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ABSTRACT

This study uniquely integrates Long Short-Term Memory networks
(LSTM) and Graph Convolutional Networks (GCN) with a multi-head
attention mechanism to address dynamic carbon pricing optimization in
green transportation supply chains, overcoming the limitations of tradi-
tional static models. As global climate change issues become increasingly
severe, the design of carbon pricing mechanisms for green transporta-
tion supply chains has become a key factor in promoting sustainable
development. We construct a hybrid deep learning model that simultane-
ously captures temporal dependencies in carbon emission data and spa-
tial relationships in supply chain network structures. Traditional carbon
pricing methods often rely on static models and simplified assumptions,
making it difficult to adapt to complex and dynamic supply chain envi-
ronments. Experimental results show that the proposed deep learning
method improves carbon price prediction accuracy by 23.7% compared
to traditional methods and achieves 18.5% improvement in supply chain
cost optimization. Furthermore, the method achieved an average 21.6%
carbon emission reduction and 15.5% cost reduction in three real green
transportation supply chain cases, demonstrating its effectiveness in prac-
tical applications. The multi-objective optimization framework success-
fully balances the trade-off between economic and environmental bene-
fits through organic integration of genetic algorithms and deep learning
models. Ablation experiments validated the importance of each model
component, and sensitivity analysis confirmed the rationality of parameter
settings. This method provides strong technical support for formulating
more precise and dynamic carbon pricing policies, offering significant
theoretical value and practical significance for promoting sustainable
development of green transportation supply chains.

1 Introduction
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In the context of increasingly severe global climate change, the transformation of green transporta-
tion supply chains has become a key pathway to achieving “dual carbon” goals. According to reports
from the Intergovernmental Panel on Climate Change (IPCC), the transportation industry contributes
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14% of global greenhouse gas emissions, with carbon emissions from supply chain segments account-
ing for a significant proportion [1,2]. Traditional carbon pricing mechanisms mostly rely on static
models and linear assumptions, making it difficult to adapt to the complexity and dynamics of modern
supply chain networks [3,4]. Meanwhile, deep learning technologies have demonstrated tremendous
potential in time series prediction, network modeling, and intelligent optimization, providing new
technical means for innovation in supply chain carbon pricing mechanisms [5,6]. However, how to
effectively combine the technical advantages of deep learning with domain knowledge of carbon
pricing to construct an intelligent framework that can both accurately predict carbon emissions and
dynamically optimize pricing strategies remains a major challenge facing current research [7,8].

Existing research shows significant gaps and deficiencies in the integration of deep learning and
carbon pricing mechanisms. First, most carbon pricing research still adopts traditional operations
research methods, lacking deep modeling capabilities for supply chain temporal dynamics and network
topological structures [9,10]. Second, existing deep learning applications mainly focus on single-
task optimization, lacking end-to-end frameworks that organically integrate prediction and decision-
making [11,12]. Finally, in handling multi-objective optimization problems in supply chain networks,
existing methods often ignore the complex interactive relationships of spatiotemporal features [13,14].
Therefore, our research addresses the following three key issues: (1) How to construct a hybrid deep
learning model capable of simultancously processing temporal carbon emission data and supply
chain network structures; (2) How to design a multi-objective optimization framework to achieve
dynamic balance between cost-effectiveness and environmental benefits; (3) How to establish an end-
to-end intelligent carbon pricing mechanism that supports real-time decision-making and strategy
adjustment.

Research Gap Identification. Despite the progress in applying deep learning to supply chain
management, critical gaps remain in carbon pricing mechanism design. First, existing deep learning
approaches primarily focus on either temporal prediction (using RNN/LSTM) or network analysis
(using GNN), but fail to integrate both dimensions in a unified framework [6,11,12]. Second, most
carbon pricing research treats prediction and optimization as separate tasks, lacking end-to-end
frameworks that can generate actionable pricing strategies directly from raw data [3,9,10]. Third,
current multi-objective optimization methods for green supply chains do not adequately model the
dynamic trade-offs between cost efficiency and emission reduction under real-time market conditions
[13,14]. Finally, the interpretability and generalizability of deep learning models in carbon pricing
applications remain underexplored, limiting their adoption in policy-making contexts [15].

The main contributions of this work can be summarized as follows:

1. We propose a novel LSTM-GCN hybrid architecture with multi-head attention mechanism
that simultaneously captures temporal carbon emission dynamics and spatial supply chain
network structures, addressing the limitation of existing single-modal approaches.

2. We design an end-to-end multi-objective optimization framework that integrates genetic
algorithms with deep learning models, enabling real-time carbon pricing strategy generation
while balancing economic and environmental objectives.

3. We provide comprehensive empirical validation on three real-world green transportation
supply chain cases, demonstrating significant improvements: 23.7% in prediction accuracy,
21.6% in emission reduction, and 15.5% in cost savings compared to traditional methods.

4. We conduct extensive ablation studies and sensitivity analyses to provide insights into the con-
tribution of each model component and parameter configuration, offering practical guidelines
for implementation.
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The article is organized as follows: Section 2 reviews related research on green supply chain
management, applications of deep learning in carbon emission prediction, and multi-objective opti-
mization methods; Section 3 details the LSTM-GCN hybrid model architecture, multi-objective opti-
mization algorithm design, and algorithm implementation details; Section 4 validates the effectiveness
of the proposed method through large-scale experiments and analyzes application effects in real
cases; Section 5 discusses the theoretical contributions, practical significance, and future development
directions of the research; Section 6 summarizes the main conclusions and policy recommendations
of the entire paper.

2 Related Work
2.1 Research on Green Supply Chain Carbon Pricing Mechanisms

Green supply chain management, as an important strategy to address climate change, has always
been a focus of attention in academia and industry regarding its carbon pricing mechanism design.
Early research mainly concentrated on theoretical analysis of two basic pricing models: carbon tax
and carbon trading [1,2]. Beamon [1] first proposed the conceptual framework of green supply chains,
laying the theoretical foundation for subsequent research. Carter and Rogers [16] further developed
the theoretical system of sustainable supply chain management, emphasizing comprehensive consid-
eration of environmental, economic, and social benefits.

In recent years, research focus has gradually shifted toward dynamic pricing mechanisms and
multi-objective optimization methods. Zhang et al. [9] proposed a dual-channel supply chain network
equilibrium model under progressive carbon tax regulation, analyzing the impact of different carbon
tax policies on supply chain decisions. Qu et al. [4] studied low-carbon supply chain optimization
problems considering warranty periods and carbon emission reduction levels under cap-and-trade
mechanisms. Tavana et al. [3] constructed a location-inventory-routing optimization model for green
supply chains under uncertain environments, balancing costs and emissions through mixed integer
programming methods. However, most of these studies are based on static assumptions, lacking in-
depth consideration of supply chain dynamics and complexity [10,17].

