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CARBON FOOTPRINT TRACEABILITY AND RESPONSIBILITY
ALLOCATION IN GREEN SUPPLY CHAINS
WITH PRODUCT LIFECYCLE MANAGEMENT

Abstract: This study proposes a framework for tracing carlfmotprints and allocating emission reduction
responsibilities in green supply chains by intagmtProduct Lifecycle Management (PLM) with a Dister
Hopfield Neural Network-based Analytic HierarchyoBess (DHNN-AHP). By constructing an integrated
“trace-evaluate-allocate” model, it achieves systiertracking of carbon footprints across the entinain of raw
material acquisition, production, distribution, geaand recycling, while introducing DHNN-AHP foyrthmic
low-carbon performance evaluation of suppliers.d8lasn this, a responsibility allocation mechanismrioposed,
grounded in carbon contributions and performanselig to promote overall carbon efficiency cooadion in the
supply chain. A case study using cathode matasigblgers as an example demonstrates that this methibances
the accuracy of supply chain carbon managemeneugailancing environmental and economic benefitsjiging
methodological support for the governance and paaordination of green supply chains under carbeuwtrality
goals.

Keywords: carbon footprint traceability, product life cyaleanagement, green supply chain, Discrete Hopfield
Neural Network (DHNN), responsibility sharing, carbemission reduction

I ntroduction

The implementation of carbon border adjustments mmashdatory carbon footprint
disclosure has intensified the need for preciseplsuphain carbon management [1].
Currently, the international community limits therlbbon footprint of enterprises by
implementing carbon emission regulations, and teang environmental awareness of
consumers also prompts the market to increasimylgur low-carbon products [2]. Against
the backdrop of accelerated global carbon reguiative EU’'s Carbon Border Adjustment
Mechanism (CBAM) has entered a transition perio@®23 and is scheduled to be fully
implemented in 2026. China is promoting the esshintient of a national carbon footprint
management system through its ,dual carbon” goadsralated technical standards. ESG
[3, 4] disclosure mandates further reinforce thednr supply-chain carbon management.
In this context, how to scientifically trace therlwan footprint of products and reasonably
share the responsibility of emission reduction tezome a key challenge for the
low-carbon [5, 6] transformation of supply chain.
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Against the backdrop of the accelerated greenfowamation of global supply chains,
establishing an accurate carbon footprint traclspgtem and a scientific mechanism for
allocating emission reduction responsibilities tesome a core foundation for driving
overall emission reductions across the industrizhirt Clear allocation of emission
reduction responsibilities can resolve the problesh ambiguous environmental
responsibilities within the supply chain, stimulatellaborative efforts among multiple
stakeholders, and promote the advancement of cammmagement from the level of
individual enterprises to the level of whole-chaystem optimisation. However, traditional
carbon management methods are often limited tanglesienterprise or production ring
[7, 8], and it is difficult to cope with the compleeeds of multi-actor collaboration and
cross-link optimisation. Supplier evaluation of l@arbon products is still based on the
traditional data collection and uploading system 19], which is time-consuming and
prone to disputes, making it difficult to form aepise, traceable, fair and efficient green
supply chain [11] and provide systematic solutighg]. Researchers in China have
developed an intelligent green supplier risk asses$ system that combines Natural
Language Processing (NLP) and Life Cycle Assessriebf) [13], the green supplier
evaluation method based on rough set-gray coroelafiOPSIS has been proposed for
high-energy consuming enterprises, the intelligargluation of low-carbon suppliers has
been shifted from single indicator screening totiredurce data fusion decision-making
system, and the use of neural network algorithmshylirid models fused with the
traditional supply chain [14], which can improveetlogistics distribution [15, 16], site
selection [17], supply chain management [18, 19| ather issues, in which supply chain
management not only involves risk management [J0#2 also includes the green supply
chain, blockchain application [23], e-commerce [2d4jorkshop production and other
aspects of the detailed study [25, 26], the ingustipply chain carbon emissions are
inseparable from the carbon footprint of the prddlilecycle management [27], the
traceability of the carbon footprint reflects théstbrical traceability of environmental
responsibility, and the responsibility ratio propdsin this paper will indicate the future
direction of emission reduction responsibilities.

