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Abstract—The digital revolution births transformation in
many facets of today’s society. Its adoption in transportation to
curb traffic congestion in major cities globally advances smart-
city initiatives. Challenges of population growth, lack of
datasets, and aging infrastructure have necessitated the need for
traffic analytics. Studies have estimated an associated global
annual loss of $583 billion to traffic congestion for 2023. This,
caused fuel wastage, loss of time, and increased costs across
congested areas. With the cost of building more road networks,
cities must advance new ways to improve traffic flow via
anomaly detection as an early warning in the flow pattern. Our
study posits stacked learning with extreme gradient boost as a
meta-learner to help address imbalanced datasets, yield faster
model construction, and ensure improved performance via
enhanced anomalous data detection.

Keywords—Traffic Flow; Anomaly Detection; Machine
Learning; XGBoost; Tree-based Algorithms

L. INTRODUCTION

Governments and businesses today often generate a great
amount of spatiotemporal data, especially via
the transportation of various forms [1] to curb, both the
effects of urbanization and to effectively manage her
transportation infrastructure [2]. To observe such data (even
in its unstructured form), transportation organs utilize sensor
units with feedback access to observed data generated in real-
time [3][4]. These, have aided data processing with time-
location-based constraints to ease migration. It has become
both imperative and crucial to store spatiotemporal data, as
they have proven to be helpful in the effective management
of the transport infrastructure [5][6].

In the quest for ground truth, data mining schemes have
yielded evidence as feedback support to decision-making [7].
and in turn, rendered great insights into dimensions for tasks
on time and location, which embodies spatiotemporal dataset
[7][8]. Domain tasks to benefit from this include hydrology
[9][10], epidemiology [11][12], traffic flow management
[13], etc. These, heavily depend on spatiotemporal mining

methods, deployed as a cost-effective solution aimed to
modify traditional mining schemes to yield new strategy that
enables gleaning of insightful knowledge [14][15] as a new
paradigm, language, and vehicle to communicate ground
truth from such spatiotemporal datasets.

The consequent advances and integration of technology
in society have continued to upscale urbanization [16]; But,
it also makes difficult the use of traditional schemes to detect
anomalies from such an unstructured and ambiguous nature
of the generated traffic flow dataset [17]. This, in turn, yields
degraded prediction in traffic flow data mining. Traffic flow
analysis has thus, become a primordial feat aimed at data flow
patterns and outlier value detection [18] — to account for the
spatial and temporal nature of the dataset used [19][20]. Thus,
anomaly identification and detection [21] have become
critical features in the classification of traffic flow analysis to
aid the effective management of transport infrastructure.

A. Spatiotemporal Anomaly Detection in Traffic Flow

Spatiotemporal anomaly detection [22] has since become
crucial and critical to data mining — aimed at finding a range
of abnormalities generated in unstructured dataset's temporal
and spatial data [23][24]. With technological advances in
transport infrastructure — traffic flow analysis has gained
prominence with the adoption of sensor-based networks and
global position systems [25][26]. Data mining with
spatiotemporal schemes can include trajectory classification
[27], flow analysis [28][29], anomaly/outlier detection
[30][31], and identification of regular/periodic patterns [32]—
[34].

An anomaly is an observation whose data points appear
out of the norm, or it presents an offset function of a system
from its normal operation [35]. Anomaly detection is grouped
into density [36], deviation [37], profile [38], statistical [39],
distance [40], and cluster [41] schemes. Traffic flow anomaly
detection can utilize machine learning schemes [42] to detect
unusual patterns within a dataset; And help resolve issues
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such as poor generalization, data imbalance, feature selection,
prediction performance, etc [43]. Its focal goal is to identify
unexpected behaviors that aid saturated states of traffic
congestion [44] as contributed to by its varying traffic factors
such as aging road structures, population growth, etc.