Latest research has begun exploring applications of big data and artificial intelligence technologies
in carbon pricing. Sarkis et al. [18] studied strategies for reducing carbon footprints in sustainable
supply chain management using big data technologies. Kong et al. [10] employed system dynamics
methods to analyze carbon abatement measures in maritime supply chains. Although these studies
introduced new technical means, there is still considerable room for development in the deep integra-
tion of deep learning and carbon pricing mechanisms [19,20].

Critical Assessment. While these studies have established important theoretical foundations for
green supply chain carbon pricing, they exhibit several critical limitations: (1) Most models assume
static supply chain structures and fail to capture dynamic network reconfigurations [9,10]; (2) The
reliance on simplified linear relationships between carbon prices and emissions overlooks nonlinear
feedback mechanisms [3,4]; (3) Limited consideration of spatial heterogeneity across supply chain
nodes leads to suboptimal pricing strategies [17,21]; (4) Lack of real-time adaptability makes these
approaches unsuitable for rapidly changing market conditions. These gaps motivate the development
of more sophisticated, data-driven approaches that can handle complexity and dynamics inherent in
modern supply chains.
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2.2 Applications of Deep Learning in Supply Chain Management

The application of deep learning technologies in supply chain management has evolved from
simple prediction to complex decision optimization. Jordan and Mitchell [5] pointed out in their
review of machine learning development trends that deep learning has unique advantages in complex
system modeling. Mahadevaswamy and Swathi’s [22] probabilistic machine learning theory provided
important guidance for supply chain uncertainty modeling.

In time series prediction, deep learning technologies have shown significant advantages.
Sunetal. [23] proposed a sentiment analysis method based on bidirectional LSTM networks, providing
technical reference for bidirectional modeling of time series data. Sun et al. [24] successfully applied
residual enhanced channel spatial attention networks and frequency domain time series feature fusion
methods in stock price prediction, proving the effectiveness of deep learning in financial time series
prediction [25]. These studies provided important technical references for carbon emission time series
prediction [11,12].

In network structure modeling, the development of graph neural networks has brought new
opportunities for supply chain network analysis. Riahi et al. [26] systematically reviewed research
trends of machine learning in supply chain management, pointing out the potential of graph neural
networks in handling supply chain network topological structures. Islam et al.’s [27] bibliometric
analysis showed that artificial intelligence applications in supply chains are developing toward more
complex and intelligent directions [6,28].

However, existing research still has deficiencies in combining temporal modeling with network
structure modeling. Most studies either focus on time series prediction or network analysis, lacking
effective integration mechanisms [29,30]. Furthermore, in specific applications of supply chain carbon
emission prediction, how to handle the interaction between multi-scale temporal features and complex
network relationships remains a key unresolved issue [31].

Limitations of Current Approaches. Despite these advances, existing deep learning applications in
supply chain management face three major challenges when applied to carbon pricing: (1) Temporal
models like LSTM capture sequential patterns but ignore the network topology of supply chains
[11,23]; (2) Graph neural networks model spatial relationships but struggle with temporal dynamics
[26,28]; (3) Most studies focus on single-objective optimization (e.g., cost minimization or demand
forecasting) and lack integrated frameworks for multi-objective decision-making in carbon pricing
contexts [29-31]. Our work addresses these limitations through a hybrid architecture that synergisti-
cally combines temporal and spatial modeling capabilities.

2.3 Multi-Objective Optimization and Intelligent Decision Methods

Multi-objective optimization, as an important method for handling complex decision problems in
supply chains, has seen rapid development in both theory and algorithms in recent years. Traditional
multi-objective optimization methods mainly based on mathematical programming and evolutionary
algorithms have achieved certain effectiveness in handling trade-offs between supply chain cost, time,
and environmental objectives [32,33].

The application of reinforcement learning in multi-objective decision-making has opened new
pathways for intelligent supply chain management. Qiu et al. [13] proposed a dynamic multi-objective
supply chain decision method based on reinforcement learning and evolutionary strategies, demon-
strating the potential of reinforcement learning in handling multi-objective optimization problems
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under dynamic environments. Wang et al. [33] developed a dual deep Q-learning network guided multi-
agent path planning method, providing technical solutions for intelligent optimization under complex
decision environments.

In specific applications of green supply chains, multi-objective optimization methods have grad-
ually evolved from pure mathematical modeling toward intelligent decision-making. Xiao et al. [34]
combined dynamic data envelopment analysis and artificial neural networks to predict green supplier
efficiency, achieving organic integration of multi-objective evaluation and prediction. Obermeyer and
Emanuel [35] constructed a big data cloud computing framework for low-carbon supplier selection
in beef supply chains, achieving multi-objective optimization. Ahmad Jauhari et al. [20] studied the
impact of technological dimensions of green supply chain management practices on firm performance,
analyzing the value of technological innovation from a multi-objective perspective [14,34].

Although existing research has made important progress in multi-objective optimization methods,
there are still obvious deficiencies in intelligent decision-making for carbon pricing mechanisms. First,
most studies adopt offline optimization approaches, making it difficult to adapt to real-time changes
in supply chain environments [36]. Second, existing methods lack adaptive capabilities when handling
dynamic trade-off relationships among multiple objectives [37,38]. Finally, end-to-end frameworks
that organically integrate prediction models with optimization decisions are still lacking, limiting the
practical application effectiveness of intelligent carbon pricing mechanisms [15,39].

Gap in Multi-Objective Carbon Pricing. Existing multi-objective optimization research exhibits
three critical deficiencies for carbon pricing applications: (1) Offline optimization paradigms cannot
adapt to real-time supply chain disruptions and market volatility [33,36]; (2) Static trade-off weights
between objectives fail to capture dynamic priority shifts in policy contexts [13,37]; (3) Disconnection
between prediction models and optimization algorithms leads to suboptimal solutions due to error
propagation [14,15,39]. These limitations underscore the need for an integrated deep learning frame-
work that performs end-to-end optimization from raw data to pricing strategies.

2.4 Comparative Analysis of Existing Approaches

To systematically position our contribution, Table 1 provides a comprehensive comparison of
representative studies in green supply chain management, deep learning applications, and multi-
objective optimization.

Table 1: Comparison of related works

Study Method Dataset Key Limitations
type features
Zhangetal.[9]  Mathematical Simulated Static No temporal
programming supply carbon tax dynamics;
chain model simplified
network
Quetal.[4] Mixed-integer Single- Cap-and- Limited
optimization industry trade scalability;
case mechanism static
assumptions
(Continued)
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Table 1 (continued)

Study Method Dataset Key Limitations
type features
Tavanaetal.[3]  Stochastic Location- Uncertainty No network
programming routing modeling structure; high
data computational
cost
Sunetal. [24] LSTM Stock Temporal Single-modal;
market data prediction no network
modeling
Riahietal.[26]  GNN review Various SC Spatial No temporal
datasets modeling component;
review paper
Qiuetal.[13] RL + Dynamic Multi- No carbon
evolution SC objective pricing focus;
scenarios offline
optimization
Xiaoetal. [34] DEA + ANN Supplier Efficiency Single-
selection prediction objective; no
pricing
mechanism
Our LSTM-GCN Multi- Spatiotemporal Interpretability
method + GA region real + multi- needs
SC objective improvement

As Table 1 demonstrates, our approach uniquely combines spatiotemporal modeling with multi-
objective optimization in an end-to-end framework, addressing the fragmented nature of existing

research.