Traditional decision-making methods have estabfisheolid foundation in the field of
green supplier evaluation, with the Analytic Hietay Process (AHP) and the Technique
for Order Preference by Similarity to Ideal SolatifTOPSIS) being particularly widely
applied. AHP effectively integrates expert expergnby constructing hierarchical
structures and judgment matrices [28], enabling gbantification of qualitative issues.
However, the determination of weights in AHP isHhtjgsubjective, and once established,
these weights remain static throughout the decisiaking process, failing to capture the
real-time dynamics and uncertainties inherent ppsar performance [29]. TOPSIS ranks
alternatives based on their distances from postive negative ideal solutions, offering
conceptual clarity. Nevertheless, its outcomes laavily influenced by initial weight
assignments and distance metrics, and it lacks-inufhechanisms to handle data noise or
support adaptive weight updating [30, 31]. Althougkbrid approaches - such as
integrating rough sets, grey relational analysiscambining AHP with TOPSIS - have
been proposed to incorporate both subjective anpelctie weighting [32], these models
still operate under a framework of “static weighti& linear ranking”.

This study proposes a Discrete Hopfield Neural Nekabased Analytic Hierarchy
Process, DHNN-AHP integrated framework within Praduifecycle Management,
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PLM-based carbon traceability systems to dynamjicallocate emission responsibilities
across multi-tier suppliers.

Conceptual framework: traceability-assessment-apportionment

Product Carbon Footprint (PCF) refers to the quatite index of the total greenhouse
gas emissions during the whole life cycle [33] ofpeoduct. For carbon footprint
accounting, the Input-Output Life Cycle Assessm@@tLCA) model is widely used for
industry-level analysis. The study shows that iectircarbon emissions are significantly
higher than direct emissions in China’s industrgmy chains, with the sixth tier of indirect
carbon emissions (i.e., the upstream-most actvitthe supply chain) accounting for the
largest share, especially in the power and heatystion and oil processing sectors. This
highlights the need for cross-tier collaboratiomeduce emissions.

According to Yang and Ji [34] and other studie@pdyi chains can be categorised into
three types based on carbon footprint charactesistigh manufacturing carbon footprint
type (e.g., iron and steel, chemical industry), hhidistribution carbon footprint type
(e.g., fresh food [35], logistic services), and higisage carbon footprint type
(e.g., automobiles [36, 37], home appliances). ROFers five stages: raw material
acquisition, manufacturing, logistics and transaiioh, product use and end-of-life
recycling. We have determined the approximate vialsrof carbon emission characteristics
for each stage of the life cycle as shown in Fidure
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Fig. 1. Comparison of carbon footprint charactarssof product life cycle stages

Aiming at the difficulty of intelligent evaluatioof low-carbon suppliers, this paper
constructs a three-in-one model of “Traceabilityafration-Apportionment”, which mainly
includes carbon footprint data collection, DHNN-AHBpplier evaluation and the design
of a dynamic apportionment mechanism of emissiatuecgon responsibility based on
carbon contribution. Based on this traceability nfeavork, we next introduce
a DHNN-AHP evaluation mechanism to quantify supglielow-carbon performance
dynamically.
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Methodology: DHNN-AHP for dynamic evaluation

As stated in the introduction, traditional methogbehibit fundamental limitations
including inflexible weight structures, limited iksnce to data interference, and
an inability to learn from or adapt to new inforioat [38, 39]. In contrast, the proposed
DHNN-AHP fusion model introduces a paradigm shifivard an ecological engineering
approach that emphasises traceability and dynamsource allocation [40]. Unlike
incremental modifications of conventional techniguethis model embeds AHP’s
hierarchical transparency into a dynamic neurahitgcture capable of real-time weight
adjustment and noise-resistant optimisation. Coetgpato feedforward networks that
require extensive training, DHNN offers faster cergence better suited to rapid
decision-making contexts. Moreover, while deep Haay models often act as “black
boxes”, the proposed framework maintains interfmiétg through AHP’s structure,
allowing decision-makers to trace evaluation outesmback to indicator-level
contributions.