B. Machine Learning Anomaly Detection Approaches

Detection tasks have largely been accomplished via the
utilization of either classification or regression analysis and
modes. Both classification and regression domain tasks are
often accomplished via the methods of voting, stacking, and
boosting. On these, detection tasks in a more general term can
be grouped into three (3) categories: Deep learning (DL) [45],
Ensemble Learning (EL) [46], and machine learning (ML)
[47]. ML offers a range of heuristics that have achieved great
success over time — as they have been successfully trained to
effectively recognize evidence to support ground truth for
high-dimension problems in complex un(structured) datasets
[48]. Their flexibility and robust feat allow them to recognize
patterns, using their adaptive learning in feature engineering
to decipher crucial parameters to be selected in constructing
the model. And thus, eases outlier detection from behavioral
norms of data-labels [49]-[51]. Various ML models include
Logistic Regression [52][53], Bayes [54], Support Vector
[55][56], K-Nearest Neighbors [57], and Fuzzy [58].

Deep Learning (DL) here, refers to those heuristics based
on the recurrent neural networks (NN). These are specifically
suited to capture high-dimension feats for time-series-based
data sequences, which are often found to be common in many
complex, chaotic, and non-linear spatiotemporal datasets and
for electronic medical health records [59]. By default — RNN-
based heuristics are well-suited for spatiotemporal datasets.
Its demerit is that it yields poor generalization via its
vanishing gradients problem. Its variant, the Long-Short-
Term Memory (LSTM) overcomes this via gates, which
control data flow so that the heuristic easily adapts to changes
experienced as long-term dependencies [60]. Their efficiency
requires longer training time and large datasets. Ensemble
learning effectively combines ML and DL [61] into a single
classifier to yield an optimal solution via stacking, bagging,
boosting, and voting schemes — to yield a richer insight into
the targeted task domain [62].

For stacking — it trains a meta/higher learner to effectively
combine the predictive outcome of several learners, allowing
its meta-learner to improve as it learns from the errors of its
base classifiers. This flexibility ensures stacking yields better
outcomes with more iterations [63]. In voting, the learners are
applied independently to achieve a more stable performance
with reduced overfit via predictive aggregation in its quest for
ground truth. Since it seeks to combine only the final output
of all learners without recourse to their predictive relations —
in some instances, it yields degraded performance due to its
dataset complexity and diversity [64]. Bagging trains similar
learners with equal voting weight. To promote variance, each
learner is trained using a randomly drawn subset of the train
data. It achieves higher accuracy by averaging all learners’
predictions. It can also be configured to use various learners
on different populations to reduce the variance error(s) in
each learner [65][66]. Lastly. Boost mode sequentially trains
its learners so that each new model corrects the errors of its
previous model. It yields a series of learner that focus on
difficult tasks that their predecessors failed to correctly

predict; And results in higher generalization with improved
accuracy. A common boost is adaptive boosting. However, to
improve this scheme, an ensemble can be based on a gradient
scale such as the eXtreme Gradient Boost [67][68].

C. Study Motivation and Rationale

The study hopes to address these problems [69]—[72]:

1. Imbalanced Data: The resultant ensemble(s) will help
investigate the effects of both imbalanced datasets on the
predictive reliability in all tree-based ensemble(s) as well
as the resulting relationship in their predictive outcomes
as rendered by the nature of the dataset complexity and
diversity. This stacking ensemble approach/scheme will
unveil the resultant implication of the various tree-based
models on the ensemble's capability to accurately predict
anomalous traffic flow analysis, which in turn — helps new
researchers and experts glean the much-needed insights
knowledge in the context of traffic management in urban
metropolis vis-a-vis within the business context.

2. Ensemble construction: To yield an efficient, decision
support scheme for improved prediction accuracy of the
anomalous detection in traffic flow analysis, we adopt the
Gradient Boost scheme, designed to capture all the
unique, chaotic, and dynamic features that are rippled
across the spatiotemporal dataset; And in turn, impacts
anomalous behavior in traffic flow patterns and analysis
via the use of feature selection.

3. Comparative Analysis will yield evaluation of learning
schemes vis-a-vis compare studies that have explored the
same spatiotemporal dataset in the context of prediction
accuracy, performance, reuse, and construction ease — in
a bid to identify the most suitable in traffic flow pattern
analysis and detection [73][74].

We construct a tree-based boost ensemble — to address
dataset imbalance, and yield better generalization, reducing
overfit of the model with reduced dimensionality that will aid
a faster ensemble construction via careful feature selection;
And in turn, assure improved performance accuracy.