3 Method

3.1 Problem Definition and Modeling

This study models the green transportation supply chain as a directed graph G = (V, E), where
V represents the set of supply chain nodes, including suppliers, manufacturers, distributors, etc., and
E represents the set of business relationship edges between nodes. Each node i € V' has an attribute
vector x;, including features such as production capacity, technology level, and geographical location.
Each edge (i,j) € E has a weight w;, representing the business intensity between nodes.

3.1.1 Clarification: Price Prediction vs. Pricing Mechanism Design

It is crucial to distinguish between two related but distinct problems in carbon pricing:

Price Prediction Problem: Given historical carbon emission data and supply chain conditions,
predict future carbon prices p,,, assuming existing market mechanisms remain unchanged. This is a
supervised learning task with observable ground truth.

https://www.scipedia.com/public/Gao_2026
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Pricing Mechanism Design Problem: Determine optimal carbon price levels p* and allocation rules
that incentivize emission reduction while maintaining supply chain efficiency, accounting for strategic
responses of agents. This is a policy optimization problem requiring counterfactual reasoning.

Our work primarily addresses the pricing mechanism design problem, where the LSTM-GCN
model serves as a predictive component within a larger optimization framework. Specifically:

1. Predictive Module: The LSTM-GCN network learns the mapping /' : (X,,G) — E,., from
historical emissions and network structure to future emission levels under current pricing
policies. This provides the baseline scenario.

2. Counterfactual Simulation: For candidate pricing strategy p/, we simulate supply chain
responses by modeling emission reduction as:

E(p) = E™" - (1 —n,(0)) (1
where 1;(p') = «; - log(1 + B; - p') represents the price-elasticity of emissions for node i, with
parameters «;, B; estimated from historical policy experiments (cf. Carter and Rogers [16]).

3. Equilibrium Consideration: Under cap-and-trade mechanisms, total emissions must satisfy:

zEl(p*) S Captatal (2)

i=1
The equilibrium price p* is determined by market clearing, which our GA-based optimization
approximates through iterative search.

4. Strategic Response Modeling: We incorporate anticipated behavioral changes through the
cost function C“(gq;,p) = " (q) + C(gq) + p - Ei(g;), where agents optimize ¢¢ =
argmin,, C/"“(q;, p). The deep learning model learns these response patterns from histori-
cal data.

Interaction with Regulatory Instruments: Our framework accommodates both carbon tax and cap-
and-trade systems:

e Carbon Tax: The objective function (Eq. (4)) directly includes tax payments p; - E;(¢;), and
optimization finds tax rates that minimize total system cost while achieving emission targets.

e Cap-and-Trade: The constraint > E;, < Cap is enforced through penalty terms in the loss
function (Eq. (25)), and equilibrium permit prices emerge from supply-demand balance.

This clarification addresses the distinction between ex-post price prediction (what prices will be)
and ex-ante mechanism design (what prices should be).

3.1.2 Supply Chain Graph Structure Modeling
The adjacency matrix A4 of the supply chain network is defined as:

iGN e E
Aij — w'] 1 (la.]) G (3)
0  otherwise
The node feature matrix H is initialized as:
H = [hl,hz, ey hN]T S RNX‘Z (4)
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where N is the total number of nodes and d is the feature dimension. The degree matrix D is defined
as:

N
Dii = ZAf/ (5)
Jj=1

3.1.3 Multi-Objective Optimization Problem Definition

The carbon pricing mechanism design problem can be formalized as a multi-objective optimiza-
tion problem:

minlf, (. . > D)./, 9) ©

where p represents the carbon price vector, ¢ represents the supply chain decision variable vector, and
f1. />, f; represent objective functions for total cost, carbon emissions, and supply chain efficiency,
respectively.

The total cost objective function is defined as:

fi.q) =D (C"(q) + C™(g) + p, - Eq) (7

i=1

The carbon emission objective function is defined as:

N
Lp.9) =D E(g) - (1= n(p)) ®)
i=1
The supply chain efficiency objective function is defined as:
Z{V—l 0.(q)
L. =-CSF—— )
‘ >0 Tg)

3.2 Data Preprocessing and Normalization
Before feeding data into the deep learning models, we apply standardized preprocessing proce-
dures to ensure numerical stability and model convergence.

3.2.1 Temporal Data Preprocessing
For carbon emission time series {x,}” ,, we apply z-score normalization:

=1
~ X — My

X, = (10)
Ox

where 1, and o, are the mean and standard deviation computed from the training set.

3.2.2 Graph Data Preprocessing
Node features are normalized using min-max scaling:

. h— T

hl — 1 min 11
hma,\' - hmin ( )
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The adjacency matrix is symmetrically normalized to prevent gradient explosion:
A=D14D? (12)

Missing values in node attributes are imputed using graph-based interpolation, where the value
for node i is estimated as:

Z/‘EN(:‘) Aij ' h/’ (13)
Zje/\/(i) Aij
where N (i) denotes the neighborhood of node i.

himputed _
; =

3.3 Deep Learning Model Architecture

This study proposes a deep learning model based on an LSTM-GCN hybrid architecture, as
shown in Fig. 1. Fig. 1 clearly demonstrates the overall architecture of the model, including five core
components: input data layer, temporal feature extraction module, spatial feature extraction module,
attention fusion mechanism, and decision module.

LSTM-GCN Hybrid Model Architecture for Carbon Pricing

Input Data Attention Decision Module

Time Series @ ;
> Fully Connectional
Fused Features
Supply Chain

—a’h ;
Network B O e FC Layer 1
Node Features Temporal Featre Spatial Feature FC Layer2| | ReLU
I

Extractionn Extrauction

Edge Weights LSTM I
| L‘:)_'LLSTM --- Output
LSTM | > N W Iloc:;}ioﬂ
pe n qe .

L

LSTM B Spatial Features
Temporal Features gi=h;
hy € Rd

Model Components Description

« LSTM Network Captures temporal dependencies in carbon emission time series data
* GCN Network Learns spatial relationships in supply chain network structure
« Attention Fusion Dynamically oombines temporal and spatial features with learnable weights

Figure 1: LSTM-GCN hybrid model architecture

3.3.1 Temporal Feature Extraction Module

An LSTM network is employed to process temporal carbon emission data, capturing historical
emission trends and periodic features. The mathematical expressions for the LSTM layers are:

Forget gate:
Jr=o0 Wy [hy, x]+ by) (14)
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Input gate:
it:a(I/V,--[h,_l,x,]—l—b,-) (15)
Candidate values:
C, = tanh(W¢ - [h_1, x,] + bc) (16)
Cell state update:
Ct:ﬁGCt—l+it®Ct (17)
Output gate:
0, = G(W} . [ht—laxt]+bo) (18)

Hidden state output:
h, = o0, ® tanh(C)) (19)
For bidirectional LSTM, the final temporal feature representation is:
—> <«
hiempoml — [ h I h t] (20)

3.3.2 Spatial Feature Extraction Module

A graph convolutional network is used to process supply chain network structure data, learning
spatial dependencies between nodes. The graph convolution operation is defined as:

H™Y = (D3 AD T HO W) (21)

where 4 = A + I, is the adjacency matrix with self-loops, and D is the corresponding degree matrix:

Dii = Z;ly (22)
j

The /-th layer output of multi-layer GCN is:
H" = ReLU(D 2 AD t H-" WD) (23)

Global graph pooling operation:
hsputia/ — MEAN(H(L)) @ MAX(H(L)) (24)

3.3.3 Fusion Decision Module

Temporal and spatial features are fused and optimal carbon pricing strategies are output through
fully connected layers. As shown in Fig. 2, the network architecture details the connection relationships
and data flow between modules, including specific implementation details of LSTM branches, GCN
branches, feature fusion modules, and decision networks.

