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Abstract

Sufficient CO2 is indispensable for vegetation, but space and oceanic vehicles, industrial chimneys and land use
tons of extreme CO2 and are typically accountable for global warming, climate variations and greenhouse effect.
Owing to COVID19, CO2 discharge was in 2020 at its lower level than first ten years. However, the time taken is
not known to decrease, increase or change carbon emissions to an endurable point. Precise predicting of carbon
production has real consequences for selecting the optimal ways of decreasing carbon emissions. A pressing
necessity to control these carbon emissions is needed. The preliminary step is to precisely recognize the milestones
and threat levels. Specific thresholds should be mapped that formulate the maximum levels of CO2 namely — the
point of no return, risk point, and so on. This article focuses on the development of Multiple Attribute Group
Decision-Making with Neutrosophic Environment for Carbon Emission Prediction (MAGDM-NECEP) method
on Sustainable Urban Management. The MAGDM-NECEP architecture proficiently manages the multi-criteria
nature of emission calculation, while neutrosophic logic accommodates ambiguity and uncertainty in input dataset.
Furthermore, GSO enhances model parameters, improving prediction performance. The MAGDM synergy and
neutrosophic logic offer strong decision-making abilities, whereas GSO fine-tuned the model parameter for
superior outcomes. Empirical analysis establishes the efficiency of the presented technique in precisely predicting
carbon emission, providing valuable insight for the environmentalist and policymaker in developing efficient
mitigation strategy
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1. Introduction

The foremost reason for weather change and varying earth temperature is CO2 emission. Gas presence in
atmosphere fluctuates at one time or another. Few gases remain for some and many years [1]. Few gases are
generally considered as more dangerous than the others. As per the study directed by Intergovernmental Panel on
Climate Change, the ocean and land temperature was enlarged by an average of 0.85°C. Therefore, in the last 3
years, the emission of gases was high. It has reduced quantity of cold nights and days and improved quantity of
hot nights and days [2]. Carbon dioxide (CO2) is more scrupulous for the effect of Green House. Generally, there
are dissimilar features for CO2 emission like fermentation, burning of coal, oil, trees, wood products, solid waste,
living organisms, and natural gas [3]. We can realize that the accessible online site for the residence of carbon
calculators, carbon footprint, carbon offsetting, caring for the weather and CO2 reduction [4]. The development of
the economy, CO2 emissions and energy utilization are extremely associated with each other. The authors point
out that while the usage of resources like energy contains a bright side to development, it has harmful
environmental effects [5]. Traditional evolution models such as the Solow growth method failed to reflect the
environmental effects of growth. More current growth models study the interrelationship between environment,
energy, and economic growth [6].

CO2 forecasts are generally vital in industries directly correlated to heavy energy production/ consumption [7].
The forecast of carbon emissions and energy consumption is vital to help a corporation's energy development and
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carbon efficacy actions. For these reasons, time-sequence dataset is highly vital. Statistical and semi-hybrid
techniques like ARIMA (Auto-Regressive Integrated Moving Average) are employed for this reason. However,
forecasts are implemented by deep learning (DL) and machine learning (ML) models [8]. DL and ML models are
effective way so, their overviews were utilized in nearly every business from healthcare, and production to logistics
and much more. In addition, these models have created their approach to being used for weather change [9].
Different from statistical techniques, they deliver an edge over simple arithmetical models by employing many
features and systems. ML and DL approaches form numerous mathematical and computerized techniques acquired
from the data delivered and forecast prospect values [10]. ML and DL systems deliver very precise outcomes
which delivered that they were modelled consequently.

This article focuses on the development of Multiple Attribute Group Decision-Making with Neutrosophic
Environment for Carbon Emission Prediction (MAGDM-NECEP) method on Sustainable Urban Management.
The MAGDM-NECEP architecture proficiently manages the multi-criteria nature of emission calculation, while
neutrosophic logic accommodates ambiguity and uncertainty in input dataset. Furthermore, GSO enhances model
parameters, improving prediction performance. The MAGDM synergy and neutrosophic logic offer strong
decision-making abilities, whereas GSO fine-tuned the model parameter for superior outcomes. Empirical analysis
establishes the efficiency of the presented technique in precisely predicting carbon emission, providing valuable
insight for the environmentalist and policymaker in developing efficient mitigation strategy.