II. MATERIALS AND METHODS

In ensemble learning, adopting a tree-based model yields
a set of if-else rules that explore the majority voting scheme
to predict observed classes [75]. Each tree uses the recursive
top-down, binary-tree mode that partitions its predictor with
data points grouped into classes that are successively more
homogeneous [76]. With each tree understood [77], its task
predictive ability can lead to model overfit and/or underfit
with degraded performance as it learns to identify the feats of
interest that will help classify unknown data points as target
class during its training [78][79]. Ensembles yield improved
performance with reduced risk of overtraining and overfit
[80]. To learn, they construct trees [81] that aggregate all
three results into one better learner via bagging [82], boost
[83][84], stack [85][86], and voting [87][88] mode.

Tree-based ensembles have successfully proven to yield
enhanced performance than some established methods across
a variety of different tasks as they are better suited to reduce
both bias and variance in learning schemes. While individual
models may get stuck in local minima [89], the tree-based
weighted combination of several different local minima is
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aggregated and learned from using the ensemble method [90]
— to minimize the risk of choosing the wrong local minimum.

Some reasons for our choice of the tree-based algorithm are: 3.

(a) each tree votes to decide a classifier’s outcome, (b) it can

handle complex data [91], (c) yields improved generalization,

(d) reflects the contribution of feature selection for enhanced

performance, and (e) is noise-resilient for ground truth even

with (un)structured data in real-time applications [92]-[95].
The stacking mode is based on Fig. 1 as follows:

1. Step-1 — Data Collection: Input data is read and stored.
We used the Kaggle traffic prediction dataset available at
[web]: www.kaggle.com/datasets/fedesoriano/traffic-
prediction-dataset, which has 48,120 records as in Table
1. Afterwards, the entire dataset was split as thus into 75%
for train, and 25% for testing data-subset [96].

Table 1. Dataset description for Consumer Subscription

Features Data-Type Description
Time Time Time the sensor observed the input record
Date Date Date the sensor observed the input record
. . Location in time for which data was
Junction Object
observed
Vehicles Integer The type of vehlgle the}t was observed as a
junction
D Numeric Car registration details are coded using an
ID tag
Number Object Registered number as.51gned by a state to a
vehicle
Color Char Vehicle color as registered to a state
State Char State of origin wh;re a vehicle was first
registered
State ID Char State and city code the vehicle was assigned

to

2. Step 2 — Data Cleaning deletes missing labels to ensure
data quality, and removes duplicate labels to ensure it is
devoid of redundancies. Also, we encode the dataset by

| Preprocessing Phase

converting it from non-numeric to its numeric equivalent
values using the principal component analysis (PCA).
Step 3 — Feature Selection and Extraction: Selection
helps us to select and extract what labels become input
(X), and determine what label will that ensemble predict
as output (Y). Thus, it removes all docile feats with no
importance to our target class, which in turn helps us to
reduce the dimensionality of the chosen dataset [97] and
fasten ensemble construction for improved performance
[98][99] especially in cases where cost is a critical factor
[100]. Efficiency in selected features is evaluated on how
well the ensemble fits [101] about ground truth or target
class [102]. We use a recursive feat elimination wrapper
since our feats are engineered to unveil how relevant a
selected feature supports our target class, and test via
frequency distribution to ascertain how its occurrence fits
with the target class [103][104]. With our computed
threshold value of 0.8991 — we have a total of 5 features
extracted from the original dataset. We thus selected chi-
square values for attributes related to ground truth or
target class 1 (i.e., anomaly) as in Table 2 [105]. These
were examined to help us gain insights into the
contribution of different features to the classification
process [106][107].