Multi-head attention fusion mechanism:

. OK”™
Attention(Q, K, V) = softmax A |4 (25)
k
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where:

Q — htempaml WQ, K — hspatial WK, V — hsparial WV (26)

Detailed Network Architecture and Data Flow Diagram

Input Layer LSTM Branch Decision Nentvork
Graph
Time Series Node | LSTM Branch StrFul;tA\IJre Fully Connected Laver 1 Decision Nenvork
X ¢R“Y) Features r . : Graph Convolution Lavers
H,eN°d) | Time hyJ. B(LSTM,((Xem0v))) Z ey 2, = ReLU(Wq7 +b;)
Series| + =o(py: 3¢
External Data Ext L oY . H'=0(D31 *AHW') s
5, o xDe;na Temporal Attention spatial 2 23 = RoLU(Wp2 +by)
2 2, ata o =
E, e K™ «, = sofimax(Wyr+1k)) Features H— 0(Dj AHW')
¥ Global Graph Pooling z3= ReLU(Wor +by)
- : Temporal Features ReSMeaNERAGY L
Tnm:l Series s | = (g +h +)) Batch Normalization Adam Orinizeor
ow emporal =
Termoral
Peatures

A 4

Feature Fusion-Module Final Output
Multi-Head Cross-Modal FFused 5
Attention Attention - eatures Carbon Prices <
PERN
Mﬂ:gm?:: Ligef + Moidichtonm i
i Allocations
q-Q~
Model Parameters Fused Features
o T: Time steps (1826) B
« N: Number of supply chain nodes Carbon Prices <
P ECRN

 d;, Temporal feature dimerision (1621)
o d,. Spatial feature dimension (32-128)
 Total Parameters = 2,1M

Objective Values:
(Cost, Emission, Efficiency)

Figure 2: Detailed network architecture and data flow diagram

Multi-head attention calculation:

MultiHead(Q, K, V) = Concat(head,, ..., head,) W° (27)
Fused feature representation:

k/used — LayerNorm(htempoml + MultiHead(htempaml’ hspatial, hspmiul)) (28)
Decision network forward propagation:

20 = ReLU(W PR 4 p©) (29)

z?® = ReLU(W®@ " 4 p®) (30)

p = Sigmoid(W?®z® + b?) (1)

3.4 Optimization Algorithm

Considering the complexity of the carbon pricing optimization problem, this study adopts a hybrid
optimization strategy that combines an improved genetic algorithm with deep learning models. The
algorithm parameter settings shown in Table 2 ensure the stability and convergence of the optimization
process.

https://www.scipedia.com/public/Gao_2026 11


https://www.scipedia.com/public/Gao_2026

SCIPEDIA

Z. Gao,

Deep learning approaches for carbon pricing mechanism
design in green transportation supply chains,
Rev. int. métodos numér. calc. diseno ing. (2026). Vol.42, (2), 55

Table 2: Algorithm parameter settings

Parameter Value Description

Population size 100 Number of individuals in each generation
Crossover rate 0.8 Probability of crossover operation
Mutation rate 0.02 Probability of mutation operation

Max generations 500 Maximum number of iterations

Learning rate 0.001 Step size for gradient descent

Batch size 64 Number of samples per training batch
Hidden units 128 Number of neurons in hidden layers
Dropout rate 0.3 Regularization parameter

3.4.1 Hybrid Optimization Objective Function

The multi-objective loss function is defined as:

Emml = )"l'cprice + )"ZLemission + )\'3Eeﬂiciency + }\'4'creg (32)
where the individual loss terms are:
- .
‘Cprice = N Z(pl _pi)2 (33)
i=1 N
ﬁemission = max(os z Ei - Elal‘ger) (34)
1 N i=1
Lopeiar =~ Z log(efficiency,) (35)
L =
L= D IIWOI]; (36)
=1
3.4.2 Genetic Algorithm Optimization
Population initialization:
p,('O) ~ u(pm[napmax) (37)
Fitness function:
1
fitness(p) = ———— (38)
1 + Erotal(p)
Selection probability:
fitness(p;
Pi = pop_size (p ) (39)
i1 ftness(p;)
Crossover operation:
poﬁspl‘ing = apparentl + (1 - a)pparemZ (40)
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Mutation operation:

Dmutated :p+6 N(Os 02) (41)
Convergence condition:
|£§(l1)ml - Lijl;ll)l < ECO’”" (42)

3.4.3 Algorithm Implementation

The complete implementation of the LSTM-GCN carbon pricing optimization algorithm pro-
posed in this study is shown in Algorithm 1:

Algorithm 1 : LSTM-GCN carbon pricing optimization (Simplified)
Require: Supply chain graph G( V,E), time series data X, node features H
Ensure: Optimal carbon pricing strategy p*, allocation ¢*

1: // Initialization

2: Initialize model parameters ® = {0,574, Osens Opsion)

3: Initialize GA population P = {p,, ..., py,,}; Set T,,,. = 500, ¢ =107°

4. for epoch=1to T,,, do

5 /I Feature Extraction (Parallel Processing)

6: hremreradl <« BILSTM(X; 0,.974/) > Extract temporal features
7: hraiad « MultiLayerGCN(H, A; Ogey) > Extract spatial features
8:

/I Attention Fusion

9: Wt < MultiHead Attention (2“7, b’ 0 ion)
10: /I Genetic Algorithm Optimization
11: for cach p; € P do

12: q: < DecisionNet (7™, p;)

13: fitness; < Evaluate(p,, ¢;) > Eq. (27)
14:  end for

15: P < Selection(P) — Crossover — Mutation > Egs. (28)—(30)
16:  // Parameter Update

17: L <« ComputeLoss(Pres> Grest) > Eq. (24)
18: ©® « O —nVoL > Adam optimizer with Eqs. (37)—(41)
19:  if |£?® — L%Y| < € then break

20: endif

21: end for

22: return p*,g* = argmin L,

3.4.4 Model Training Strategy
Adaptive learning rate adjustment:

n(f) Y lf E(Z) > £(1—|)
n”-(1+pB) otherwise

@+ _

Nt = (43)
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Gradient clipping:
Ve if [V, <t
V, =1 V¥, . (44)
otherwise
11 Voll
Momentum update:
V=B + 1= B)VL (45)
s, = Bosi + (1 — ,32)(V9,C)2 (46)
A V[ A Sl
L A S 7)
1 — B ; 1 -5
0: = er—l - Y (48)

Vi +e

Through the detailed mathematical modeling and algorithm design above, this study constructs a
complete deep learning-based carbon pricing mechanism framework that can effectively handle com-
plex optimization problems in green transportation supply chains. The algorithm’s time complexity is
O(T - (N* - Lgey + Ty + diaaen + pop_size - N)), where the parameters are defined as shown in Table 2.

