = 0 if XZi,Z ̸= Y and ri = 1 if YZi,Z ̸= Y. This assessment aids in assigning the best
classes in the nearest neighborhood and assigning classes.

4.2. Incremental Learning for Concept Drifting Data in KNN

The algorithm is designed to learn incrementally, ensuring that any previous data
from earlier datasets is accounted for in the storage of classifiers generated from those
datasets. Thus, the drift allows the algorithm to temporarily retain or discard knowledge
through tuning for categorization and activation to identify new data.

Consider the algorithm in arriving training datasets where

Dt = Xt(i)εXJyt(i)εγ, i = 1, . . . .., mt (4)

where t is depicted as the time index.
Therefore, Xt(i) is considered the

(
ith

)
instance for the incoming datasets, while

Pt(x, y) is drawn from the unknown distribution with consideration of time (t).
Incremental learning at a time (t + 1) is obtained in the datasets drawn from Pt+1(x, y).

Each time stamp may represent change or no change; therefore, the rate of this change is
not assumed to be constant due to possible changes, and that is also not known.

Concept drift in classes occurs when the distribution of classes changes or occurs at the
two times steps t0, and t1, . Here, we consider concept drift in classes if there is a change in
dataset class and time, denoted as the class distribution Ct, (x, y) for changes in initial time
t0 and latest t0 :

∃ × Ct0, (x, y) ̸= Pt1 (x, y)

Considering the drift

Ct, (x, y) = Ct, (x) Ct,

( y
x

)
; (5)

where Ct,(x) is the distribution of class features and Ct,(x/y) considers the probability of
the classes.

We can consider the real drift or virtual drift, which are conceptually regarded as
active concept drift or change t as detected, and the learning is discarded at this point. In
a passive approach, there is a continuous adaptation of the model where it is not clearly
known whether there is a drift occurring. In the architecture illustrations, we consider
long-term incremental and short-term incremental learning methods. The assumption for
LTIL and STIL is based on the ability of classes to learn as much as possible in the short
term, with the determination of nearest neigbourhood and time, and transfer the rest of the
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learning to the other classes further away based on time. We illustrate the general approach
to classification of concept drift for classes.

To maximize the prediction accuracy, we model the current concept Pt, (x, y) including
the earlier ones. Pt−1 (x, y). . .. . ..P1, (x, y) is considered short-term incremental learning
containing the current data concept and long-term incremental learning maintaining knowl-
edge of past concepts, respectively. We exploit minimization of error on the current and
recent data as much as possible to avoid any parameterization.

Batched Datasets
In our classification-based batched datasets, we employ an infinite sequence of data

batches. We assume they arrive at different time stamps.
The sequence of arrival S = (Si, S2 . . . . . . . . . St) of the tuples Si = (xi, yi) are batched

after another.
If we take t as the current time stamp of arriving data, we then need to predict label yt

for every input denoted as xt, which is unknown.
We determine the loss L

(
D̂, yi

)
from the prediction (ŷı, yi) based on the earlier model

ht−1 denoted as,
ht−1 = train (ht−1, St)

Calculating the error sequence based on the current time is noted by

E (S) =
1
t ∑t

i=1 1(ht−1(xi) ̸=yi) (6)

In batched process datasets, streaming data inherit compounding challenges of model
adaptation with incoming data requiring processing, thus violating the assumption of
sample dataset independence.

In the prediction of the target variable, y € {1, . . . . . . C} is a set of features of X € Rn.
The model is based on the training set

Dtrain = {(xi, yi) {(Xi, yi) |iε { 1, . . . . . . , j}}) (7)

The notation adopted as alternate is the following:

y (xi) = yi

Subsequently, the model is based on the subsequent test set which we use on the
notation as

Dtest = {(xi, yi) {(Xi, yi) |iε { 1, . . . . . . , j}}) . . . . . . with the labels remaining hidden.
Hence, the prediction label is set ŷi = h (xi) at each point xi € Dtest.
We calculate loss:

L (ŷı, yi) = 1 (ŷı ̸= yi ) (8)

In this experiment, the pseudocode in Algorithm 1 is summarized in the section below.
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Algorithm 1: Determining the distance and training the model

Input: Determine the distance for classes based d(Xi,X) from the objects S to Si,.
from collections IMPORT Counter
DEFINE FUNCTION euclidean distance d(Xi,X) (point1, point2):

RETURN np.sqrt(np.sum((np.array(point1) − np.array(point2))**2))
DEFINE FUNCTION knn_predict(training_data, training_labels, test_point, k):

SET distances TO [dxt]
FOR i IN range(len(training_data)):

SET dist TO euclidean_distance(Dtrain_point, tDtrain_data[i])
distances.append((dist, training_labels[i]))

distances.sort(key=lambda x: x[0])
SET k_nearest_labels TO [label FOR _, label IN distances[:k]]
RETURN Counter(k_nearest_labels).most_common(1)[0][0]

DEFINE FUNCTION main():
SET training_data TO [[1, 2], [2, 3], [3, 4], [6, 7], [7, 8]]
SET training_labels TO [‘Si,’, ‘S2’. . .. ‘St’]
SET test_point TO [xi,yi]
SET k TO [3, 5, 9, 13]
knn_predict(training_data, training_labels, test_point, k)

IF __name__ EQUALS ‘__main__’:
main()

4.3. Incremental Learning Adaption Accuracy with Weights

We represent the learning sets as MST , MLT , MC.

Each increment learning is subset-based.
The length of RnX {1 . . . . . . , C} is to be adjusted in the adaptation process. Short-term

learning (STL) represents the current concept drift with a dynamic sliding window with m
examples of data streams {1 . . . . . . , C}.

MSTL = {(xi, yi)}€ Rn X {{1, . . . .C}|I = 1, . . . . . . .p}.

We combined incremental learning with memories using the following equation:

MCIL = MSTL ∪ MLTL . . .

We imply that every set induces a classifier where the distance weighted is denoted by

Rn → {1, . . . .C}, KNNMSTL, KNNLTL,KNNMCL,

When the KNN function assigns a label for point x based on a given point x for a set
of Z. This notation is given as

Z = {(xi, yi)}€ Rn X {{1, . . . .C}|I = 1, . . . . . . .n}

Therefore,

KNNz (x) = argmax

 ∑
xt∈NK (X,Z)yi=c

1
d(xi,x)

{, |C = 1, . . . . . . .C};

d(x1x2) is given as the Euclidean distance for two points.
Then, NK (X, Z) sets KNN of X in Z.
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Considering weights WSTL, WLTL, WC, representing current concept drift. We define
the complete incremental model for a given point (X) as

X →


KNNMSTL(x) i f WSTL ≥ max (WLT,WIC)

KNNMLTL(x) i f WLTL ≥ max (WSTL,WIC)

KNNMIC (x) i f WIC ≥ max (WSTL,WLTL)

 (9)

We adopt this model incrementally every time. Whenever STIL is reduced in learning,
its discarded knowledge is transferred to LTIL for consideration in prediction.

We set the incremental learnings by representing sets ILST, ILLT, MC, as subsets of
Rn × {1 . . . . . . C} of varying length for the adjusted adaptation process.

4.4. Incremental Learning in the Classification_Catastrophic Forgetting

When data samples arrive, the short-term learning process is triggered until Smax is
exhausted. When this happens, the previous and oldest samples are discarded progressively
for each incoming dataset. By holding onto the most recent concept for the STL after
reduction and at every iteration, we denote

ML = {(X t − 1 + 1, Yt−1+1), . . . .(xt, yt )}

where we consider
l ∈

{
m,

m
2

,
m
4

. . . . . . .
)

and l > Smin

MSTLt+1 =
argmin

s ∈
{

Mm,Mm/2.......

} (10)

When STIL has few concepts to learn from, we consider the dataset sample θt to be
discarded.

θt = MSTLt ,MSTLt+1

This happens as the new datasets with different data features and instances are let in.
A set of A classes is cleaned by another set of B (xi, yi ∈ B)

Clean : (A, B, (xi, yi ∈ B)) → Â

where A, B, Â ∁ RnX R and (xi, yi) ∈ B
We define Â in the following steps:

(i) Firstly, the K-nearest neighbor is determined through xi by finding the maximum distance.