Table 2. Ranking of Features Engineered using Wrapper Mode

Features Data Type Ranking  Selected (Yes/No)
Time Time 0.9805 Yes
Date Date 0.9318 Yes
Vehicles Integer 0.9016 Yes
Plate No Object 0.7432 No
Vehicle ID Numeric 0.9291 Yes
Vehicle Color Char 0.6590 No
State Registered Char 0.5391 No
State 1D Char 0.3528 No
Junction Object 0.9241 Yes

Feat Selection and

Extraction v

| ,
Dataset Data Cleaning |
| and Encoding »

| Data Split
Normalization of Train Dataset
| : \ -
[ Train Data Balancing
e e e o o o e e — — — —— e — -l
‘
1= T T ining and Validation | Test Dataset
Training and Validation est Datase

Tree Forest Boost

Normalization of

| Stacked XGBoost

I
Decision Random Adaptive : +
I
I
I

| Evaluation &
| Learning Meta-Learner I I I Decision Support

Test Dataset

v

Fig. 1. Proposed Stacking Ensemble Approach with XGBoost as Meta-heuristics
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4. Step-4 — Data Split helps us track cum improve each
feature value towards our target class. The dataset is split
into the train (70%) and test (30%) subsets for this study.
There is no rule as to how they can be grouped.

5. Step-5 Balancing redistributes points in the train dataset
after splitting and ensures an almost equal distribution of
its class(es) (minor and major). There are a variety of
modes, But we consider augmentation modes such as:

a. SMOTE: Synthetic over-sample technique performs
balancing as thus: (a) identifies minor-class and adjusts
data to those of its closest neighbors, (b) interpolates to
create synthetic data, and (c) adds the generated synthetic
data to the original dataset to yield a balanced dataset
classes distribution [108] as in Fig. 2(a) and Fig. 2(b)
respectively.

Original Train Dataset

40000
S
2 30000
Q
3 20000
g
" 10000
0 | ]
Genuine Anomaly
Class Distribution
(a)
SMOTE Data Balancing
24000
23950
&
5 23900
2 250 .
223800
Genuine Anomaly
Class Distribution
(b)

Fig. 2. (a) Original bata plot and (b) Data balancing with SMOTE applied

b. SMOTE-Edited Nearest Neighbors (SMOTEEN)
combines over-and-under-sample feats. It identifies
and links data to the closest neighbor(s) [109]. It
creates new data points to populate the minor class,
and randomly removes from the majority class, to
resolve imbalance via the closest neighbor [110] in

Fig. 3.
SMOTEEN Data Balancing
12985
12980
oy
§ 12975
=
: =
= 12970
Genuine Anomaly
Class Distribution
Fig. 3. Data balancing via SMOTEEN

c¢. SMOTE-Tomek balances class distribution via the
SMOTE. It also uses the Tomek-link mode under-

sampling of a majority class, and to potentially create
overlapping classes [95] as in Fig. 4.

SMOTE-Tomek Data Balancing

29984

Genuine = Anomaly
Class Distribution

29983

29982

29981

Frequency

Fig. 4. Data balancing via SMOTE-Tomek

We choose the SMOTE-Tomek method since it generates
the best situation for the data balancing and provides a good
fit for multiple base classifiers.

6. Step-5 — Normalization allows us to use the variable
transformation to normalize the skewed dataset. This
seeks to ensure a nearness in the class distribution and
may result in a change in our data distribution. Features
are normalized via a standard scaler, which seeks to revert
data features to yield a distribution that has a mean value
of 0 and a standard deviation of 1. We achieve this via the
Equation (1) as thus:

7 = M (1)
o

x is the original value, u is the mean, o is the standard
deviation, and z is our normalization process.

A. Stacked Ensembles and Model Construction

Stacked learning seeks to combine the predictive outcome
of several base learners to acquire or achieve a more accurate
prediction. It often involves 2-levels for which the first level
consists of base learners (in this case, Adaptive Boosting,
Decision trees, and Random Forest), and the second level
aggregates the predictions of the first-level learners usually
called a meta-heuristic/learner (in this case, the XGBoost). Its
major merits include: (a) the diversification of models via the
use of several algorithms [111], (b) enhanced generalization
for the resulting model [112], and (c) reduced risk in the
overfitting of the ensemble [113]. The selection of a meta-
learner is critical and crucial as they must be able to optimize
the aggregated outputs and efficiently minimize prediction
errors. The right meta-learner (especially for one) trained
using the out-of-fold prediction from the base classifiers can
significantly improve the ensemble accuracy, flexibility, and
robustness — effectively harnessing the processing prowess of
multiple good-fit base classifiers [114].