Traditional supplier evaluation is often influendeyl subjective factors, and Hopfield
neural network, as a recursive neural network \®ghociative memory and optimisation
solving ability, has significant advantages in smjvcombinatorial optimisation problems.
This paper combines the AHP and DHNN to constracblajective quantitative evaluation
model.

Indicator system and Delphi weighting

Construct secondary indicators from the dimensibenvironmental performance, the
carbon efficiency dimension selects two key indicst absolute intensity (carbon
emissions per unit of output value) and relativeigtire (proportion of clean energy),
which can comprehensively measure the energy attidis efficiency and green structure
level of suppliers. The technical dimension of esigis reduction comprehensively
characterises its long-term commitment and innowattapacity in emission reduction
through hardware investment (carbon capture investmand soft power (degree of
process innovation). The green certification diniem®bjectively reflects the maturity of
its environmental management and the market loweararrecognition of its products
through system certification (ISO certification édvand product certification (carbon label
level).

This study conducted two rounds of Delphi questiresurveys among 15 experts
from academia (low-carbon research professorsysingd (supply chain managers), and
policy (ecological environment department experis)e experts compared the importance
of each indicator pairwise and constructed a judgmeatrix. We use the geometric mean
method to aggregate the judgments of all expert$ ealculate the weights of each
indicator. The average random consistency ratio) (6fRall judgment matrices was lower
than 0.1, passing the strict consistency testcataig that the expert judgment has good
consistency. The weights of the first-level and oseklevel indicators were finally
determined, among which ,carbon efficiency” had thighest weight (0.6), highlighting
that experts believe that direct production enezfficiency is the top priority and most
crucial link in current emission reduction. Emigsiceduction technology” and ,green
certification”, as supporting dimensions, togettoem a complete system for evaluating the
comprehensive low-carbon capabilities of suppligte evaluation index system is shown
in Table 1.
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Table 1
Evaluation index system

First-level indicators Second-level indicators | Weighting
Carbon efficiency Unit carbon emission 0.6
Clean energy ratio 0.4

Emission reduction technology | Carbon capture investment 0.5
Process innovation 0.5
Green certification ISO certification level 0.4
Carbon label level 0.6

We use the Extreme Value method to normalise tkee afgpositive indicators (such as
‘Clean Energy Ratio’, ‘Carbon Capture InvestmemttaProcess Innovation’) and negative
indicators (such as ‘Unit Carbon Emission’). Foradgd indicators (such as ‘ISO
certification level’ and ‘carbon label level’), wigst convert them into numerical values
(e.g., None = 0, Basic = 1, Advanced = 2; BronZk Silver = 2, Gold = 3). Subsequently,
we standardise these values using the aforemedtiertreme value method along with
continuous indicators, thereby mapping them takerval [0; 1] for weighted calculations.

AHP procedure

In this chapter, we construct judgment matfix calculate the feature vector, and
calculate whether the total hierarchical rankingses the consistency test, i.e., whether it
satisfiesCR (Consistency ratio) < 0.1.
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where ¢ is an element in the judgment matrix, representing relative importance
comparison value between two factors.
Let us calculate:
Aw = Ay ,w 2
wherel is the maximum eigenvalue of matrix &,is the feature vector corresponding to
Amax» Which is the weight vector of each feature aftemmalisation.

Let us calculate whether the total hierarchicalkinagn passes the consistency test,
i.e., whether it satisfieSR < 0.1. To calculate the consistency indék,we use equation:

cl = Amax — 7 (3)
n—1
wheren represents the number of factors being comparethinix A.