∆∗
x = maxδ{d(xi, x)|x ∈ NK(xi, B)|(xi, yi))}

(ii) Secondly, we compute the maximum weighted difference for yi and y ∈ NK(xiB(xi, y)).

∆∗ = max
(

yi,−y
xi, x/e∆∗

x

∣∣∣∣y ∈ NK(xi, B\(xi, y))
)

(iii) Thirdly, all class samples in A are determined within the ∆*
x of xi.

∁ = ((x, y) ∈ A|d(xi, x) < ∆∗
x)
)

(iv) Fourthly, weighted difference is computed for yi and y ∈ ∁.

∆y =

{(
yi,−y

xi, x/e∆∗
x

∣∣∣∣y ∈ ∁
)}
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Therefore, cleaning operations for the full set of B is set as follows:
Clean: ( A, B) Â|B|)
This is iteratively applied to former cleaning for all datasets (x, y) ∈ B.

Â0 = A

Ât+1 = Clean
(

Â, B (xt+1, yt+1)
)

When all the processes of cleaning have occurred in the nearest neighbor, the old
datasets are discarded at θt which is then denoted as

Clean (θt, MSTLt+1 )
For the clean datasets,

Clean = Clean (MLT, MSTLt+1
) (11)

This outcome occurs when additional datasets are incorporated into LTL until it
attains maximum capacity, resulting in the elimination of all samples. To prevent the
intentional loss of valuable information for both LTIL and STIL samples classes, samples
are seldom discarded immediately. Instead, the nearest samples from the respective classes
are aggregated, and their mean values are sequentially established until (MLT, |< Lmax) is
attained. A summarisation of how the pseudocodes operates for the experimentataion is
depicted in Algorithm 2 and Algorithm 3 below.

Algorithm 2: Pseudocode for incremental learning with concept drift detection

Inputs: Data Stream S, Learner L, DriftDetector D, Window Size W
Output: Updated Model L
Initialize model L with initial data batch S_0
Initialize drift detector D
Initialize window M = [MST , MLT , MC.] (stores data for retraining)
For each new batch of S = (Si, S2 . . . . . . . . . St) of the tuples Si = (xi, yi)

// Step 1: Evaluate performance
Prediction P = L.predict(B_i)
Error E = CalculateError(P, B_i.true_labels)

// Step 2: Detect Drift
Drift_Detected = D.update(E)

If Drift_Detected:
// Concept Drift Detected (Abrupt or Gradual)
L = RetrainModel(M) // Retrain on recent representative data

Reset(D)
Clear(MCIL)

Else:
// No Drift, Incremental Update
L = L.partial_fit(B_i) // incremental update with new data
UpdateMemory(MST , MLT , MC. // Add new data to sliding window
Return Combined incremental learning with memories MCIL = MSTL ∪ MSTL

// INITIALIZATION
Initialize Model f_0 with parameters θ_0
Initialize Memory Buffer M = {} // Stores representative samples from past
Set max_tasks, memory_size_per_class
// LONG-TERM INCREMENTAL LEARNING LOOP
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Algorithm 2: Cont.

For task_id = 1 to MLTt+1 max_tasks:
Receive new data stream D_new = {(x_i, y_i)}

// 1. Memory Management (Optional: Keep representative old data)
Update Buffer M using D_new and M (using memory allocation, herding or

reservoir sampling)
// 2. Combine New and Old Knowledge
// To prevent forgetting, mix new data with a replay of past experiences

D_train = D_new ∪ M
// 3. Incremental Training (Stability-Plasticity Balance)

// Regularization based ensures old weights/outputs don’t change drastically
For epoch = 1 to max_epochs:

Batch = Sample(D_train)
// Compute loss on new data

Loss_new = CrossEntropy(f(Batch_new), Labels_new)
// Compute regularization loss to prevent forgetting (Knowledge

Distillation)
Loss_old = KnowledgeDistillation(f(Batch_old), f_previous(Batch_old))
Total_Loss = Loss_new + λ Loss_old
Update parameters θ using Backpropagation
// 4. Update Previous Model

f_previous = f_current (Copy model for distillation in next task)
// FINAL MODELReturn KNNMSTL, KNNLTL, KNNMCL,

4.5. Incremental Learning Accuracy, Rectification and Transfer of Classes

Consider that LTIL has all original data containing concepts associated with STIL.
We need to conduct rectification and cleaning of LTIL classified datasets. Since STL is
already reduced in size, we do not discard the data as some important data may still be
used for future predictions. This is what we assume to be the recurring drift for our future
prediction. In this modeling, we do not relearn former concepts to reduce duplicating
errors but enable the transfer of as much knowledge as much as possible for LTL. We model
over operation as follows:

We rectify set of A by another set of
Step 1: (xi, yi ) ∈ B
Rectify; (A, B, (xi, yi )) → Â
Since A, B, Â∁ Rn × {1, . . . . . . ..C} and (xi, yi ) ∈ B.
We define Â in two ways.

(a) We find the KNN of xi, in B
(xi, yi )

, then select yi based on the labels and define

θ = max{d (xi, x)|x ∈ Nk (xi, B)|(xi, yi )}

(b) KNN of xi, ∈ A are cleaned as the operation progresses.

Â = A
∣∣xj, y

(
xj,

)
)
∣∣xj, ∈ Nk (xi, A), d

(
xj, , xi,

)
≤ 0, y

(
xj
)
̸= yi }

Step 2: We do rectification operation for set B.
Rectification: ( A, B → Â(B) )
Since A, B → Â(B) Rn × {1, . . . . . . C}
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We then model this by cleaning the operations for the full set B.

(xi, yi ) ∈ B = {xi, yi }. . . . . . .
(

x|B|, y|B|
}

Â = A

Ât+1, = Recti f y
(

Ât, B (xi, yi )
)

Adaptation for LTL is consistently updated in two forms at every incoming dataset
sample (xi, yi )

MLTLt = Recti f ied (MLTLt , MLTLt , (xt, yt )

For STL, and if θt is discarded, this is accommodated to LTIL after rectification. There-
fore, long-term incremental learning (LTIL) is denoted as

MLTt+1 =

{
MLTt ∪ clean

(
Ot, MSTt+1

)
MLTt

}
(12)

Step 3: Overall incremental learning adaptation. The incremental learning accuracy
was noted over the last Mt samples, where Mt = |MSTt | is the learning of the current STL.

Hence, the increment learning at the time stamp t for LTL is as follows:

Wt
LT =

1
{

i ∈ {t − mt + 1, . . . . . . t}
∣∣∣KNNMlti

(xi) = y
∣∣∣

mt
(13)

4.6. Resolving Time Complexity and Learning Error

This experiment does not emphasize the overall hybrid model and excludes complex
analysis associated with KNN time complexity in incremental learning. We stopped
incremental learning when the error exceeded a certain threshold, which is the relative
minimum error observed. We observed the KNN within an example of linear 0 (m) by
evaluating each time up to log Lmax

Lmin
for different learnings of STIL, where Lmax and Lmin

are considered the maximum learning and minimum learning lengths of STIL. Overall,
the worst scenario concerns complexity for the complete error for one STIL, denoted by
the following:

θ∼ L2
max log Lmax

Lmin
for the k examples.

To reduce case complexity, the error calculation can be computed incrementally if STIL
St−1 recalls the data stream.