Tree-based ensemble approaches adopted here include:

1. Decision Tree is a single-classifier that explores intricate
sampling, tailored to mitigate the decision-making issues
[115][116]. To predict a target class, it starts from its root
node to compare the values of the root with the records
attribute. With this compared, it branches off to the next
node as (a) begins at a tree with root node S that consists
of a complete dataset, (b) finds the best attribute in the
dataset via attribute selection measure, (c) divides S into
train/test sub-datasets that contains possible values for the
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best attributes, (d) generate decision tree node, which
contains best attributes, and (e) recursively make new
decision trees using the subset of the dataset created
[117]. Then continue this process until the criterion for
optimal solution is reached so that the tree can no longer
classify the nodes. Such is reached by leaf node via error
pruning and/or cost-complex pruning. Its demerits are: (i)
it is complex due to its many layers, (ii) may result in
overfit, resolved via a Random Forest ensemble, and (c)
computational complexity increases for large datasets
[118]. Furthermore, its merits are numerous and the feats
used in our DT construction are as in Table 3.

Table 3. The Decision Tree Classifier Design

Features Value Details
info gain 120 Number of trees constructed
learning rate 0.25 Step size learning to update ensemble
min_sample split 10 Minimal number of samples needed
. Number of features to be considered in
min_sample_leaf auto
place of ground-truth
(x,val, Dataset used for evaluating ensemble
eval set .2
— y val) performance at training
min_weight fracti 0.1 Determines tree’s structure based on
on_leaf ’ the weight assigned to each sample
max depth 5 Max depth of each tree
random state 25 The seeds for reproduction

Random Forest ensemble utilizes the bagging mode to
grow successive trees independently can be seen in Table
4. It uses bootstrap aggregation to construct each tree and
to sample its train data using a majority vote at its
prediction [119]. The RF extends this randomness via an
extra layer that changes how it constructs its trees. With a
tree, each node is split using the binary-tree predictor —
RF splits its nodes and randomly selects the best predictor
node from its subset of learner(s) [120]. Its recursive
structure helps it to capture interactions between various
predictors [121]. Its drawback is in its flexibility
[122][123] with data diversity and complexity [124] as its
outcome can yield lesser performance [125] for ground
truth. To curb this, we adopt hyper-parameter tuning to
greatly reduce model overfit, address imbalanced
datasets, and enhance accuracy in its quest for ground
truth [126][127].

Table 4. The Random Forest Ensemble Design

Adaptive Boosting combines multiple weak classifiers to
build a strong one can be seen in Table 5. Weak learners
are called decision stumps as they are DTs with a single
split. The ensemble places more weight on hard-to-
classify instances and less weight on data operating well.
Stumps are produced for every feature iteratively and
stored in a list until a lower error is received. The
weight (s) assigned to each example determines its
significance in the training dataset. Weights are updated
with each iteration to yield stumps’ performance.
Ensemble sequentially trains its predictors so that each
predictor tries to correct its predecessor [128]. Thus, they
are more robust against overfitting and yield a more stable
and improved performance.

Table 5. The AdaBoost Ensemble Design

Features Value Details

n_estimators 140

Number of trees constructed

learning rate 0.25 Step size learning to update the ensemble
max_depth 5 Max depth of each tree
random_state 25 The seeds for reproduction
. “error’, Evaluation metrics for ensemble
eval metric . ]
- logloss’] performance
(x,val, Dataset used for evaluating ensemble
eval_set .2,
- y val) performance at training
Determines if ensemble evaluation
verbose True

metric is printed at training

Features Value Details
n_estimators 150 Number of trees constructed
learning_rate 0.25 Step size learning for update

max_depth 5 Max depth of each tree
max_ features 5 Maximum number of features to
- construct the RF tree ensemble
min_sample leaf auto Number of feats to be considered
min_sample_split 10 Minimal samples needed
min_weight_fraction_| 01 Tree’s structure based on weight
eaf ’ assigned to each sample
random_state 25 The seeds for reproduction
eval _metric etror, Performance evaluation metrics
- logloss
eval set x,val, Train data for evaluation
- y_val
Determines if ensemble
verbose True evaluation metric is printed at
training