2. Related Works

In [11], a new carbon emission forecasting structure is developed for uniting linear and ML methods which reflects
both exterior influences and time dynamics. The method at first presents 12 initial influencing features. A united
forecast method by incorporating Support Vector Regression (SVR) and Autoregressive Integrated Moving
Average (ARIMA) techniques has been recognized to capture non-linear and linear features, correspondingly.
Kong et al. [12] utilize the identity of Kaya united with the logarithmic mean Divisia index (LMDI) decay model
to analyse the factors disturbing carbon emission and employ the correlation coefficient to depart from 8 extremely
linked features to build a prolonged STIRPAT method. This work presented the Adaboost model from MI to
improve the STIRPAT method. Lastly, scenario analysis is employed for predicting and analysing CO2
productions. Luo et al. [13] used the GM and the Mind Evolution Algorithm (MEA) techniques to enhance the BP
neural networks method and estimate CO2 productions. The technique assessed carbon emission utilizing the
lifecycle valuation model and IPCC carbon emission coefficient model. Moreover, the STIRPAT and Principal
Component Analysis (PCA) techniques are employed to pick and decrease significant parameters, recognizing 3
principal components. Then, the MEA-BP approach has been used.

In [14], a model dependent upon the BILSTM-CNN-GAN technique is projected. The BILSTMCNN-GAN
technique is a mixture of 3 DL models such as CNN, BiLSTM, and Generative Adversarial Networks (GAN). The
Bi-LSTM module is utilized to procedure past data and remove time-sequence data, whereas the CNN module
eliminates local structural and spatial feature data in urban carbon emissions and energy consumption data. Luo et
al. [15] begin a Multi-universe Quantum Harmony Search-Algorithm Dynamic Fuzzy System Ensemble
(MUQHS-DMFSE) composite method. This technique unites the MUQHS system with the DMFSE model by
planning the working flow of the MUQHS model, generating the DMFSE composite forecast method, presenting
a sliding factor matrix, and utilizing the MUQHS system to hunt for the optimum sliding factor. This study uses
the Data Envelopment Analysis (DEA) model and creates Banker-Charnes-Cooper (BCC) and Charnes-Cooper-
Rhodes (CCR) techniques. Ding et al. [16] reflect the effect of time-lag and interface effect of the manipulating
factors on CO2 productions at the same time and form a novel grey multi-variate coupled model (CTGM) for CO2
productions forecast by presenting the grey multi-variate delay and Choquet fuzzy integral model. The whale
optimizer algorithm (WOA) was intended to obtain the optimum parameter and precision of the method. The novel
technique is planned for suitable data on carbon emission.
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Figure 1: Overall flow of MAGDM-NECEP method
3. The Proposed Model

In this article, we focus on the desgin of MAGDM-NECEP method for sustainable urban management. The
MAGDM-NECEP architecture proficiently manages the multi-criteria nature of emission calculation, while
neutrosophic logic accommodates ambiguity and uncertainty in input dataset. Fig. 1 represents the entire flow of
MAGDM-NECEP method.

A Parameter Tuning

In an algorithm of GSO, the swarm is named a cluster of glowworms (GW) that are spread in the search space at
random [17]. The particular GW directs a radiant amount such as luciferin. In addition, the GW is also capable of
making their individual choices in decision area GMY (0 < GMJ < GM,,). The tactic behind the contact between
GW is given in the following: the light power of GW is equivalent to related luciferin directly, and contact with
other GW, that is obtainable in flexible neighborhoods. Besides, the luciferin strength has been significantly related
to the current location. The position of the optimal GW is recognized if and only if, the strength of luciferin is
higher. Presume a g GW, and w specifies its adjacent GW if and only if w is in its range of neighborhood. Fig. 2
represents the flowchart of GSO.

Generally, the neighborhood is definite as the local decision area beside GMY, which arrays the radial sensor range
GMu(O <GMYJ < GMu). The GW range is in an exact format: the neighborhood GW with maximal value of
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luciferin than existing GW is preferred and ahead near it. Normally, the algorithm of GSO contains 4 phases such
as initialize, luciferin-update, movement and update of neighborhood range.