MST = {(xi, yi )εR n × {1, . . . . . . C} |i = t − m + 1, . . . . . . t|}

If St = [St−1, (xi, yi )], then we compute the corresponding error as

E (S t) =
(t − 1) E(St−1) + 1(ht−1(xt) ̸= yt)

t
(14)
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Algorithm 3: Weighted 3WDKNN_ ILA modeling algorithm

def incremental_learning(MST , MLT , MC.):
if MST :

# Initialize combined memories
MIC. = MST .copy()
# Weight calculations
WSTL, WLTL, WC, = 200, 500, 1000 # Initialize weights
# Output based on weights
if WSTL, ≥ max(WLTL, WC, ):

return KNN(MST , x)
elif WLTL, ≥ max(WSTL, , WC, ):

return KNN(MLT , x)
elif WC, ≥ max(WSTL, , WLTL, ):

return KNN(MC., x)
# Update Drift Detector
ADWIN.update(error)
If ADWIN.detects_drift():

For i in range(K): # K = 3,5,9,13
new_learner = initialize_new_learner()

Train new_learner on data in W
E.add(new_learner)

# Clean datasets and rectification
pass # Implement cleaning logic

# Rectify classes
if rectify_classes(A, B):

# Output incremental learning results
return ILST, ILLT, MC.

4.7. Memory Reconstruction in Incremental Classes and Concept Drift

We model the hybrid mix by using a self-adjusting memory buffer for the representa-
tive classes in STIL with cleaning and rectification. The model progressively replays the
stored classes and utilizes the knowledge fully before transferring the classes to long-term
learning. When the drift is detected, the modeled memory reconstruction strategy for
improving incremental learning classes is carried out by representing the sequence of in-
coming classes C1, C2 . . . . . . . . . Ct, Ct+1. The memory for classes CM

1 for class C1 containing
random classes is established. Hence, the memory for class CM

1 combines the incoming
classes for the sequence task from C2 containing the random samples CM

1 . Therefore, many
sequences for the incoming classes are denoted as CM

1 , CM
2 , . . . . . . . . . .CM

t , CM
t+1. This mod-

eling considers that memory size for each class is equal to M and is restricted to avoid
hardware overrun. By deploying new classes of incremental data for learning and the
new instances that arrive with incoming data, the model denotes (C1) with a set of Ci

classes {C1 x = xi, (i = 0 . . . . . . C1 } and the unique label of y (y = 0 = 0 . . . . . . s − 1). The
C1 dataset is thus represented in the equation below.

C1 =
∪

y = 0(0 . . . , s − 1)
{x, y}; x = (xi}, i = (0, . . . .Ci} (15)
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Fine-tuning Ci datasets is performed with reconstructed memory size set at M. Hence,
given the (t + 1)th with zt+1 classes with previous memory, CM

1 with St classes in the CM
t

buffer memory is realized in the equation below:

CM
t =

∪
y = (0 . . . , St − 1)

{x, y}; x = (xi}, i = (0, . . . .Kt} (16)

Equally, the realization of (t + 1)th incremental dataset classes is denoted in the equa-
tion below.

Ct+1 =
∪

y = (St . . . , St+1)
{x, y}; x = (xi}, i = (0, . . . .Ct+1} (17)

Therefore, incremental classes of the memory reconstruction are achieved for the
first classes Ci, with the initiation memory CM

1 being split into CM (1)
t and CM (2)

t . The

incoming class CM
2 is broken into CM (1)

t and CM (2)
t incremental (t + 1)th classes for

Ct+1 = {C (1)
t+1 ∪ C(2)

t+1

}
with Zt+1 and the previous memory allocation

CM
t = CM(1)

1 ∪ DM(1)
t with St. This combination of memory for classes in continuous

learning is illustrated as follows:

Ct+1 =


C(1)

t+1 =
∪

y = (St − Kt+1 . . . .St−1){x, y} ∈ Ct+1; x = (xi}, i = (0, . . . .Ct+1}

C(2)
t+1 =

∪
y = (St . . . .(N − 1) {x, y} ∈ Ct+1; x = (xi}, i = (0, . . . .Ct+1}

 (18)


CM(1)

t =
∪

y = (0 . . . .St − Kt+1 − 1)
{x, y} ∈ CM

t ; x = (xi}, i = (0, . . . .Ct}.

CM(2)
t =

∪
y = (St − Kt+1....(S t − 1)) {x, y} ∈ CM

t ; x = (xi}, i = (0, . . . .Kt)} ≤ STIL.

 (19)

The model uses a memory reconstruction strategy for class incremental learning where
training data is conducted for a smaller number of classes in the STIL, as the new classes
with instances are progressively added until the memory is full without forgetting, as
iterated in Equations (15)–(19). The datasets for the old classes are then released to the LTIL
memory for continuous learning without additional computational inputs and resources.

5. Results and Discussions
This section analyzes and discusses experimental outcomes from model implemen-

tation in cropyield_1, cropyield_2, and CORe50 datasets using K values of K = 5, 9 and
13 with weighted classification of 200W, 500W and 1000W. This experiment evaluates the
developed hybrid together with the state-of-the-art algorithms which include 3WD-KNN,
HoKNN [25,32] and 1IKNN.

5.1. Classification Incremental Accuracy Performance with K Values [5K, 9K, 13K] for Long-Term
and Short-Term Incremental Learning

The experimental analysis made a comparison in the accuracy levels of the incremental
learning process in long-term incremental learning (LTIL) and short-term incremental
learning (STIL) (summarized in Table 3) in both the K values and the weighted classification
approach in the datasets. The hybrid model 3WDKNN_IL significantly outperforms
the other tested and benchmarked algorithms in the STIL analysis. The hybrid model
3WDKNN_IL achieved a performance of 98.77 percent with a K value of 13K for the
cropyield_1 datasets, while a K value of 9K achieved a performance of 97.61 percent. The
algorithm models also perform accurately with cropyield_2 at 97.25 percent with 9K, while
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the 5K value for the model performs closely at 97.02 percent. Overall, it is observed that
3WD_KNN closely performs at 94.01 percent in the 9K value instance, consistently followed
by HoKNN and 1IKNN, respectively. In STIL, the average accuracy performance of the
hybrid model 3WDKNN_IL improves with higher levels of K values, as shown in the trends
outlined in Table 3 and Figure 2. In LTIL, the experimental analysis proves otherwise; the
hybrid model 3WDKNN_IL has lower average accuracy than the performance recorded
in STIL. The hybrid model 3WDKNN_IL achieves higher performance with CORe50
datasets at 94.87 with 9K values, followed by 94.03 at 5K. The hybrid model 3WDKNN_IL
achieves the best performance at LTIL in 5K at 92.77 percent, as summarized in Table 4 and
illustrated in Figure 3. The average performance accuracy does not reveal an increment
or decrement with the increase or decrease in K values. This outline demonstrates that
the presence of K values in the tested models does not affect LTIL performance. However,
for LTIL, a repeatedly condensing set of the classes and prototype abstraction complicates
the processing steps, creating a costly and slow classifier in the dynamic situation in a
continuous environment and making the whole process ineffecient.

Table 3. Summary of short-term incremental learning accuracy for models K values K = 5, 9, 13.
In cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WDKNN_IL, 3WD_KNN,
HoKNN and 1IKNN.

IL& K VALUE
SIZE

STIL SHORT-TERM INCREMENTAL LEARNING (STIL)

DATASETS 3WD_KNN 3WDKNN_IL HoKNN I1KNN

IL 5K

CROPYIELD_1 94.05 97.02 93.67 86.33

CROPYIELD_2 93.99 96.24 93.04 87.99

CORe50 89.87 89.98 92.04 86.78

IL 9K

CROPYIELD_1 94.01 97.61 93.11 87.03

CROPYIELD_2 93.94 97.25 93.01 85.71

CORe50 88.93 87.03 91.77 86.98

IL 13K

CROPYIELD_1 90.01 98.77 92.09 88.01

CROPYIELD_2 89.12 94.21 92.03 85.99

CORe50 81.34 83.45 91.01 87.01

Table 4. Summary of accuracy performance for STIL implementation in cropyield_1, cropyield_2,
and CORe50 datasets using K values of K = 5, 9 and 13 for hybrid model 3WDKNN_IL, 3WD_KNN,
HoKNN and 1IKNN.