bootstrap True Ensures bootstrap aggregation use

warm_start False Ensure the tree does not restart

XGBoost is a tree-based leaner that scales the gradient-
boosting [129] to classify data points can be seen in Table
6. It yields a stronger classifier by aggregating its weaker
(base) learner tree via majority voting schemes over a
series of iterations on data points to yield an optimal fit
solution. It expands its goal function by minimizing its
loss function as Equation (2) to yield an improved model
to manage tree complexity more effectively [130]. For
optimality — the XGBoost leverages the predictive power
of weak base learners, to yield a better decision tree with
each iteration and account for the weak performance that
contributes to its knowledge about the task [131]. Thus,
with each tree trained on the candidate data, it expands
the objective function via a regularization term 2(f;) and
loss function [( Y, V") to ensure an appropriate fit of the
ensemble to yield improved generalization. This ensures
that both training dataset fits as a re-calibrated solution to
remain within its solution’s set boundaries, and tunes its
loss function for higher accuracy [132][133].
n
=Y 1T+ i) + 00 @)

i=1

Table 6. The XGBoost Ensemble Design

Features Value Details
n_estimators 250 Number of trees constructed
learning_rate 0.25 Step size learning to update the ensemble
max_depth 5 Max depth of each tree
random_state 25 The seeds for reproduction
eval metric . error J Performance evaluation metrics
- logloss’]
(x,val, .
eval_set y val) Train dataset to evaluate performance
. Determines if ensemble evaluation
verbose True

metric is printed at training
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B. Training Phase

Ensemble learns from scratch using the training dataset.
With tree-based models, its trees are iteratively constructed
to allow for bootstrap training of each tree to yield the
required enhancement using prediction probabilities on the
scaled and balanced dataset. This further enhances the trees'
collective knowledge and in turn, helps the ensemble to easily
and quickly identify all inherent intricate patterns present in
each data set since training blends both the newly created
synthetic and original samples in its dataset to guarantee all
base-learner comprehensive learning. This improves model
flexibility and adaptability for reuse in other domain tasks.

Hyperparameter tuning controls how much of the tree’s
complexity and its nodal weights need to be adjusted in place
of gradient loss. The lower the value, the slower we travel on
a downward slope — which also ensures how quickly a tree
abandons old beliefs for new ones during training. So that as
the tree learns — it identifies crucial from unimportant feats.
Our meta-learner yields a higher learning rate to imply that
our tree ensemble changes quickly as it learns newer features.
This flexibility grants its adaptability ease. The ensemble
uses regularization terms to ensure it quickly changes as
values remain within its lower and upper bounds. It does this
to ensure it adequately adjusts its learning and avoids poor
generalization. Then we carefully tuned these parameters:
max_depth, n_estimator, learning_rate, and booster to ensure
optimal performance [134].

Cross-validation is applied with 10 percent of the training
dataset to estimate how well-learned skills by the ensemble
perform on unseen data. It also evaluates the performance of
the ensemble’s accuracy on how well it has learned the feats
of interest via resampled and balanced dataset technique. We
use the stratified k-fold, to rearrange the data so that each fold
is a good representation of the dataset [135] and ensure our
proposed stacking ensemble is devoid of overfit with
improved generalization. We tested our resultant ensemble as
an embedded system deployed via Flask application program
interface (API) and Streamlit to help port the application onto
various platforms as an embedded system.

[II. RESULT FINDINGS AND DISCUSSION

A. Results Findings and Discussion

Table 7 shows the performance evaluation metrics for all
base-learners (Decision Tree, Random Forest, and AdaBoost)
respectively with the meta-learner (i.e. XGBoost Regressor).
Note that the purpose of the tree-based ensemble learning is
to reduce the outcome relations conflict caused therein due to
the diversity and computational complexities of the dataset
used. And in turn, ensure the ensemble is devoid of overfit
considering the 3-base-learners. However, since the stacking
ensemble can combine the performance of all 3-predictor
classifiers — we decided to ensure simple and non-complex
constructs for the tree-based, base-learners used.