We can determin€R:
CI
CR=— 4
T (4)

where RI: Random consistency index.
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DHNN optimisation mechanism

Figure 2 shows the flowchart of DHNN, demonstratihg logical relationship of the
algorithm. The detailed steps and specific indicatglanations are as follows.
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Fig. 2. DHNN flowchart
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»  Allocation of neurons according to weights

Allocate neuron resources according to the proportf weights, and allocate more
neurons for high weight indicators.

e Energy function, E

Define the neuron state, i.e., the activation valtisupplierx at positioni, minimise
the energy by asynchronous updating, and outputstilele state which is the optimal
supplier sorting. Equation (5) represents the ngtwenergy function minimised by
asynchronous updates:

1 . . .
E:—EZXZlZijTxiijxiVyj—zlelxiin (5)

wherel,; is an external input, determined by the supplistédardised score in this metric;
V, denotes the activation state of suppheat neuroni, which is 0 or 1;j andV,; are
variables that are completely symmetricali tandV,;, used to traverse and represent the
states of all neurons in the network and the caiiorex between them;

Ty for the connection weights, wher y & i =j, is a negative connection, belonging
to the inhibitory activation statd, = —0.7, this negative value ensures that the nétwor
tends to perform exceptionally well with only onepplier on a specific metric; when
X=y & i #], it indicates a positive connection, representinfgcilitative activation state,
with T = 0.3, suggesting that the same supplier shoaletldp in coordination across
different metrics. This positive value encouragappéiers to balance their performance
across various indicators, avoiding severe wealkseds other cases for 0. It is determined
through Grid Search optimisation on a validatioadat containing 10 sets of known
rankings that under this parameter setting, thevoris convergence and ranking results
are not sensitive to minor changes in parameteuegal as long as the relationship
|T_competition| >T_cooperation| is maintained, the ranking order resatable. This set
of parameters forms a robust combination of ‘hypesmeters’ that enables the system to
operate efficiently and reliably.

»  Asynchronous state update convergence
Select neurons in random order and calculate thanpat, net,;:

Tletxi = Z Z Txiyj Vy] + Ix,: (6)
y

Termination condition: the energy functiéghno longer changes or the maximum
number of iterations is reached.

»  Thesupplier score, S,

To calculate the supplier score, we use equation:

1
Sy =— Vi 7
x n, ic6y xi ( )
If net, > 0, thenV is 1, otherwise 0.
where:G, - neuron group of suppliet n, - the number of neurons in the group.
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Dynamic responsibility allocation formula

Establish the dynamic responsibility apportionmemodel, the formula for

responsibility ratidR; is as follows:
R gL 8)
st s
where: C; - carbon footprint contribution value [tonnes oD£month] of supplieri,
S; - DHNN-AHP evaluation score of suppligra - industry benchmark coefficient (take
0.7),p - adjustment coefficient (take 0.3).

The setting of this parameter group (0.7, 0.3) &sedol on a baseline scenario
established after extensive literature researcheaqert consultations, balancing fairness
and incentivisation. The model’s flexibility allowsanagers to adjust the valuesxaindp
according to the specific strategic goals of thppsy chain (such as focusing more on
fairness or more on incentives). Our analysis shtiweg whena and g vary within
a reasonable range (e.g.,from 0.6 to 0.8), the proportion of responsibilityr each
supplier may change, but their relative ranking aers unchanged, demonstrating the
robustness of the allocation results and the manageguidance value of the model.

Case demonstration: cathode material supply chain

The evaluation of low-carbon suppliers is a mulijeztive combinatorial optimisation
problem DHNN can converge to a low-energy stateckdyiand efficiently through its
asynchronous update rules. Applying the DHNN-AHP deloto the evaluation of
low-carbon suppliers can effectively overcome timaithtions of traditional static linear
methods in dealing with nonlinearity, data noisempetitive ranking and optimisation
solutions.