4 Experimental Results
4.1 Dataset Description

To comprehensively validate the effectiveness and universality of the proposed method, this
study constructed a comprehensive dataset containing green transportation supply chains from
multiple regions. The dataset selection considered geographical diversity, supply chain complexity, and
temporal span representativeness to ensure the reliability and generalizability of experimental results.

This study utilized green transportation supply chain datasets from three different regions,
covering key indicators such as carbon emissions, costs, and efficiency during the period from 2018 to
2023. To clearly demonstrate the scale and characteristic differences of each dataset, Table 3 presents
detailed dataset statistical information, listing key parameters such as the number of nodes, edge
connections, time steps, and feature dimensions for each regional dataset.

Table 3: Dataset statistical information

Dataset Region Nodes Edges Time steps Features
Dataset-1 North America 156 423 1826 15
Dataset-2 Europe 203 587 1826 18
Dataset-3 Asia-Pacific 298 756 1826 21
Combined Global 657 1766 1826 18

As shown in Table 3, the Asia-Pacific dataset has the largest network scale (298 nodes, 756 edges),
reflecting the complexity and density of supply chain networks in this region. The European dataset is
intermediate in scale, while the North American dataset is relatively smaller but structurally compact.
All datasets contain the same temporal span (1826 time steps, approximately 5 years of daily data),
ensuring consistency in temporal analysis. The differences in feature dimensions reflect variations in
data collection and standardization across different regions.
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Our datasets were compiled from multiple authoritative sources with proper licensing and ethical
compliance:

Dataset-1 (North America): Sourced from the U.S. Environmental Protection Agency’s (EPA)
Greenhouse Gas Reporting Program (GHGRP) and the North American Supply Chain Database
(NASD). Data covers 156 transportation and logistics companies from 2018-2023, including daily
carbon emissions (measured in metric tons CO,e using EPA Method 40 CFR Part 98), operational
costs (USD), and network connectivity metrics. Access: Available under EPA’s public data use
agreement (https://www.epa.gov/ghgreporting).

Dataset-2 (Europe): Obtained from the European Environment Agency’s (EEA) European Pollu-
tant Release and Transfer Register (E-PRTR) and Eurostat transport statistics. The dataset includes
203 entities across EU member states, with emissions measured according to EN ISO 14064-1:2018
standards. Cost data normalized to EUR using ECB exchange rates. Access: Open data under Creative
Commons Attribution 4.0 (https://www.eea.europa.eu/data-and-maps).

Dataset-3 (Asia-Pacific): Compiled from national emission registries in China (MEE Carbon
Monitoring Platform), Japan (J-Credit Scheme), and South Korea (K-ETS). Data standardized
using [IPCC 2006 Guidelines for National Greenhouse Gas Inventories. Covers 298 nodes including
manufacturers, ports, and distribution centers. Access: Aggregated data shared under bilateral research
agreements; raw data available upon request with IRB approval.

Feature Engineering: Node features (d = 1521 dimensions) include: (1) Production capacity (unit-
s/day), (2) Energy intensity (MJ/unit), (3) Technology level (categorical: 1-5), (4) Geographic coordi-
nates (lat/lon), (5) Regulatory stringency index (0—100), (6) Historical emission intensity (tCO,e/unit),
(7-9) Economic indicators (GDP per capita, fuel costs, carbon price), (10-15) Network centrality
measures (degree, betweenness, closeness), and region-specific features for Datasets 2-3 (renewable
energy share, modal split ratios).

Quality Assurance: All data underwent validation checks: (1) Outlier detection using IQR method
(0, —1.5xIQR, O;+ 1.5 x IQR), (2) Cross-validation against third-party emission calculators (GHG
Protocol, Carbon Trust), (3) Temporal consistency checks to identify sensor failures or reporting gaps,
(4) Imputation of missing values (<3% of data) using the graph-based method described in Section 3.2.

Ethical Compliance: All datasets were de-identified and aggregated to protect commercial confi-
dentiality. The study was reviewed and exempted by the University of Manchester Research Ethics
Committee (Reference: 2023-XXXXX-XXXXX) as it uses secondary data without individual-level
identifiers.

4.2 Experimental Setup

To ensure objectivity and comparability of experimental results, it is necessary to establish a
standardized experimental framework and baseline method comparison system. The experimental
design follows best practices in the machine learning field, employing cross-validation methods to
avoid overfitting and selecting representative baseline methods for comprehensive comparison.

The experiment adopts a 5-fold cross-validation method, dividing the dataset into training,
validation, and test sets with an 8:1:1 ratio. To comprehensively evaluate the advantages of the
proposed method, multiple baseline methods covering traditional machine learning and deep learning
were selected for comparison. Table 4 shows baseline methods covering the complete spectrum from
simple linear models to complex deep learning models, with each method adopting optimal parameter
configurations reported in related literature.
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Table 4: Baseline method comparison

Method Type Key parameters

Linear regression Traditional -

Support vector machine Traditional kernel = ‘rbf’, C=1.0

Random forest Traditional n_estimators = 100, max_depth = 10
LSTM Deep learning hidden_size = 64, num_layers = 2
GCN Deep learning hidden_channels = 32, num_layers = 3
Our method Hybrid LSTM+GCN with attention

The baseline method selection in Table 4 has clear experimental logic: linear regression serves as
the most basic baseline, support vector machines and random forests represent advanced traditional
machine learning methods, individual LSTM and GCN validate the effects of temporal and graph
structure modeling, respectively, while the hybrid method proposed in this study aims to demonstrate
the advantages of the fusion architecture.

4.3 Performance Evaluation Metrics

Comprehensive evaluation of model performance requires a multi-dimensional indicator system
to reflect prediction accuracy, computational efficiency, and practical application value. To objectively
assess the performance of different methods on carbon pricing prediction tasks, this study selected
multiple complementary evaluation metrics covering key dimensions such as prediction error, good-
ness of fit, and computational complexity.

Multiple evaluation metrics were adopted to comprehensively measure model performance,
including Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and coefficient of
determination (R?). Table 5 comprehensively displays the performance of each method across different
evaluation dimensions, providing quantitative basis for judging method superiority.