Table 7. Base Learner Performance Metrics Details

Base-Learners  Accuracy  Precision  Recall F1
DT 0.9815 0.9805 0.9745  0.9805
AdaBoost 0,9968 0.9318 0.9848  0.9881
Random Forest 0.9981 0.9541 0.9881  0.9925
Meta-Learner
XGBoost 1.0000 1.0000 0.9999  1.0000

Table 7 shows that for our base-tree-classifiers — both the
Adaboost and Decision Tree underperformed in comparison
to the Random Forest. And this agrees with [90]. However,
all 3-base leaners (i.e. DT, RF, and Adaboost) yield training
accuracy of 0.9815, 0.9968, and 0.9981 respectively. With
Recall score(s) of 0.9745, 0.9848, and 0.9881 respectively;
And Precision of 0.9805, 0.9318, and 0.9541 respectively;
And Fl-score of 0.9805, 0.9881, and 0.9925 respectively.
Conversely, the meta-learner yields perfect scores for its
Accuracy, Recall, Precision, and F1 respectively. Thus, our
ensemble classifies traffic anomaly in spatiotemporal data
accurately as detected [136][137] dataset and has proven to
efficiently reduce bias and variance as in the confusion matrix
of Fig. 5 —yielding a more stable and robust heuristic for new
data and/or hidden underlying parameters within the training
dataset.

10.112

Fig. 5. Confusion Matrix for the Stacking Ensemble

The study supports that SMOTE-Tomek data balancing
outperformed both SMOTEEN and SMOTE modes, as it had
a greater influence in the quest for ground truth. It greatly
impacted the overall performance by identifying features of
importance that influence model prediction [138][139]. It
also had enhanced efficiency for differentiating between true-
positive and true-negative, and between false-positive and
false-negative scores [140][141]. Fig. 5 shows the confusion
matrix performance.

B. Comparison

As we explore the high performance of our proposed
stacking ensemble across the domain dataset to demonstrate
its flexibility, adaptability, robustness, and prediction ability
[142] — we also benchmark it against previous methods that
have utilized the same or similar dataset. To this end — we
found none [143]. Thus, we benchmark our ensemble against
similar design constructs on various datasets for various
domain tasks as seen in Table 8 [144][145].

Table 8. Benchmark / comparative testing of method

Methods Accuracy  Precision  Recall F1 Spec.
Ref [81] 0.8728 0.8500 0.8120 0.8925  0.9300
Ref [95] 1.0000 1.0000 0.9999  1.0000 1.0000
Ref[113] 0.7824 0.7631 0.7500  0.7732 -
Ref [146] 0.7815 0.7025 0.7372  0.7902 -
Ref [147] 0,9968 0.9318 0.9848 09881 0.8902
Ref [148] 0.9981 0.9541 0.9881 0.9925 0.7829
Our Method 1.0000 1.0000 0.9999  1.0000  1.0000

Whilst some domain task datasets have proven much
easier to detect/recognize and classified [149]; Others, have
also conversely proven to be more painstaking [150]. Some
domain task(s) such as medical and image records — require
its chosen ensemble design metric to be strongly impacted by
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the consequence of diagnostic errors within the captured
dataset. Thus, specificity and sensitivity are critical features
to be evaluated since they are directly related to the patient
clinical outcomes [151][152].

IV. CONCLUSION

Finding the balance between recall and specificity is also
a crucial feat as too much emphasis on one, can ripple across
the dataset — to yield a significant tradeoff for the other. In
addition, Accuracy can yield the idea of a model’s reliability,
which may also be less insightful for imbalanced datasets that
in some cases, render distorted perceived model performance
[153]. However, in truth and practice — F1 has been utilized
in assessing a heuristic’s performance on criteria such as data
imbalance — as it has been found to provide an altruist insight
into a technique's effectiveness in classifying positive cases
without the overprediction of false positives.

In tree-based ensembles — bagging mode at its simplest
form, explores majority voting from several independent
decision trees to aid its prediction. The boosting approach
learns from the errors of its base learner such that each
successor tree is sequentially based and/or linked to account
for its predecessor's error. We argue that when making a
decision, it is better to do it based on experiences from
previous mistakes rather than deciding for the first time. This
study proves that the use of a stacking ensemble with XGB
as a meta-classifier (with its hyper-parameter tuning) can help
result in perfect scores for AUC, F1, and other score criteria
as required for a great many data mining tasks.
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