To verify model feasibility, we simulate four catteomaterial suppliers under industry
benchmark data derived from Green Development Refidhe Cathode Material Industry
for New Energy 9 Vehicles in China and the industnergy efficiency benchmarks
published by the International Energy Agency (IEWje consider four cathode material
suppliers: A, B, C, and D, Supplier A is an indyskeader with 80 % clean energy,
Supplier B is a small and medium-sized manufactuvgh a more outdated process,
Supplier C is a foreign-funded company with full adjifications, and Supplier D is
an emerging company with strong innovative techgpl&ach supplier has three indicators:
carbon efficiency, emission reduction technologyd agreen certification. Through the
DHNN-AHP evaluation model, we calculate the compretive score and responsibility
sharing ratio of each supplier.

Based on the carbon footprint of each stage ofptteeluct life cycle and the data
collection sources of each indicator in Table 2,cmkulate the carbon footprint share of
the four cathode material suppliers A, B, C, anthd3ed on the amount of raw materials
provided by the suppliers and their carbon intgnsising the ratio of the average monthly
carbon emission to the total carbon emission ofstingply chain, which is 33 %, 21 %,
24 %, and 22 %, respectively. As shown in the ratadn Table S1 and the standardised
data of Table S2 in the Supplementary Materials, @adculated each supplier's
responsibility percentage according to the comprsive score and carbon footprint share,
and then recalculated each supplier's respongibifiercentage according to the
comprehensive score and carbon footprint share.
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Table 2
Data collection
Indicator Secondary - . .
category indicators Specific meaning Unit Data source
The amount of C@emitted per tonnes of Cper Corporate

10,000 yuan (negative

Unit carbon 10,000 yuan of output value |. = Environmental
S h indicator, the smaller th .
emission created, reflecting the level of value, the better) Report (Public
Carbon energy efficiency in production, ! disclosure)

efficiency (tonne = 189)

Proportion of renewable energ
Clean energy| (solar, wind, etc.) in total energy Percentage % (positivéiEnergy Audit Report
ratio consumption, reflecting the indicator) (Public disclosure
cleanliness of energy structure
Annual capital investment in
Carbon capture carbon capture, utilisation and|  million Yuan/year
investment |storage (CCUS) and other emisg  (positive indicator)

Financial data

Emission reduction technologies
reduction Effectiveness of green innovatign
technology Process in production processes, such as Number of patents |Intellectual Propert]

low-carbon process madificatio

innovation ! ' (positive indicator) Office
waste recycling technology, etc.,
measured by number of patents
Environmental management
ISO system certification level (e.g. ISO Grading
certification 14001), divided into ,no (0 =none, 1 = basic, Certificates
Green level certification”, ,basic ce':r'tific_ation’ 2 = advanced)
certification and ,,advqnceq certification”.
PCF certification level (e.g.
Carbon label .Bronze”, Silver”, ,Gold”"), Grading (1 = Bronze,| Carbon labelling
level reflecting the full life cycle carbon 2 = Silver, 3 = Gold) platform

performance of the product.

After these raw data are calculated according ¢ostieps of the DHNN-AHP fusion
algorithm, they still need to be normalised andghiegd to be converted into the supplier's
comprehensive score, and the normalised resuttseedfhverse of each supplier’'s score and
the proportion of each supplier's un-normalisedpoesibility are further calculated, and
the final ‘Apportionment Difference’ obtained showthe deviation between the
responsibility allocation and the actual carbortffioiat share.

Results and discussion

The detailed evaluation results are shown in T&3lén the Supplementary Materials,
we present the data using the intuitive radar dhafigure 3 and the bar chart in Figure 4.

As shown in Figure 3, the performance charactesstif the suppliers are distinctly
differentiated, and the overall scores of the foathode material suppliers exhibit a clear
gradient distribution: Supplier C (0.408) > Suppligd (0.357) > Supplier B (0.137)
> Supplier D (0.098). This ranking accurately refdeeach supplier’s actual performance in
the three dimensions of carbon efficiency, emissieduction technology, and green
certification. Supplier A maintains an absolute autage in the green certification
dimension (0.714), exceeding other suppliers bigadt 0.428 standardised units. Supplier
B demonstrates balanced performance across alindiores but remains overall low, with
a comprehensive score (0.137) equivalent to onl§ 38 of the top-performing Supplier C.
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Supplier C achieves the highest evaluation dudstsuperior carbon efficiency (0.497),
while Supplier D ranks last due to under perforngaacross all dimensions.