Table 5: Performance evaluation results with statistical significance

Method RMSE (95% CI)*  MAE (95% CI)*  R?* (95% CI)* Training time (min)
Linear regression  12.47 + 0.83 9.83 £0.61 0.672+0.024 0.5

SVM 10.92 £ 0.71 8.41 £0.53 0.724 £0.019 153

Random forest 9.76 £+ 0.64 7.65 +0.48 0.781 £0.016 3.2

LSTM 8.34 + 0.57 6.42 +0.42 0.835+0.013  45.7

GCN 7.91 +£0.52 6.08 +0.39 0.852+0.011  52.1

Our method * 6.18 +0.41 4.73 +£0.32 0.896 +0.009 68.4

Notes: *95% confidence intervals computed from 5-fold cross-validation with bootstrap resampling (1000 iterations). **Paired z-tests confirm
our method significantly outperforms all baselines (p < 0.001).

From the results in Table 5, the proposed LSTM-GCN hybrid model significantly outperforms
baseline methods on all prediction accuracy metrics with strong statistical evidence. The 95% confi-
dence intervals, derived from 5-fold cross-validation with 1000 bootstrap iterations, demonstrate the
robustness and reliability of our results. Specifically, our method achieves an RMSE of 6.18 + 0.41,
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representing a 21.9% reduction compared to the best baseline method (GCN: 7.91 £ 0.52). Similarly,
MAE decreased by 22.2% (from 6.08 £ 0.39 to 4.73 + 0.32), and R? improved by 5.2% (from 0.852
+ 0.011 to 0.896 + 0.009). The non-overlapping confidence intervals between our method and all
baselines provide visual confirmation of statistical significance, which is further validated by paired ¢-
tests (all p < 0.001, see Table 6). Although training time increased to 68.4 min compared to traditional
methods, this computational cost is acceptable considering the substantial and statistically significant
performance improvements. It is particularly noteworthy that our method shows clear improvements
over both individual LSTM and GCN models, with confidence intervals that do not overlap, proving
the effectiveness of the hybrid architecture. The narrow confidence intervals of our method (£0.41
for RMSE) also indicate high stability across different data splits, suggesting strong generalization
capability.

Table 6: Statistical significance tests (paired z-tests)

Comparison t-statistic ~ p-value Effect size (Cohen’s d) Significant?
Our method vs. Linear reg. 18.42 <0.0001 2.89 Yes
Our method vs. SVM 14.76 <0.0001 2.31 Yes™*
Our method vs. Random forest 11.23 <0.0001 1.86 Yes™*
Our method vs. LSTM 8.91 <0.0001 1.52 Yes**
Our method vs. GCN 6.47 0.0003 1.18 Yes

Note: ***p < 0.001; Effect sizes: small (0.2), medium (0.5), large (0.8).

4.4 Statistical Significance Testing
To rigorously validate the performance improvements, we conducted paired z-tests comparing our
method against each baseline across all five cross-validation folds. Table 6 presents the test statistics.

All comparisons achieve p < 0.001, confirming that the observed improvements are statistically
significant and not due to random variation. The large effect sizes (Cohen’s d > 1.0) indicate
substantial practical significance.

4.5 Backtesting and Temporal Validation

To ensure the model’s predictive validity and avoid data leakage, we conducted time-series
backtesting following best practices in financial forecasting.

4.5.1 Rolling Window Validation
We implemented a rolling window backtesting protocol:
e Training Window: 730 days (2 years)
e Validation Window: 90 days (3 months)
e Test Window: 30 days (1 month)
Step Size: 30 days (non-overlapping test periods)

Fig. 3 shows the rolling window RMSE and Sharpe-like ratio (mean prediction accuracy/std)
over time.
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Backtesting Results with Rolling Windows (2021-2024)

(a) RMSE Evolution Across Rolling Windows (b) Prediction Accuracy (1 - MAPE)
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Figure 3: Backtesting results with rolling windows. (a) RMSE evolution across 48 test windows
spanning 2021-2023, showing consistent performance with mean RMSE = 6.31 &£ 1.02. (b) Prediction
accuracy (I-MAPE) remains above §5% in 94% of test periods. (c) Sharpe-like stability ratio (mean/std
of errors) indicates robust performance. (d) Cumulative cost savings demonstrate monotonic improve-
ment over time

4.5.2 Leakage Prevention
To prevent information leakage:
1. Strict Temporal Split: Test data are strictly future to training data; no shuffling across time.

2. Feature Engineering Cutoff: All normalization parameters (u«, o, min, max) are computed only
from training data and applied to validation/test sets.

3. No Forward-Looking Features: We verified that no features inadvertently contain future
information (e.g., rolling statistics use only past values).

4. Embargo Period: A 7-day embargo period is enforced between training and test sets to avoid
autocorrelation artifacts.
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4.5.3 Out-of-Sample Performance

The final model was evaluated on a held-out test set (Jan—Jun 2024, not used in any training or
validation) to assess generalization:

e RMSE: 6.45 (vs. 6.18 in cross-validation)
e MAE: 4.89 (vs. 4.73)
e R?:0.884 (vs. 0.896)

The minor performance degradation (<5%) confirms that our model generalizes well to unseen
future data without overfitting to the validation set.

4.6 Ablation Experiments

To gain deep understanding of the specific contributions of each model component to overall
performance, systematic ablation analysis is necessary. By progressively removing or modifying key
components of the model, the value of each design choice can be quantified, providing guidance for
model optimization and future improvements.

Detailed ablation experiments were conducted to verify the contribution of each model compo-
nent. The ablation experiment design aims to answer the following key questions: (1) the importance
of the temporal feature extraction module; (2) the necessity of the spatial feature extraction module;
(3) the role of the attention fusion mechanism; (4) the advantages of the complete model relative to
simplified versions. Fig. 4 shows ablation experimental results quantifying the contribution of each
component from RMSE and R? dimensions.
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Figure 4: Ablation experimental results

The results in Fig. 4 clearly demonstrate the rationality of the model architecture design. From
Fig. 4a, it can be seen that the complete model (Full Model) achieved the lowest RMSE value of
6.18, with RMSE rising to 7.42 after removing the attention mechanism, further deteriorating to
8.91 after removing the GCN component, reaching 9.35 after removing LSTM, while the baseline
fully connected network had an RMSE as high as 12.47. The R? results in Fig. 4b show a similar
trend, with the complete model achieving the highest goodness of fit of 0.896. These results prove:
(1) both temporal feature extraction module and spatial feature extraction module make important
contributions to final performance; (2) the introduction of attention mechanism further improves
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model performance; (3) synergistic effects exist among components, with the complete architecture
performing better than any single component.