Phase 1: Initialize

Here, the GW is spread throughout the search range at random. Then, the GW have same luciferin strength with
parallel decision area GM,.

Phase 2: Luciferin-Update

Generally, the luciferin strength of GW is very connected to the fitness position’s. When the strength value is
bigger, it gets the optimal location. Or else, it is measured as poor. The GW’s location acquires diverse once the
iteration rises and the luciferin value is upgraded mechanically. The g GW location at r time is X,(t) and the

linked value of objective function at g GW position at ¢ is (X, (t)). Additionally, put / (Xg (t)) to LU, (t), which

represents the luciferin level that is connected to g glow- worm at t and it is definite in Eq. (1), in which 0 states
the luciferin deterioration constant (0 < v < 1),  denotes the luciferin enhancement constant.

LU,(t) = (1 = v)LU,(t — 1) +7 (] (Xg(t))> (1)

‘ Initialize the Parameters of GSO

Initialization of the Glowworms Position
\

‘ Initialization of the Glowworms Local Decision Range

Evaluate Glowworms Fitness

Update Glowworms value
Update the Movement of Glowworms

‘ Update the Glowworms Decision Range

Update the Fitness value of Glowworm

Return the Best Optimal Solution

Figure 2: Flowchart of GSO
Phase 3: Movement

In this stage, all the GW pick their neighbor and track it with a typical prospect. The neighbor GW of g wants to
fulfil dual needs: At first, GW at the decision area of g GW,; additional is that the luciferin value must be larger
than the g GW value. Besides, g GW travels near w neighbor that starts from N, (t) with a committed probability
PTy(t), and it is conveyed as assumed in Eq. (2).

LU, (t) — LU,4(t)
ZleWg(ti) LU (t) — LU4(t)

PT,;(t) = (2)
Once the movement of g GW occurs, the location acquires upgraded and the valuation of location upgrade has
been specified in Eqg. (3), whereas size specifies the size of step.
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Xyt + 1) = X;(t) + size * ( X () — Xy (8) )

”Xw(t) - Xg(t)”
Phase 4: Update of neighborhood area.

After upgrading the GW position, it tracks the upgrade of range of neighborhood. If the neighborhood area refuges
up tiny GW compactness, then it gets higher or else reduced. The upgrade formulation is set in Eq. (4), whereas 1
specifies the constant parameter. Where, nu, has been marked as the parameter to handle neighbors amount.

GMI(t + 1) = min {GMu, max{0, GM? (t) + A|N, (t)|}} (4)

The GSO model is used to derive an FF for obtaining superior classifier results. It describes a positive integer to
characterize the high efficiency of solution candidate. Now, the decline of classifier error is assumed as the FF.

fitness(x;) = ClassifierErrorRate(x;)

_ No.of misclassified samples
h Total No.of samples

%100 (5)

B. Design of MAGDM Method

The MAGDM synergy and neutrosophic logic offer strong decision-making abilities, whereas GSO fine-tuned the
model parameter for superior outcomes.

A Vague set V on the universe of dissertation X formulated by A = {< x,t,(x),1— fa(x) > |x € X}. is
considered as a t,and f, truth- and false-membership functions [18].

ty:U = [0,1], f,:U > [0,1],and t, + f, < 1

Assume A and B as vague sets forA={<uxt,(x),1—-f,(x)>|x€eX} and B=
{<xtg(x),1— fg(x) > |x € X}. Thus

i.Acifandonlyift,(x) < t(x)and 1 — fu(x) <1 — fz(x).

ii. A=Bifandonlyif A € Band B c A.

iii. A° = {< x,1 — f(x), t4(x) > |x € X}.

iv. AB = {< x, max (t,(x), tz(x)), max(1— f4(x),1— fz(x)) > |x € X}.

v.ANB = {< X, min(tA(x), tB(x)),min(l — fa(x),1— fB(x)) > |x € X}.

A neutrosophic set A on the universe of dissertation X is given below

A={<x,Ty(x),1;(x), F4(x) > x € X}where T, [, F: X »]70,1"[and~0 < T,(x) + I,(x) + F,(x) < 3™.