IL& K VALUE
SIZE

LTIL LONG-TERM INCREMENTAL LEARNING (LTIL)

DATASETS 3WD_KNN 3WDKNN_IL HoKNN I1KNN

IL 5K

CROPYIELD_1 83.31 87.02 92.77 87.78

CROPYIELD_2 84.97 86.24 91.05 86.04

CORe50 89.43 89.02 94.03 87.87

IL 9K

CROPYIELD_1 84.43 87.61 84.79 85.75

CROPYIELD_2 82.11 84.25 89.09 87.31

CORe50 83.45 87.03 94.87 88.67

IL 13K

CROPYIELD_1 86.12 87.77 85.09 85.15

CROPYIELD_2 83.12 84.28 84.88 85.19

CORe50 92.11 83.45 88.03 86.07
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Figure 2. Accuracy performance for STIL implementation in cropyield_1, cropyield_2, and
CORe50 datasets using K values of K = 5, 9 and 13 for hybrid model 3WDKNN_IL, 3WD_KNN,
HoKNN and 1IKNN.

 

Figure 3. Accuracy performance for LTIL implementation in cropyield_1, cropyield_2, and CORe50
datasets using K values of K = 5, 9 and 13 for hybrid model 3WDKNN_IL, 3WD_KNN, HoKNN
and 1IKNN.

In experimental analysis, during STIL, the accuracy of incremental learning appears
to be higher because the model can manage potential overlearning of classes, particularly
when it accurately predicts all incremental learning within those classes but fails to learn
incrementally for the test class targets. In the heterogeneous process during STIL, the
incoming new data with knowledge gained are passed to the next subsequent classes
for continuous learning, improving the model’s ability to generalize. In the case of LTIL,
analysis shows that most incoming new heterogeneous datasets cannot transition their class
attributes and learn incrementally, which prevents them from generalizing and negatively
impacts accuracy of the subsequent classes.
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A further illustration with modeled incremental learning adaptation with K values
set at [K = 5, 9, 15] in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model
3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN threshold is depicted in Figure 4. This
model demonstrates the incremental learning adaptation of classes in real-time modeling
with indications projecting how learned content is transferred from one class to the other.
The distances between the boundary project the timelines that each individual class would
take to learn incrementally, with further classes taking longer timelines that those classes
near the boundary lines as determined by the local mean Euclidean distance. In addition,
the experiment avoids locating the K-nearest neighbor in the conventional classifier which
suffers from computational pre-training and complicated pre-processing of each class
and data reduction. The local mean classification, which is independent of repeated
processing training from high-dimensional and heterogeneous datasets where concept
drift and loss of information occurs over changing dataset properties, is established by
deriving the most votes for majority rule as a step towards assigning the best classes
in the nearest neighborhood. Therefore, a hybrid 3WDKNN_IL model free incremental
learning and classification algorithm that extends computational cost savings through extra
classifications to achieve a high level of accuracy is proposed.

 
Figure 4. Incremental learning adaptation for different incoming classes with K values set at
[K = 5, 9, and 13] in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WD-
KNN_IL, 3WD_KNN, HoKNN and 1IKNN threshold.

5.2. Measure of Incremental Learning Efficiency (Epochs, Timelines)

The experiment was conducted to ascertain the incremental learning efficiency using
ideal timelines due from the incoming datasets, or the transfer from the old datasets to
the news datasets. This timeline measurements were captured from the ideal scenarios
of K value instances of 5K, 9K and 13K environments. The illustrations in Figure 5 and
summarization in Table 5 describe the comparison of the incremental learning pattern
as per the timelines extracted for the K values for the hybrid 3WD_KNN, hybrid 3WD-
KNN_IL, and I1KNN models. The hybrid 3WDKNN_IL model shows improved efficiency
in timelines and epochs, way better than the other tested algorithms for all the datasets run.
The experimental analysis shows that hybrid 3WDKNN_IL performs efficiently at the K
value of 13K at 0.4667 s, closely followed by the K value at 9K with 0.4863 s and K value
5K at 0.5842 s, respectively. Close-range timelines were also realized in the performance
of the hybrid 3WD_KNN with 5K value at 0.5421 s, 9K at 0.5578 s and 13K at 0.5795 s,
respectively. The datasets for Cropyield-1 and Cropyield_2 have almost similar properties
and class features, making them close to having almost similar timelines across the tested
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models. The CORe50 model had the slowest timelines in the experiment, attributable to
repeated iterations and memory usage throughout the algorithms for hybrid 3WD_KNN,
hybrid 3WDKNN_IL, and I1KNN. The lowest timeline achieved for CoRE_50 datasets was
at 13K value at 1.9094 s for hybrid 3WDKNN_IL while the highest timeline for CoRE_50
was achieved at 6.2981 s for hybrid 3WD_KNN.

 

Figure 5. Incremental learning efficiency time (epochs) using K values [K = 5, 9, 13] in using hybrid
model 3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN.

Table 5. Incremental Learning Efficiency (Epochs, Timelines) for models K values K = 5, 9, 13 in
cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WDKNN_IL, 3WD_KNN,
HoKNN and 1IKNN.

IL& K VALUE SIZE
Epoch (s) Timelines

3WD_KNN 3WDKNN_IL HoKNN I1KNNDatasets

IL 5K
CROPYIELD_1 ±0.5421 ±0.5842 ±0.7022 ±0.5421
CROPYIELD_2 ±0.6701 ±0.8669 ±0.9874 ±0.6701
CORe50 ±3.9541 ±2.1706 ±3.0047 ±3.1107

IL 9K
CROPYIELD_1 ±1.0351 ±0.4863 ±0.8892 ±0.5673
CROPYIELD_2 ±0.5578 ±0.5904 ±0.6987 ±0.5904
CORe50 ±6.2981 ±2.1084 ±3.4087 ±2.2008

IL 13K
CROPYIELD_1 ±1.3135 ±0.4667 ±0.5389 ±0.5842
CROPYIELD_2 ±0.5795 ±0.5789 ±0.5673 ±0.7863
CORe50 ±4.7804 ±1.9094 ±2.3094 ±2.6777

This experiment is able to achieve time-bound accuracy due to the classification dis-
tance of the test data points for the training data. The hybrid 3WD_KNN reduces the
time required for processing by decreasing the number of training samples. Addition-
ally, the hybrid 3WD_KNN method shifts to a direct instance selection approach using
Euclidean distance for heterogeneous datasets, which enhances computational complexity
and reduces training time for incoming datasets. To avoid computational iterations and
repetitions, the hybrid 3WD_KNN model prevents misclassifications in the iterations. In
essence, incremental learning occurs when noise is eliminated, reducing the error rate by
removing outliers in the reduced datasets. The nearest neighbors of K are identified within
the weighted Euclidean distance, saving significant computational and time complexity.
This makes the model faster with optimal characteristics, thereby improving accuracy in
incremental learning within limited timelines. At the same time, the hybrid 3WD_KNN
model solves time complexities during the predictions and searches for the nearest neigh-
bors and weighted classes, as shown in Figure 5, considering both training complexity
0 (1), predictive time complexity 0 (k*n*d), training space complexity, and prediction space
complexity 0 (1).
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5.3. Weighted Classification Rolling Average Timelines and Model Efficiency During STIL
and LTIL

Further experiments were conducted to determine the most efficient timelines and
analyze how long the weighted classification error could take to ascertain optimal efficiency
timelines related to incremental learning classification weighted training average error for
the hybrid model from STIL to LTIL. We utilized Tables 6 and 7 to summarize classification
rolling average accuracy and efficiency for the hybrid 3WDKNN_IL fused with equal K
value and 200W and 500W weights. Tables 6 and 7 and Figures 6 and 7 summarize and
illustrate the weighted 200W and 500W classification rolling average training error using K
values [K = 5, 9, 15] in cropyield_1, cropyield_2, and CORe50 datasets for hybrid model
3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN. In the experimentation of weighted
200W with K values of 5, 9, and 13, the algorithm’s best performance was realized by
hybrid 3WDKNN_IL at weighted 200K with 13K and 9K values at 0.01 s, respectively. The
weighted 200W at 5K with 0.04 s achieved the highest weighted classification accuracy for
the training error (see Table 6). In comparison, experimental analysis indicates that hybrid
3WD_KNN equally demonstrates remarkable results and performs better with a weighted
200W at 9K with 0.02 s, answering research question 3. Even though hybrid 3WDKNN_IL
shows remarkable results in both the datasets tested, the variance with hybrid 3WD_KNN
in tested Crop_1 and Crop_2 datasets is almost similar since the algorithms operate on the
same parameters with datasets that have close resemblance in class properties and features.
This finding confirms that hybrid 3WD_KNN is superior in performance compared with
other state-of-the-art models as illustrated in Figure 5. Equally, CORe50, which was also
used a benchmark dataset for the algorithms, proved less reliable since the weighted
training average error was equally huge, showing that the algorithms are not able to resolve
weighted time average accuracy between the STIL and LTIL, creating memory and time
complexity issues for the models. Experimentation on CoRE_50 with weighted 200W at K
values of 9 and 13 showed the most average classification training error at 0.39, creating
high computation complexity through iterations for incremental learning between STIL
and LTIL as shown in Table 6 and Figure 6 below. In this experiment, increased average
test error was realized with higher K values, as shown in Table 6, due to reduced variance
that led to higher bias, causing the model to predict less accurately, hence the inability to
capture the complexity of the class datasets.