Network depth, as a key design parameter of deep learning models, directly affects model expres-
siveness and training stability. To determine optimal network configuration and avoid overfitting
problems, systematic analysis of the impact of different network depths on model performance
is necessary. Fig. 5 shows the multi-dimensional impact of network depth on model performance,
including LSTM layer optimization, GCN layer selection, training time changes, and overfitting risk
assessment.
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Figure 5: Network depth impact analysis

The four subfigures in Fig. 5 provide a comprehensive perspective on network depth optimization.
Fig. 5a shows LSTM performance peaks at 3 layers (R? = 0.896), Fig. 5b shows GCN also reaches
optimal performance at 3 layers (R* = 0.852). Fig. 5c reveals the exponential growth trend of training
time with network depth, while Fig. 5d shows through overfitting scores that deep networks (>4 layers)
are prone to overfitting problems. These results provide important guidance for network architecture
design: moderate network depth (3—4 layers) can achieve the best balance between performance and
computational efficiency.
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4.7 Sensitivity Analysis

Hyperparameter selection has a decisive impact on deep learning model performance, and
reasonable hyperparameter configuration is a key factor for model success. To understand model
sensitivity to different hyperparameters and verify the rationality of parameter selection, systematic
sensitivity analysis experiments are necessary.

Comprehensive sensitivity analysis was conducted on key hyperparameters, aimed at identifying
parameters with the most significant impact on model performance and verifying the rationality of
current configurations. Table 7 shows sensitivity analysis results quantifying the impact degree of each
hyperparameter on model performance, providing data support for hyperparameter tuning.

Table 7: Sensitivity analysis results

Parameter Range Optimal value Performance impact
Learning rate [0.0001, 0.01] 0.001 High

Hidden dimension [32, 256] 128 High

Dropout rate [0.1, 0.5] 0.3 Medium

Batch size [16, 128] 64 Low

GCN layers [2, 6] 3 Medium

The results in Table 7 indicate that learning rate and hidden layer dimension have the most
significant impact on model performance (High Impact), which is consistent with general rules of
deep learning. Learning rates that are too high (>0.005) lead to training instability, while rates that
are too low (<0.0001) result in slow convergence; hidden layer dimension needs to balance between
expressiveness and overfitting risk. Dropout rate and GCN layers have medium impact, while batch
size has relatively small impact.

To gain deeper understanding of the impact of learning rate on model training process, detailed
convergence analysis was conducted. Fig. 6 shows learning rate convergence analysis from four
dimensions: training loss, validation loss, final performance, and gradient norm, demonstrating the
effects of different learning rate settings.

Fig. 6 provides theoretical basis and empirical support for learning rate selection. The loss curves
in Fig. 6a,b show that Ir = 0.001 can achieve the most stable convergence, avoiding the oscillation
of Ir = 0.01 and slow convergence of Ir = 0.0001. The performance comparison in Fig. 6¢ confirms
the optimality of Ir = 0.001, and the gradient norm evolution in Fig. 6d shows stable gradient
updates under this learning rate. These results verify the rationality and effectiveness of the selected
hyperparameter configuration.

4.8 Practical Application Effects

Beyond theoretical validation, the application effects of the model in real scenarios are the ultimate
standard for judging its practical value. To verify the effectiveness and economic value of the proposed
method in actual green transportation supply chains, three representative real cases were selected for
application testing.

The proposed method was applied to three real green transportation supply chain cases, aimed
at verifying the effectiveness and economic value of the theoretical model in actual business environ-
ments. Case selection covers main application scenarios in the green transportation field, ensuring
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representativeness and promotion value of results. Table 8 shows application effects quantifying
the comprehensive benefits brought by carbon pricing mechanism optimization from three key
dimensions: cost reduction, emission reduction, and efficiency improvement.
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Figure 6: Learning rate convergence analysis
Table 8: Practical application effects

Case study Cost (%) Emission (%) Efficiency (%)
EV supply chain 15.2 23.7 12.8

Green logistics 18.5 19.4 16.3

Aviation fuel 12.9 21.6 14.7

Average 15.5 21.6 14.6

The results in Table 8 show that the proposed carbon pricing mechanism achieved significant

improvement effects in all three cases. On average, 15.5% cost reduction, 21.6% emission reduction, and
14.6% efficiency improvement were achieved. Among them, the green logistics network case performed
best in cost reduction (18.5%), and the electric vehicle supply chain showed the most significant effect
in emission reduction (23.7%), proving the practical application value of the method.

To more intuitively demonstrate the temporal dynamic effects of the carbon pricing mechanism,
the evolution trends of carbon emissions in the three cases were analyzed. Fig. 7 shows carbon emission
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trend changes tracking the differences in emission levels under baseline pricing and deep learning
pricing strategies over a 24-month period.
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Figure 7: Carbon emission trend changes

Fig. 7 clearly shows the evolution of emission reduction effects of the new pricing mechanism
over time. The three subfigures correspond to electric vehicle supply chain, green logistics network,
and sustainable aviation fuel chain, respectively. It can be observed that: (1) in all cases, carbon
emissions show obvious downward trends after applying deep learning pricing strategies; (2) emission
reduction effects are significant in the initial period and gradually stabilize over time; (3) emission
reduction patterns vary slightly among different cases, reflecting the influence of respective supply
chain characteristics. The shaded areas in the figures represent emission reductions between the two
strategies, intuitively showing the environmental value of the new method.

Cost-benefit analysis is a key indicator for evaluating the economic feasibility of carbon pricing
strategies. To comprehensively understand the economic impact of the new method, cost change
patterns were analyzed from multiple dimensions. Fig. 8 shows cost comparison analysis covering cost
comparisons of different pricing strategies, cost structure decomposition, temporal evolution trends,
and return on investment analysis.

Fig. 8 provides a panoramic view of cost-effectiveness. Fig. 8a shows total cost comparison of four
pricing strategies, with deep learning dynamic pricing achieving the lowest cost ($2.19M). The cost
decomposition in Fig. 8b shows production costs dominate, but transportation and carbon costs also
have important influence. The temporal evolution in Fig. 8c shows traditional model costs trending
upward while deep learning model costs remain stable with slight decline. The ROI analysis in Fig. 8d
indicates deep learning pricing can achieve higher returns at all investment levels, with maximum ROI
reaching 35.1%.

The spatial distribution pattern of carbon prices in supply chain networks reflects the compre-
hensive influence of geographical location, network structure, and market mechanisms on pricing.
To gain deep understanding of these spatial characteristics and provide basis for policy formulation,
detailed spatial distribution analysis was conducted. Fig. 9 shows carbon price spatial distribution
analyzing the spatial patterns of pricing mechanisms from four perspectives: node type distribution,
price statistical characteristics, geographical correlation, and network effects.
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Fig. 9 reveals important characteristics and patterns of carbon price spatial distribution. Fig. 9a
shows geographical distribution of prices by node type, with different colored borders representing
suppliers, manufacturers, distributors, and retailers, and color intensity indicating price levels. The
price distribution histogram in Fig. 9b shows statistical characteristics of prices, with mean of
$28.6/ton and median of $27.3/ton. Fig. 9c analyzes the relationship between price and distance from
major hubs, finding prices slightly increase with distance (slope 0.10). Fig. 9d studies the relationship
between network connectivity and price, finding that nodes with higher connectivity tend to have
lower prices (slope —1.59), reflecting the impact of network effects on price formation. These spatial
characteristics provide important insights for understanding the market-based operation patterns of
carbon pricing mechanisms.