A neutrosophic vague set ANV (NVS) on the universe of dissertation X represented as ANV =
{<x;TNV(X),INV(X),FNV(X) >; x € X} whose truth, indeterminacy and false-membership functions are
written below:

TNV (x) = [T~,T*],INV(x) = [I~,I*], FNV = [F~,F*] where
)T*=1—F"

2)Ft=1-T"and

3)0" <T 41 +F S2*.

Assume X as a universe of discourse. The bipolar neutrosophic set ANS in X is described by the object for ANS =
{<x;TH(x), 1T (x), FT(x), T~ (x),I" (%), F~(x) >;x € X}

Where T+, F*,I*:X - [1,0] and T~,F~,I": X - [-1,0]. Let ANV = {< x; TNV (X),INV(X),FNV(X) >;x €
X}and BNV = {< x; TNV (X),INV(X),FNV(X) >;x € X} two neutrosophic vague set in X. Next, the two
Jaccard index measures of ANV and BNV are introduced according to the distance and weighted Jaccard index
measure of two vectors, correspondingly
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Inv(Any, Byy) =

[Tavy (- Tany ()] + [Tany (- Tany ()] + [y Oc)- Iy ()] + [awy () - Igny ()] + [Faw () Fgaw ()]
+[Fany (xi)- Fgny ()]
(T ed1? + [Tany (x)1? + [Tawy D1? + [Tany ()12 + [Liyy (6)1% + gy 6)1% + Ly (6)]1? + Uzny (x:)]1%)
+[Ffww )12 + [Fany ()1 + [Fayy (x)1% + [Fany ()12,
=Ty (). Tgyy ()] + [Ty (). Ty ()] + [Liyy (). gy ()] + [Liyy (). Igyy (x)1)
+[Fanv () Fany (x)] + [Fayy Cei) Fany (x)])

Weighted Jaccard index measure according to two vectors

W]ny(Any, Byy) =

(6)

n
i=1

n [Tavw (). Tany ()1 + [Tany (). Tawy ()1 + Ly o). vy (x)] + [Ty (). Iy (x)]
Z(Wi) +[Favy (). Fgny ()] + [Fany (x0). Fny (x)]

([Tivy )2 + [Tay (12 + [ty (x)12 + [Tany ()12 + iy ()12 + [y ()12 + [Ty (612 + [y (x12)
+[Fiww )% + [Feny ()1 [Fany )1 + [Fany (x:)]%,
— ([T () Ty )] + [Tany (). Tayy ()] + [y ()] + Wy (- Izyy ()]
+[FA+Nv(xi)-Fg—Nv(xi)] + [FA_Nv((xi)FB_Nv(xi)D

The 2 Jaccard index measures J(Ayy, Byy) for the NVs satisfy (p1)-(p3):
(P1)0 < Jyy (Any, Byy) < 1

(P2)/nv (Anv, Byy) = Inv (Byv, Anv);

(p3) If Ayy = By, then Jyy (Any, Byy) = 1.

First, we prove (p1) — (p3) of J(Anv, Byv)

(p1) clearly Jyy (Awy, Byy) 2 0

we must prove [y, (Ayy, Byy) < 1 by the inequality

2ab < a? + b2.
+Tab[—|. — Q]+ [Tab0 ||. 0 |[]

n ([TAtVV(xi)'T;NV(xi)] + [Tany (x)- Tgny (x)] + [IXNV(xi)'I;NV(xi)] + [IA_NV(xi)'II;NV(xi)]) <
= +[Edvw (). Fgny ()] + [Fany (). Fany (x:)] -

([TAtvv(xi)]z + [Tawy )17 + [Tany (x)1% + [[Tany (1% + [Livy ()12 [y ()] +)

[Lany (6)1% + [gny ()17 + [Edwy (6)1? + [Fany ()17 + [Fany (1% + {Fany (x)1?