Table 6. Summary of weighted 200W classification rolling average training time using K values
[K = 5, 9, 15] in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WDKNN_IL,
3WD_KNN, HoKNN and 1IKNN.

IL& K VALUE SIZE
Classification Rolling

Average Training 3WD_KNN 3WDKNN_IL HoKNN I1KNN
Datasets

IL 5K-200W

CROPYIELD_1 0.03 0.04 0.11 0.14

CROPYIELD_2 0.03 0.05 0.11 0.12

CORe50 0.34 0.36 0.24 0.16

IL 9K-200W

CROPYIELD_1 0.03 0.02 0.15 0.21

CROPYIELD_2 0.03 0.02 0.14 0.13

CORe50 0.35 0.39 0.28 0.21

IL 13K-200W

CROPYIELD_1 0.03 0.02 0.15 0.21

CROPYIELD_2 0.03 0.02 0.14 0.13

CORe50 0.35 0.39 0.28 0.21
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Table 7. Summary of weighted 500W classification rolling average training time using K values
[K = 5, 9, 15] in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WDKNN_IL,
3WD_KNN, HoKNN and 1IKNN.

IL& K VALUE SIZE
Classification Rolling

Average Training Error 3WD_KNN 3WDKNN_IL HoKNN I1KNN
Datasets

IL 5K-500W

CROPYIELD_1 0.02 0.02 0.1 0.18

CROPYIELD_2 0.02 0.01 0.1 0.16

CORe50 0.54 0.57 0.58 0.76

IL 9K-500W

CROPYIELD_1 0.02 0.01 0.15 0.21

CROPYIELD_2 0.02 0.01 0.14 0.13

CORe50 - - - --

IL 13K-500W

CROPYIELD_1 0.03 0.01 0.17 0.24

CROPYIELD_2 0.03 0.01 0.15 0.14

CORe50 - - - -

 

Figure 6. Illustration of Weighted 200W classification rolling average training time using K values
[K = 5, 9, 15] in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WDKNN_IL,
3WD_KNN, HoKNN and 1IKNN.

 

Figure 7. Illustration of Weighted 500W classification rolling average training error using K val-
ues [K = 5, 9, and 15] in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WD-
KNN_IL, 3WD_KNN, HoKNN and 1IKNN.
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To smoothen the classification boundaries, reduce training average error, and enhance
performance, the experiment utilized a weighted value of 500W with similar parameters
of K values of 5, 9, and 13 as summarized in Table 7 and illustrated in Figure 7. Table 7
and Figure 6 depict weighted 500W classification rolling average training error using
K values [K = 5, 9, 15] in cropyield_1, cropyield_2, and CORe50 datasets using hybrid
model 3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN. From the experimental analysis,
it could be deduced that a higher value for weighted 500W shows some improvement
in average training error for the hybrid 3WD_KNN, confirming our answer to research
questions 3 and 4. The results indicate that hybrid 3WD_KNN performs optimally at
weighted 500W at K values of 5, 9, and 13 at 0.01 s, respectively. This shows that the
optimal performance set of weighted average classification error is performed equally
within the K values set. Our analysis implies that, with a higher weighted value of 500W,
the K values do not significantly impact the classification average accuracy error between
LTIL and STIL. Additionally, there is a slight performance improvement for the hybrid
3WD_KNN with weighted 500W at K values of 5, 9, and 13 for all the tested datasets, with
the best performance being achieved at 0.02 s, which is similar to what was achieved with
weighted 200W. It therefore shows that there is not much of a significant effect of K values
on weighted classification average error in the performance of the tested algorithms and
datasets used. As shown in Table 7 and illustrated in Figure 7, for the CoRE_50 datasets, null
results were realized for hybrid 3WD_KNN, hybrid 3WDKNN_IL, and I1KNN, indicating
that the runs between LTIL and LTIL could have surpassed the computational runtime and
memory due to too much time being taken between the two. Since our approach aimed to
use the model as a benchmark for comparing the performance of hybrid 3WD_KNN, the
computational cost threshold did not permit further analysis of the reasons behind the null
results for some weighted 500W values.

Further illustration in Figure 8 demonstrates the pattern of weighted incremental
learning adaptation, cleaning, and rectification with weighted difference sets of weights in
200W and 500W thresholds, using the hybrid model 3WDKNN_IL, 3WD_KNN, HoKNN,
and 1IKNN for the datasets. The analysis shows that with the weighted model, the concen-
tration of datasets increases, improving the learning ability of the classes. However, this
concentration of incoming classes and learning implies increased computation cost and
inefficiency. Our model shows a high ability to retain knowledge and transfer new infor-
mation for incremental learning, achieving this in the shortest time possible, as illustrated
by the mathematical modeling in Figure 8 below. Classes that have already been learned
in full are pushed further away as they retain learning properties, increasing our all-time
learning accuracy despite the additional computational cost of retaining new information
and knowledge in datasets.

5.4. Weighted [200W, 500W and 1000W] Average Accuracy Performance for STIL and LTIL in K
Values [5, 9, and 13K]

Experimentation was conducted to understanding the modeling pattern and dataset
behavior towards the fused weighted threshold and how this affects the performance
of the incremental hybrid model in the heterogeneous environment with computational
limitations and loss of old knowledge upon learning new information. The aim of the
experiment was to answer research questions 1, 3 and 4 as well as determine the best
accuracy performance level for the modeled hybrid model. A summary of our findings
consists of accuracy performance for the STIL in 5K value for weighted 200W, 500W and
1000W in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WDKNN_IL,
3WD_KNN, HoKNN and 1IKNN, as described in Table 8 with an illustration in Figure 9.
The best weighted average accuracy in 5K value is confirmed by the hybrid model 3WD-
KNN_IL at 98.22 percent at 500W threshold followed by 98.11 percent at weighted value of
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200W. The average accuracy at weighted 200W and 500W is almost equal across the models;
however, as the weighted average increases towards 1000W as illustrated in Figure 9, there
is a decline in computational average accuracy, indicating that performance degrades with
computational increase or costs. These finding answers research questions 2 regarding the
hybrid model’s computational efficiency with weighted and 5K value.

 

Figure 8. Weighted incremental learning adaptation, cleaning and rectification of different classes
with weighted difference sets of weights in 200W, 500W threshold using hybrid model 3WDKNN_IL,
3WD_KNN, HoKNN and 1IKNN.

Table 8. Percentage average accuracy performance for the STIL in 5K value for weighted 200W, 500W
and 1000W in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WDKNN_IL,
3WD_KNN, HoKNN and 1IKNN.