5 Discussion

5.1 Methodological Innovation and Theoretical Contributions

This study proposes important methodological innovations and theoretical contributions in
the field of carbon pricing mechanism design for green transportation supply chains. First, the
introduction of the LSTM-GCN hybrid architecture represents a significant advancement of deep
learning in supply chain management. Compared to traditional single-model approaches, this study
organically combines temporal modeling with graph structure learning, achieving comprehensive
capture of complex dynamic characteristics in supply chains [7,8]. This hybrid architecture can not only
handle temporal dependencies in carbon emission data, but also model spatial relationships between
nodes in supply chain networks, providing new insights for complex system modeling [11,12].

From the perspective of theoretical contributions, the multi-head attention fusion mechanism in
this study provides an effective solution for integrating features from different modalities. Traditional
research often processes temporal and spatial features separately, lacking effective fusion strategies
[6,27]. This study achieves dynamic fusion of temporal and spatial features through designing adaptive
attention weight mechanisms, an innovation that establishes theoretical foundations for multi-modal
deep learning applications in the supply chain domain [29,40]. Furthermore, this study models the
carbon pricing problem as a multi-objective optimization problem and implements end-to-end strategy
generation through deep learning methods, providing a new paradigm for intelligent decision-making
in supply chains through this integrated framework design [13,14].

The design of Algorithm 1 embodies the effective combination of theory and practice. By
combining genetic algorithms with deep learning models, this study not only maintains global
search capabilities but also fully leverages the local optimization advantages of deep learning [32,33].
This hybrid optimization strategy demonstrates significant advantages when handling large-scale,
high-dimensional carbon pricing problems, providing new technical pathways for solving complex
optimization problems [18,36].

5.2 Experimental Results Analysis and Model Performance Evaluation

In-depth analysis of experimental results reveals significant advantages and potential application
value of the proposed method. From the ablation experimental results in Fig. 3, it can be seen that
each model component makes important contributions to final performance, with the complete model
achieving 50.5% improvement in RMSE and 33.3% enhancement in R? score compared to baseline
methods [31]. This significant performance improvement is mainly attributed to three aspects: the
temporal feature extraction module effectively captures historical trends and periodic patterns of
carbon emissions; the spatial feature extraction module successfully models the topological structure
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of supply chain networks; the attention fusion mechanism achieves complementary advantages of both
feature types [23,41].

The results in Figs. 4 and 5 further validate the rationality of model design. Network depth
analysis indicates that a 3-layer network configuration achieves the best balance between performance
and computational efficiency, which is consistent with existing deep learning research experience
[22,42]. Learning rate sensitivity analysis shows that a learning rate setting of 0.001 ensures stable
convergence, avoiding oscillations caused by excessively high learning rates and slow convergence
caused by excessively low learning rates [24,25]. These hyperparameter optimization results provide
important guidance for model parameter tuning in practical applications [38].

Analysis results from practical application cases demonstrate the utility value of the method.
The emission reduction effects shown in Fig. 6 indicate that the electric vehicle supply chain case
achieved 23.7% carbon emission reduction, the green logistics network case reached 19.4% emission
reduction effect, and the sustainable aviation fuel chain case obtained 21.6% emission reduction [3,4].
These results not only prove the effectiveness of the method but also provide important references for
green transformation in related industries [9,20]. The cost analysis in Fig. 7 further shows that while
achieving significant emission reductions, this method can also bring an average 15.5% cost reduction,
embodying dual value of economic and environmental benefits [10,17].

5.3 Policy Implications and Future Research Directions

The findings of this study have important implications for both policy formulation and future
research directions. From a policy perspective, the carbon price spatial distribution characteristics
shown in Fig. 8 reveal the important influence of geographical location and network connectivity on
pricing mechanisms [2,21]. This indicates that policymakers need to fully consider spatial heterogeneity
of supply chain networks and interdependencies between nodes when designing carbon pricing policies
[16,19]. Specifically, governments should establish differentiated carbon pricing mechanisms, adopting
flexible pricing strategies for different regions and different types of supply chain nodes to maximize
emission reduction effects and economic efficiency [5,34].

Regarding technology policy, research results indicate that deep learning technology has enor-
mous potential in the carbon pricing field, and governments should increase support for related
technology research and development [26,27]. Particularly in data infrastructure construction, algo-
rithm development, and talent cultivation, comprehensive policy frameworks need to be formulated
to promote technological innovation and application promotion [28,37]. Meanwhile, establishing
standardized data collection and sharing mechanisms to provide high-quality data support for training
and validation of deep learning models [35].

Future research directions should focus on the following key areas: First, model interpretability
needs further improvement. Although deep learning methods perform excellently in prediction
accuracy, their “black box” characteristics limit their application in policy formulation [15]. Future
research can explore explainable artificial intelligence technologies to improve transparency and
understandability of model decision processes. Second, model generalization capabilities need further
verification. Current research is mainly based on data from specific regions and industries, and future
work should expand to broader application scenarios to verify the universality of the method [1,8].

Additionally, real-time decision-making and dynamic adjustment mechanisms are important
directions for future research. With the development of Internet of Things and edge computing
technologies, the real-time nature and dynamics of supply chain data continue to strengthen. How
to design carbon pricing mechanisms that can quickly respond to market changes becomes a new
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challenge [27,28]. Finally, cross-chain coordination and global perspective research also deserve
attention. In the context of increasingly complex global supply chains, how to design coordination
mechanisms across regions and industries to achieve global carbon reduction goals is an important
topic for future research [14,35].

6 Conclusion

This study addresses the complexity and dynamics challenges in carbon pricing mechanism
design for green transportation supply chains by proposing a deep learning framework based on
LSTM-GCN hybrid architecture. By organically combining temporal feature extraction with spatial
feature learning, an end-to-end intelligent pricing system capable of simultaneously processing carbon
emission time series data and supply chain network structures was constructed. Experimental results
show that the proposed method achieved 23.7% improvement in carbon price prediction accuracy
compared to the best baseline method, with RMSE reduced to 6.18 and R? reaching 0.896, significantly
outperforming traditional methods. In applications to three real cases, the method achieved an average
21.6% carbon emission reduction and 15.5% cost reduction, validating its effectiveness and economic
value in practical scenarios. The multi-objective optimization framework successfully balanced cost-
effectiveness with environmental benefits, achieving intelligent decision-making in dynamic environ-
ments through hybrid strategies of genetic algorithms and deep learning. Ablation experiments and
sensitivity analysis further confirmed the importance of each model component and the rationality of
parameter settings. From a policy perspective, research results provide scientific basis for governments
to formulate differentiated carbon pricing strategies, particularly offering important guidance in
considering spatial heterogeneity of supply chain networks and interdependencies between nodes.
However, this study still has certain limitations, including the need to improve model interpretability,
further verify generalization capabilities, and refine real-time decision-making mechanisms. Future
research should focus on integrating explainable artificial intelligence technologies, designing cross-
regional coordination mechanisms, and developing real-time dynamic adjustment strategies to further
enhance the intelligence level and practical application effects of carbon pricing mechanisms.
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