_ ([TA+NV(xi)- Teny )] + [Tany (- Tay ()] + Ly (- Igny (D] + [IA_NV(XL')'IENV(xi)])
+[Faiwy (x0)- Fgny (x)] + [Fany (x0). Fany (x)]

n
21':1

[Tany (). Tany ()] + [Tany (6. - Tany ()] + [Liyy (). Igny ()] +
[Lany (x0)- Igny ()] + [Fiww () Fgny ()] + [Fany (x0)- Fany (x0)]

-

i=1 ([TAJ?vv(xi)]z + [Tawy )12 + [Tay ) 1% + [[Tawy () 1% + iy e 12 [Ty ()12 +) =1
[Lany ()1 + gy ()% + [Fiwy (x)]? + [Fany (x)1? + [Fany ()] + [Fayy (x)]?
_ ([TA-'I—VV(xi)'T;NV(xi)] + [Tanw (- Tapy (6] + [y () - Iy ()] + [IA_NV(XL')'IENV(xi)]>
+[E vy () Fgny ()] + [Fay (x0)- Fapy ()]
“Inv(Any, BNV) <1
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Thus, 0 < Jyy (Ayy, BNV) < 1 holds.
(p2) Itis clear that

Jnv(Any, BNV) = Jyy (Byy, ANV),

~ Itis true.

(P3) if Ay = By,

(T v (xi), TANV(X); ITANV(XD), Ly (X0); Efyv(XD), Fiyy (X0)) =
(Tgyv(xi), TBNV (X); IZyv(xi), IBNV (X) ; Fiyv(xi), Fayv(x))

wherei =1,2,3........, 1.
Now, AV and BNV are two vectors so,

l1AnvIl = lIByv |l where

lAny Il = \/[TA-'I—VV(xi)]Z + [Ty 1% + [Lwy )12 + Ly (612 + [Fayy ()17 + [Fayy ()12

1By Il = \[ [Taww (D17 + [Tany ()12 + [Lgny (D1 + [any (D17 + [Fay ()17 + [Fany (x)]?

A .B
And there are ——MV"NV_
ANV IIIBNVI

~[Tany (D) TEny DI+ [Tany () Tany () 1+ U ANy (e (xx D+ Lany () iy, (0]
+HFANy (e)-Fgny () J+ [Fany eo)-Fany (o) -1

J [T ANy 01+ Tany o1+ Lany 01+ Wawy (K01 +Fany (el +[Fawy (X1

J[T);Nv(xi)]z"'[TB_Nv(xi)]Z+[l);)vv(xi)]z+[l§1vv(xi)]2+[Fg1vv(xi)]2+[F§Nv(xi)]2
Therefore,

Inv(Any, Byy) = 1.

Hence, we proved. Assume the weighted Jaccard index measure between AV and By, correspondingly, as
follows:

W]NV(ANV' BNV)

n [Tiww Ce)- Tgny (6] + [Tanw (). Tany ()] + [y (). Iy (x)] +
_ Z(Wi) [Lanv (x0)- gy ()] + [Fawy () Fany ()] + [Fany (%) Fany ()]
= ([TA_'I—VV(XL')]Z + [Ty )1 + [Tany ()1 + [[Tayy ()12 + [Liy ()12 Ugny ()] +>
[Lawy ()12 + Ugny ()% + [Fay ()12 + [Fany ()] + [Fawy (6D 1% + [Fauy (x)]?
_ ([TAJ?vv(xi)-TBJrNV(xi)] + [Tanw G- Tany Ged1 + [y (- Igny ()] + [y (60)- Ipwy (xi)])

+Eyy () Fgny (c)] + [Fany (x0)- Fayy ()]
Where Wi € [0,1],and X 1-,w; = 1fori =1,2,....,n.
The weighted Jaccard index measures W] (Ayy, BNV) statisfy the (p1)-(p3):
(p1)0 < W)y (Any, BNV) < 1;
(P2)W ]y (Any, BNV) = W]y (Byy, ANV);
(p3) If Ayy = Byy, then Wiyy (Ayy, Byy) = 1.
We prove (p1) — (p3) for Wyy (Awy, Bav).
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For the MAGDM problems, consider G = {g4, g2, *** gm} and A = {A4,,A2 --- A,,} a set of m and n attributes. The
weight vector of the attributes Aj (j = 1,2,,n) is wA = (wAl, wA2,, wAn)T, satisfywAj € [0,1], and Y= waj =
1 forj = 1,2,...,n. Consider that EX = {EX,EX, ..., EX} is a grou=1specialist and the weight vector is wy =
(w1, Wg2,, Wgy)", satisfy wgk[0, 1], and Y_, wge = 1. The specialist can allocate the degree of truth-, falsity,
and indeterminacy functions to 4;(j = 1,2, ... ,n) on the selections g;(i = 1,2, ...,m) based on the neutrosophic
environment correspondingly.