IL5K
Weights (W)

STIL % Average
Accuracy 3WD_KNN 3WDKNN_IL HoKNN I1KNN

Datasets

200W

CROPYIELD_1 94.97 98.11 94.31 89.06

CROPYIELD_2 94.91 97.44 94.07 90.01

CORe50 86.97 86.92 89.07 86.08

500W

CROPYIELD_1 95.47 98.22 94.97 89.07

CROPYIELD_2 94.01 97.86 94.02 84.99

CORe50 89.23 87.98 90.72 86.33

1000W

CROPYIELD_1 91.21 97.01 93.87 83.76

CROPYIELD_2 89.09 93.11 91.77 84.05

CORe50 89.90 89.07 88.95 87.98
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Figure 9. Computational average accuracy performance for the STIL in 5K value for weighted
200W, 500W and 1000W in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model
3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN.

Similar experimentation was conducted and incrementally learned using K values of
9K. Table 9 and Figure 10 below summarize the percentage average accuracy performance
for STIL in 9K value for weighted 200W, 500W and 1000W in cropyield_1, cropyield_2, and
CORe50 datasets using hybrid model 3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN. The
analysis shows that hybrid model 3WDKNN_IL performs exceptionally well in 9K values
compared to 5K value with total average accuracy of 98.78 percentage weighted at 500W.
This is followed by performance of 97.98 percent at the weighted value of 200W. From the
analysis in Table 8, it can be derived that 3WD_KNN also shows significant performance
values in regard to the accuracy of short-term incremental learning with K value at 9K. The
general performance observation outline shows that the average accuracy performance im-
proves at the weighted value of 200W and demonstrates peak performance with weighted
500W; the performance eventually dips with weighted 1000W due to computational costs
associated with computing runs, as illustrated in Figure 10 below. A similar trend was also
noted in the previous average accuracy performance for STIL in 5K value for weighted
200W, 500W and 1000W.

In the analysis for average accuracy performance for STIL in 13K value for weighted
200W, 500W and 1000W in cropyield_1, cropyield_2, and CORe50 datasets using hybrid
model 3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN (see summarized Table 10 and
illustrated Figure 11), it is noted that the best performance was achieved by hybrid model
3WDKNN_IL in 97.61 percent at weighted 500W. Experimental analysis depicts that there
is a slight dip in performance of all the tested models at the weighted value of 1000W. This
description is best visualized in Figure 11 below, indicating the subpar performance as
compared with the weighted performance at 5K and 9K with weighted values.
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Table 9. Percentage average accuracy performance for the STIL in 9K value for weighted 200W, 500W
and 1000W in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WDKNN_IL,
3WD_KNN, HoKNN and 1IKNN.

IL9K
% Average Accuracy

3WD_KNN 3WDKNN_IL HoKNN I1KNN
Datasets

200W

CROPYIELD_1 95.09 97.67 94.90 91.75

CROPYIELD_2 94.91 97.98 94.09 91.76

CORe50 84.23 85.44 89.01 84.98

500W

CROPYIELD_1 96.72 98.78 95.67 90.02

CROPYIELD_2 95.05 97.97 95.11 84.03

CORe50 87.65 86.92 87.56 85.90

1000W

CROPYIELD_1 94.81 97.01 94.71 84.98

CROPYIELD_2 90.02 93.02 90.07 83.89

CORe50 85.07 86.54 84.97 84.09

 

Figure 10. Illustration of computational average accuracy performance for the STIL in 9K value for
weighted 200W, 500W and 1000W in cropyield_1, cropyield_2, and CORe50 datasets using hybrid
model 3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN.

Table 10. Percentage average accuracy performance for the STIL in 13K value for weighted 200W,
500W and 1000W in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model 3WD-
KNN_IL, 3WD_KNN, HoKNN and 1IKNN.

IL13K
% Average Accuracy

3WD_KNN 3WDKNN_IL HoKNN I1KNN
Datasets

200W

CROPYIELD_1 94.98 96.66 93.75 87.91

CROPYIELD_2 92.88 96.77 93.03 86.04

CORe50 74.67 86.09 89.07 88.08

500W

CROPYIELD_1 93.77 97.61 93.11 85.99

CROPYIELD_2 94.22 95.98 93.66 82.78

CORe50 83.87 84.90 83.89 84.33

1000W

CROPYIELD_1 89.08 91.01 87.99 83.18

CROPYIELD_2 87.05 88.77 86.81 77.04

CORe50 82.34 81.22 82.04 83.09
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Figure 11. Computational average accuracy performance for the STIL in 9K value for weighted
200W, 500W and 1000W in cropyield_1, cropyield_2, and CORe50 datasets using hybrid model
3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN.

5.5. Classification Rolling Average Learning Error Pattern for LTIL and STIL

In this experiment and to answer research question 2, overlearning is achieved when
the classification average training ET is small and the testing error is large. This is caused
by the incoming learned content from heteregenous datasets presenting new information
and instances for incremental learning. The classes then store and memorize new data until
they are full and transfer the learned content to the next class datasets. Therefore, the model
retains and stores exemplar data and old features through compression to preserve essential
information of old classes that can be useful for incremental learning, as shown in Figure 12
below. If there are too many incoming streaming datasets with new information and slow
transfer incremental learning, then that class drops learning through eary stopping or takes
longer to transfer learning data. Additionally, underlearning occurs when training and
testing errors are large, occuring when poorly trained classes do not transfer any new
learning from the incoming datasets, affecting accuracy. Figure 12 illustrates classification
learning error patterns for LTIL and STIL implementation in cropyield_1, cropyield_2, and
CORe50 datasets using K values of K = 5, 9 and 13 with weighted classification of 200W,
500W and 1000W in an ideal heterogenous dataset.

This analysis shows that hybrid model 3WDKNN_IL performs much better with
CORe50 datasets in LTIL settings. This experiment demonstrates that LTIL performs better
with image datasets that require more time to learn and transfer new knowledge between
classes, resulting in higher error rates. The long average error and time covered from one
class to another in LTIL contributes to the lower performance average. In the analysis,
we note that slow transfer of the learned content from one class to the other is caused by
several factors ranging from different class settings to Euclidean distances from one point to
the other. In this modeling, it is noted that the dropping of learning classes, especially when
they exceed the average training error time, can cause the slow transition of learning from
one class to the other. This experimental analysis was conducted to prove the incremental
learning patterns associated with STIL and LTIL, answering research question 2.
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Figure 12. Classification learning error pattern for LTIL and STIL implementation. The model retains
and stores exemplar data and old features through compression to preserve essential information of
old classes that can be useful for incremental learning.

With LTIL, there is an increased validation error that increases exponentially, as shown
in the tabulated Table 11 and the class learning trends in Figure 13, which is a result of the
long distance between weighted classes that potentially drive expensive computational
classes. In STIL, the experiment revealed that using a weight of 200W at the K value resulted
in some underlearning, as it produced a lower training error. Even though this trend is
recommended with the parameters of our selected K values and weighted classification
averages, lower K values and weights could have potentially caused loss of low function at
the output, causing validation error and training error and thus affecting overall accuracy
through underlearning and correctly predicting the outputs.

Table 11. Classification rolling average training error in cropyield_1, cropyield_2, and CORe50
datasets using K values of K = 5, 9 and 13 for hybrid model 3WDKNN_IL, 3WD_KNN, HoKNN
and 1IKNN.

IL& K VALUE SIZE

Classification Rolling
Average Training Error % 3WD_KNN 3WDKNN_IL HoKNN I1KNN

Datasets

IL 5K

CROPYIELD_1 10.74 10.00 0.90 −1.45

CROPYIELD_2 9.02 10.00 1.99 1.95

CORe50 0.44 0.96 −1.99 −1.09

IL 9K

CROPYIELD_1 9.58 10.00 8.32 1.28

CROPYIELD_2 11.83 13.00 3.92 −1.60

CORe50 −1.04 −4.20 −3.10 −4.24

IL 13K

CROPYIELD_1 3.89 11.00 7.00 2.86

CROPYIELD_2 6.00 9.93 7.15 0.80

CORe50 −3.11 −0.03 −1.08 −2.90
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Figure 13. Computational average accuracy training error between LTIL and STIL in cropyield_1,
cropyield_2, and CORe50 datasets using K values of K = 5, 9 and 13 for hybrid model 3WDKNN_IL,
3WD_KNN, HoKNN and 1IKNN.

To address potential overlearning in LTIL for weighted average classification at 1000W,
we built our model using a general regularization technique that strictly enforces early
stopping learning by interrupting class overloading as soon as the generalization error
increases during optimization steps. This improvement in our model solves critical com-
puting limitations by avoiding and preventing memory overloading, reducing iterations
causing computational inefficiency and time wastage, and creating an early stopping mech-
anism which modifies neither the constraint parameter vector nor the loss function (but
retains) that creates prediction space complexity, thereby answering research question 2.
In certain weighted classes, the experimental analysis proves that between a K value of
13K and 1000W, the early stopping rule appears to have occurred late, resulting in a loss of
model generality due to slower training and a subsequent decline in prediction accuracy.
In the experimental analysis as presented in Figure 12, it was observed that with weighted
classes, there are classes that contain important incremental learning information from the
incoming datasets. However, these classes cannot be utilized for subsequent class learning
or prediction due to the maximization of the number of epochs, which is defined as the
average error of the class incremental learning set measured post-epoch. Secondly, it is also
observed that potential classes with incremental learning information cannot be guaranteed
to carry important prediction information to the subsequent classes. The early stopping
criterion considerably reduces costly computational procedures and enhances efficiency in
the hybrid model and quality incremental learning in heterogeneous datasets.

6. Evaluation of Incremental Learning Models
In this experiment, an evaluation is performed to visualize the clear insights of accu-

racy, Precision, F1_Score and Recall. We use these evaluation results to analyze the incorrect
and correct predictions in imbalanced datasets. Evaluations for the incremental learnings
for the located hybrid algorithms were employed as below:

Accuracy =
TP + TN

TP + TN + FP + FN
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Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1_Score =
2.Precision − Recall
Precision + Recall

The accuracy prediction indicates that the model achieves high accuracy across nu-
merous incremental learning predictions. Our model emphasizes the quality of positive
predictions in hybrid incremental learning, utilizing Recall to assess the model’s effec-
tiveness in predicting actual positive instances. The incremental learning accuracy test
was used for the hybrid 3WD_KNN, hybrid 3WDKNN_IL, HoKNN and I1KNN using K-
instance values of K = 5, 9 and 13, as summarized in Table 12 and graphically represented in
Figure 14. Similarly, the prediction was anchored on weighted classifiers in the experiment
that consisted of hybrid 3WD_KNN, hybrid 3WDKNN_IL, HoKNN and I1KNN weighted
on 200W and 300W for accuracy, Recall, Precision, and F1_Score as tabulated in the results
in Table 13. Our experimental analysis for the weighted classifiers in 200W and 500W shows
that modeled hybrid 3WDKNN_IL significantly shows improved and steady accuracy in
all weighted evaluations criteria. Accuracy evaluation for 3WDKNN_IL for 200W was
0.98 and 500W with 0.98 while 3WD_KNN had 0.96 for 200W and 0.96 for 500W, respectively.
In assessing Recall and the model’s effectiveness in predicting actual positive instances, the
experiment showed that hybrid 3WDKNN_IL for weighted 200W was at 0.97 and weighted
500W was at 0.98, while hybrid 3WD_KNN recorded 0.95 for weighted 200 and 0.95 for
weighted 500W, respectively. For the precision of the positive and negative instances,
the experiment showed that weighted 200W recorded 0.97 and weighted 500W recorded
0.98 while hybrid 3WD_KNN showed 0.94 for 200W and 0.95W for 500W, respectively.
F1_Score experimental analysis revealed that higher Precision scores were recorded with
both 200W and 500W achieving 0.99 for hybrid 3WDKNN_IL, while 3WD_KNN achieved
0.94 for 200W and 0.95 for 500W, respectively. The weighted classification evaluation for
200W and 500W in Recall, accuracy, Precision and F1_Score for HoKNN and I1KNN proved
to be much lower as depicted in Table 13 below.

Table 12. Summary of classification evaluation for K values 5, 9, 13 in Recall, accuracy, Precision and
F1_Score for hybrid model 3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN.

Classifier-K Instances
Accuracy % Recall % Precision % F1_Score %

IL5K IL9K 1L13K IL5K IL9K 1L13K IL5K IL9K 1L13K IL5K IL9K 1L13K

3WD_KNN 0.95 0.96 0.94 0.94 0.93 0.92 0.91 0.94 0.93 0.91 0.91 0.90

3WDKNN_IL 0.97 0.97 0.96 0.96 0.95 0.96 0.95 0.96 0.97 0.96 0.97 0.95

HoKNN 0.88 0.88 0.85 0.84 0.86 0.87 0.85 0.87 0.84 0.87 0.89 0.89

I1KNN 0.86 0.83 0.83 0.88 0.87 0.86 0.84 0.87 0.88 0.87 0.88 0.87

Table 13. Weighted classification evaluation for Recall, accuracy, Precision and F1_Score in weighted
200W, 500W for hybrid model 3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN.

Classifier-Weighted Classifiers
Accuracy % Recall % Precision % F1_Score %

200W 500W 200W 500W 200W 500W 200W 500W

3WD_KNN 0.96 0.96 0.95 0.95 0.94 0.95 0.94 0.95

3WDKNN_IL 0.98 0.98 0.97 0.98 0.97 0.98 0.99 0.99

HoKNN 0.91 0.89 0.88 0.87 0.89 0.91 0.91 0.92

I1KNN 0.88 0.87 0.86 0.89 0.88 0.87 0.85 0.87
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Figure 14. Weighted classification evaluation for Recall, accuracy, Precision and F1_Score using
K values 5, 9, 13 in weighted 200W, 500W for hybrid model 3WDKNN_IL, 3WD_KNN, HoKNN
and 1IKNN.

The results were analyzed to understand performance based on the choice of set
K values of K = 5, 9, 13 for the classifiers of hybrid 3WD_KNN, hybrid 3WDKNN_IL,
HoKNN and I1KNN. This evaluation was deemed crucial to help narrow down the best
performing hybrid model based on the weighted values on the K-instances. Parame-
ters of evaluation were set on the same criteria and standards in Recall, accuracy, Pre-
cision and F1_Score. Overall performance indicated that hybrid 3WD_KNN achieved
better evaluated performance with accuracy of K5 = 0.97, K9 = 0.97 and K13 = 0.96 while
3WD_KNN achieved K5 = 0.95, K9 = 0.96 and K13 = 0.94, respectively. For the model’s ef-
fectiveness in predicting actual positive instances with Recall, hybrid 3WD_KNN revealed
K5 = 0.96, K9 = 0.97 and K13 = 0.96, while 3WD_KNN achieved K5 = 0.94, K9 = 0.93 and
K13 = 0.92. Regarding experimental evaluation for the classification of K value on precision,
hybrid 3WD_KNN revealed K5 = 0.95, K9 = 0.96 and K13 = 0.97 while 3WD_KNN achieved
K5 = 0.91, K9 = 0.94 and K13 = 0.93, respectively. F1_Score for the hybrid 3WD_KNN
revealed K5 = 0.96, K9 = 0.97 and K13 = 0.95 while hybrid 3WD_KNN achieved K5 = 0.91,
K9 = 0.91 and K13 = 0.90. The summarized experimental analysis, as shown in Table 12
above, depicts that the hybrid 3WDKNN_IL has the capacity and superiority to show
precision and high accuracy levels in all the evaluated models, including in comparison
to the other state-of-the-art models of HoKNN and I1KNN in incremental learning set-
tings. Therefore, we conclude that the weighted classification model of hybrid 3WD_KNN
achieves better accuracy and superiority in the weighted 200W.