D¥ = (df;)m xn = [Df,D,.,DK]", isan NVs for TNV, INV, Fy, € [0, 1]
Next, the Jaccard index measure of neutrosophic vague set is to resolve the MAGDM problem.
Step 1: We establish the Ns, BNs, NVs matrix Gy» = (g7 )ax3Gi (i = 1,2,3,4):
Gy = (gf;)m xn = [GF,G,.,GR]"
Step 2: Evaluate the weighted Jaccard index measures values using H.

Step 3: Evaluate the weighted Jaccard index measure value to assess the alternatives G; (i = 1,2,,m).

y
Ju(D¥,G;) = Z wEk]H(Dikt Gi) ®
k=1
y
WJu(D¥,6) = ) e Ju(DE,G) ©)
k=1

Where wg € [0,1] and Y3 _, wgi = 1.

Step 4: Rank each alternative based on the W], (D, G;) or J;(D¥, G;) and choose the best option.
Step 5: End.

4, Result Analysis

This section inspects the performance of the MAGDM-NECE technique on carbon emission dataset. It contains
600 samples with 6 classes as depicted in Table 1.

Table 1: Details of dataset

Classes No. of Instances
Good 100
Satisfactory 100
Moderate 100
Poor 100
Very Poor 100
Severe 100
Total Instances 600

The performance of the MAGDM-NECE model on test data is validated in Fig. 3. The confusion matrices
presented by the MAGDM-NECE system on 70%TRAS and 30%TESS are described in Figs. 3a-3b. The outcome
specified that the MAGDM-NECE model has precisely recognized and categorized all 6 classes. Similarly, the PR
examination of the MAGDM-NECE model is established in Fig. 3c. The figure shows that the MAGDM-NECE
model has gained high PR value on each class label. Finally, the ROC investigation of the MAGDM-NECE method
is exemplified in Fig. 3d. The figure shows that the MAGDM-NECE technique has led to positive outcomes with
highest ROC performances on various classes.
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Figure 3: Classifier results of (a-b) 70% and 30% of confusion matrices and (c-d) PR and ROC analysis

The performance of the MAGDM-NECE model are shown in Table 2 and Fig. 4. The results suggest that the
MAGDM-NECE technique properly identified various classes. With 70%TRAS, the MAGDM-NECE method
attains average accu,, of 92.70%, prec,, of 77.86%, 77.85%, 77.32%, and 77.58%, correspondingly. Additionally,

with 30%TESS, the MAGDM-NECE method attains average accu, of 94.63%, prec, of 83.89%, 84.17%,
83.98%, and 84.01%, correspondingly.

Table 2 Recognition outcome of MAGDM-NECE technique under 70%TRAS and 30%TESS

Classes Accu, Prec,, Reca, Fgcore G Measure
TRAS (70%)

Good 95.71 86.42 90.91 88.61 88.64
Satisfactory 94.05 79.52 89.19 84.08 84.21
Moderate 90.00 79.59 54.93 65.00 66.12

Poor 94.29 78.38 87.88 82.86 82.99

Very Poor 90.71 66.67 74.19 70.23 70.33
Severe 91.43 76.56 70.00 73.13 73.21
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Average 92.70 77.86 77.85 77.32 7758
TESS (30%)

Good 96.67 86.96 86.96 86.96 86.96
Satisfactory | 96.11 85.19 88.46 86.79 86.81
Moderate 92.22 77.78 72.41 75.00 75.05
Poor 95.00 85.71 88.24 86.96 86.97
Very Poor 92.22 83.33 78.95 81.08 81.11
Severe 95.56 84.38 90.00 87.10 87.14
Average 94.63 83.89 84.17 83.98 84.01

The classifier outcomes of the MAGDM-NECE method are graphically shown in Fig. 5 in the form of training
accuracy (TRAA) and validation accuracy (VALA). The outcome displays valuable analysis of the behavior of the
MAGDM-NECE model over different epochs, indicating its generalization capabilities and learning process.
Notably, the figure indicates a constant development in the TRAA and VALA with increasing epoch count. It
ensures the adaptable nature of the MAGDM-NECE model in the pattern detection model on both datasets. The
increasing tendency in VALA describes the capability of the MAGDM-NECE model to adapt to the TRA dataset
and excel in providing correct classifier of hidden dataset, showing the strong generalisability.
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Figure 4: Average of MAGDM-NECE technique under 70%TRAS and 30%TESS
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Figure 5: Accu,, curve of the MAGDM-NECE technique

Fig. 6 exhibits a comprehensive review of the training loss (TRLA) and validation loss (VALL) results of the
MAGDM-NECE technique over dissimilar epoch counts. The progressive decline in TRLA highlights the
MAGDM-NECE method enhancing the weights and reducing the classification error on both datasets. The figure
demonstrates a clear insight of the MAGDM-NECE model's relationship with the TRA dataset, which highlights
its ability to capture patterns within both datasets. Notably, the MAGDM-NECE method recurrently increases its
parameters in diminishing the variances amongst the prediction and real TRA classes.
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Figure 6: Loss curve of the MAGDM-NECE technique

The performance of the MAGDM-NECE technique is compared with other models in Table 3 and Fig. 7. Based
on accu,, the MAGDM-NECE technique offers increased accu, of 94.63% while the RF, KNN, VGG16,
Inception v3, LSTM, and CNN models attain decreased accu,, of 89.64%, 91.20%, 90.65%, 93.13%, 91.26%, and
92.71%, correspondingly. Also, based on prec,, the MAGDM-NECE method provides better prec,, of 83.89%
while the RF, KNN, VGGL16, Inception v3, LSTM, and CNN technique obtain reduced prec,, of 79.73%, 81.13%,
78.55%, 78.65%, 80.53%, and 77.21%, correspondingly. Moreover, based on reca;, the MAGDM-NECE method
provides improved reca; of 84.17% while the RF, KNN, VGG186, Inception v3, LSTM, and CNN techniques
obtain reduced reca; of 77.67%, 81.18%, 79.33%, 82.91%, 82.64%, and 82.20%, correspondingly. Finally, based
on Fy.pre, the MAGDM-NECE model provides superior F.,.. Of 83.98% while the RF, KNN, VGG16,
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Inceptionv3, LSTM, and CNN techniques obtain reduced F,,,.. of 79.12%, 82.27%, 78.46%, 82.27%, 82.34%,
and 77.60%, correspondingly. Accordingly, the MAGDM-NECE model can be exploited for enhanced results.

Table 3. Comparative analysis of MAGDM-NECE technique with recent algorithms

Method Accu,, Prec, Reca, Fscore
Random Forest 89.64 79.73 77.67 79.12
KNN Algorithm 91.20 81.13 81.18 82.27
VGG16 Model 90.65 78.55 79.33 78.46
InceptionV3 93.13 78.65 82.91 82.27
LSTM Model 91.26 80.53 82.64 82.34
CNN Model 92.71 77.21 82.20 77.60
MAGDM-NECE 94.63 83.89 84.17 83.98
97.5 7 T :
i [ Random Forest [ LSTM Model
95.0 _ [ KNN Algorithm I CNN Model
! [ VGG16 Model I MAGDM-NECE
9251 7 | [ InceptionV3
90.04 [
ET— 87.51
0
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% 85.0 1 -
S ! ! !
82.51
80.0 1 - B emmEenl | .
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75.0 T
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Figure 7: Comparative analysis of MAGDM-NECE model with existing algorithms
5. Conclusion

In this article, we focus on the development of MAGDM-NECEP method for sustainable urban management. The
MAGDM-NECEP architecture proficiently manages the multi-criteria nature of emission calculation, while
neutrosophic logic accommodates ambiguity and uncertainty in input dataset. Furthermore, GSO enhances model
parameters, improving prediction performance. The MAGDM synergy and neutrosophic logic offer strong
decision-making abilities, whereas GSO fine-tuned the model parameter for superior outcomes. Empirical analysis
establishes the efficiency of the presented technique in precisely predicting carbon emission, providing valuable
insight for the environmentalist and policymaker in developing efficient mitigation strategy.
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