From the experimental evaluation, the lower dimensionality of data points for 200W
resulted in a reliable hybrid 3WDKNN_IL model. Improvement from the Euclidean dis-
tance measure did not suffer from the curse of dimensionality during incremental learning,
as attributed in the other incremental learning models. The containment of the dissimilar
features and the ability of this hybrid model to utilize relevant weighted class features
within the fastest, nearest Euclidean distance resulted in a lower dimensional vector feature.
In essence, this was useful in eliminating the curse of dimensionality and error rate, result-
ing in a greater level of accuracy. The experimental model shows that the weighted values
perform better with a choice of K = 5 as compared to K = 9 and K = 13 values; see the sum-
marized trend in Table 12. The realization of creating too many noisy features with lowered
values less than K = 5 led to the abandonment of fewer K values. This is because lower
K values (<K) tend to create more noise and bias, resulting in misclassification accuracy.
Additionally, areas with high data point concentration proved very sensitive to incremental
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learning with the smaller values of K and could not tolerate small perturbations in highly
dense data regions, becoming problematic and thus affecting the performance accuracy.
In the conducted experiments, larger values of K beyond K = 15 resulted in complexity
concerns due to memory constraints and underfitting of the incremental datasets, leading
to inadequate generalization and elevated bias. The experiment excluded the utilization
of bigger K values owing to considerations that affected the overall forecast. Another
reason for avoiding bigger K values following the experimental test was the exclusion of
numerous overlapping training sets of local class neighbors with incremental neighbors,
which diminished the model’s sensitivity to the specific class increment datasets. Likewise,
the experiment could not surpass K = 13K, as bigger K values produced bias towards
predominant values in the populated class data points, resulting in an imbalance in the dis-
tances from the query points. Additionally, a higher computational run time was required
with the rising value of K. This led to experiment halting due to high K values, despite the
potential for a greater degree of dependence.

In the experimentation, it was also realized that weighted values above 500W created
a learning problem, and some results could not be realized due to memory lapse, com-
putational limitations and complexity. Therefore, the experimentation ceased using the
higher value of 1000W and implemented the experiment within 200W and 500W for the
hybrid model, as summarized in Table 13 and Figure 15 above. To evaluate the statistical
significance of the experimental results of the four classifiers using performance measures
(accuracy, Recall, Precision, F1_Score) under two weight settings (200W and 500W), we
conducted thorough statistical significance tests to ascertain paired t-tests comparing per-
formance at 200W and 500W for each metric, ANOVA analysis of classifiers across all
metrics, and estimations of effect size (Cohen’s d) as summarized in Table 14 below.

 

Figure 15. Illustration of classification evaluation for K values 5, 9, 13 in Recall, accuracy, Precision
and F1_Score for hybrid model 3WDKNN_IL, 3WD_KNN, HoKNN and 1IKNN.

Table 14. ANOVA analysis of classifiers across all metrics, and estimations of effect size (Cohen’s d).

Metric Mean Diff t-Statistic p-Value Significant?

Accuracy 0.0075 0.21 0.8445 No
Recall −0.0075 −0.20 0.8521 No
Precision −0.0075 −0.23 0.8297 No
F1_Score −0.01 −0.26 0.8127 No

From the statistical analysis, there are no statistically significant differences between
200W and 500W conditions (all p > 0.05). In addition, effect size (Cohen’s d) shows
negligible effect sizes (|d| < 0.2), indicating that the differences between conditions have no
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practical significance. One-way ANOVA shows that there are highly significant differences
among the four classifiers with (p ≈ 1.1 × 10−16), F-statistic of 134.91 and p-value < 0.0001.
The Pairwise Classifier Comparisons as summarized in Table 15 show all classifier pairs’
statistically significant differences (p < 0.05).

Table 15. Pairwise Classifier Comparisons.

Comparison p-Value

3WD_KNN vs. 3WDKNN_IL 1.5 × 10−6

3WD_KNN vs. HoKNN 1.9 × 10−6

3WD_KNN vs. I1KNN 4.0 × 10−10

3WDKNN_IL vs. HoKNN 7.4 × 10−9

3WDKNN_IL vs. I1KNN 5.2 × 10−12

(Accuracy, Recall, Precision, F1_Score) (Accuracy, Recall, Precision, F1_Score)
HoKNN vs. I1KNN 0.0039

Consequently, under the weight conditions of 200W versus 500W, there is a minimal
and negligible impact on classifier performance. This statistical test, using (accuracy,
Recall, Precision, F1_Score) for weights, showed no significance impact because weights
are normalized in this hybrid model by providing a probability or total vote score; the
classification decision is based on neighbor proximity rather than weight absolute value.
As a result, both 200W and 500W will continue to significantly prioritize the single closest
neighbor, making absolute weight magnitude unimportant if the same point is closest. The
difference becomes significant only if the weighting function is sensitive to noise or if the
dataset is highly dimensional, resulting in equidistant neighbors, making weight selection
more important. However, 3WDKNN_IL (Mean: 0.98) exhibited superior performance,
followed by 3WD_KNN (Mean: 0.95), HoKNN (Mean: 0.90), and I1KNN (Mean: 0.87) as
the least effective performer.

7. Ablation Study
The investigation included ablation research to support the hybrid model’s reasoning

using the same original datasets. We studied ablation as a systematic technique for separat-
ing and evaluating model feature contributions using the cropyield_1, cropyield_2, and
CORe50 datasets, along with accuracy, Recall, Precision, and F1_Score. We trained cropy-
ield_1, cropyield_2, and CORe50 datasets using cleaning, normalization, transformation,
and sorting of missing values, unbalanced data treatment, and tweaked hyperparame-
ters before doing ablation research by gradually removing the most relevant attributes.
Specifically, this study experimented with assessment components to analyze the datasets,
confirming the hybrid model’s reasoning and comparing the results to the datasets’ orig-
inal outcomes. Classifier instances for the datasets tested with K values for 5, 9, 13 all
returned significantly low values, revealing that the developed model has quality and su-
perior performance. Consequently, the prediction and accuracy results without incremental
learning and concept drift detection resulted in unsatisfactory performance and very low
accuracy as compared to results derived from the developed hybrid 3WDKNN_ILA model,
as summarized in Table 16.
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Table 16. Results of ablation study on proposed model using Recall, accuracy, Precision and F1_Score.

Classifier-K Instances
Accuracy % Recall % Precision % F1_Score %

IL5K IL9K 1L13K IL5K IL9K 1L13K IL5K IL9K 1L13K IL5K IL9K 1L13K

Crop_yield_1 0.61 0.59 0.55 0.67 0.66 0.62 0.61 0.58 0.60 0.59 0.61 0.58

CORe50 0.57 0.57 0.56 0.56 0.55 0.57 0.58 0.57 0.59 0.56 0.57 0.55

Cropyield_2 0.68 0.68 0.65 0.64 0.66 0.67 0.65 0.67 0.64 0.67 0.69 0.69

8. Conclusions
The hybrid 3WDKNN_ILA demonstrates improved performance and high accuracy

in heterogeneous crop yield datasets, despite challenges such as loss of old knowledge
upon learning new information, elevated computational costs, and limitations in learning
capacity. This technique reduces memory consumption and storage needs by offloading
historical datasets within a large-scale data streaming framework. By promptly employ-
ing the shortest distance metrics for subsequent classes, the incoming data avoids the
computational costs associated with retraining. This adaptability facilitated the effective
management of the changing dataset distribution, thus addressing concept drift during real-
time implementation and continuous streaming. In conclusion, this experiment contributes
widely to machine learning modeling and development in heterogeneous environments
that enhance the accuracy and predictability of these models. This experiment makes im-
provements regarding adjusting errors in current datasets and past datasets automatically
and in variations of concept drift in trading. The modeling of the hybrid 3WDKNN_ILA,
which dynamically updates weighted voting majority for classifiers, shows that novelty in
machine learning predictions has the potential to improve and enhance optimization in
prediction models like crop yield predictions for short-term learning and long-term learn-
ing processes. We note that our hybrid incremental learning model overcomes learning
errors and improves the time complexity of KNN classifiers in weighted and K values
in the incremental learning approach. At the same time, the reduction of the nearest lo-
cal centroid helps avoid high computational cycles that highly affect KNN optimization,
especially for short-term incremental learning. These lead to high performance in KNN
in heterogeneous environments, as proven in the evaluation and comparison of selected
state-of-the-art models.
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