Carbon efficiency

0,7
0,6
0,5
0,4
. 0,3 Emission reduction
Share of responsibility !
0,3/\\‘ technology
Combined score Green certification
——\ e— 0 C D
Fig. 3. Supplier performance radar
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Fig. 4. Carbon footprint share vs responsibilitya@omparison

The differences between carbon shares and resjdysfvoportions illustrated in
Figure 4 fully demonstrate the fairness and inegsitig nature of the model. Suppliers A
and C, as high performers, have responsibility priigns (26.81 % and 20.04 %) lower
than their respective carbon footprint shares (3afd 24 %), receiving responsibility
reductions of 6.19 % and 3.96 %, respectively. @os®ly, the lower-performing suppliers
B and D have responsibility proportions (24.33 %l @8.83 %) exceeding their carbon
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footprint shares (21 % and 22 %), bearing additioesponsibilities of 3.33 % and 6.83 %,
respectively. The maximum difference in responiibiteaches +6.83 %, significantly
higher than the differentiation achieved by traitil methods.

Sensitivity and robustness

To ensure the robustness of the emission reduc@eponsibility allocation model
proposed in this study and to verify the ratioyabf the parameter settings, this section
conducts sensitivity and robustness analyses orkelieparameters in the responsibility
allocation formula (equation (8)) - the industrynbbmark coefficien& and the adjustment
coefficient5. We set three representative parameter scenamiosofmparison: Scenario 1
hasa = 0.8 andp = 0.2, which assigns a higher weight to historicatbon footprints,
emphasising the principle of ‘who pollutes, whaésponsible.” Scenario 2 is the baseline
scenario used in this study, with= 0.7 andgs = 0.3, balancing historical responsibility with
future incentives. Scenario 3 has= 0.6 andf = 0.4, which increases the penalty for
suppliers with poor low-carbon performance, focgsimore on an incentive-oriented
approach of ‘rewarding excellence and punishingtsbmings’. The results are shown in
Table 3.

Table 3
Comparison of responsibility ratios under differpatameter scenarios

. Share of responsibility [%] .
Supplier 0 85 =02 [ «=078-03 | a=065=04 | ok
A 28.95 26.81 24.67 2
B 22.26 24.33 26.40 3
c 21.36 20.04 18.72 4
D 27.43 28.83 30.21 1

Under the three parameter scenarios, the rankegtseof the suppliers’ responsibility
proportions from highest to lowest are completebnsistent, with the order being:
D > B > A > C. This result indicates that whethexcidion-makers lean toward the
historical responsibility principle or the perfornt@ incentive principle, the model’s
assessment of the relative responsibilities of tber suppliers remains stable and
unchanged. Meanwhile, although the ranking is setable specific values of responsibility
proportions vary systematically with the parameterdine with theoretical expectations.
Whena increases, the responsibility proportion of Sugphi, which has the highest carbon
footprint share, rises, whereas the responsibjlityportion of Supplier D, which has the
lowest carbon footprint share but the poorest parémce, decreases. Conversely, whien
increases, the responsibility proportion of Supplke with the lowest composite score,
rises significantly, while that of Supplier C, whigerforms best, further decreases.
Supplier B, with a moderate carbon footprint shiawé a relatively low composite score,
consistently bears substantial responsibility sdaamly to Supplier D in all scenarios.

These findings demonstrate that the model's outpuinsensitive to changes in
parameters: and g, highlighting the robustness of its core conclasioThe selection of
benchmark parameters (0.7, 0.3) represents a r&alsopolicy-level balance, allowing
supply chain managers to adjust parameter weiglttirma certain range according to
different regulatory orientations or strategic aipes, without concern for disruptive
changes in the ranking results.
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Conclusion

Theoretical contribution - Our research provides a structured and actienabl
framework that leverages PLM data infrastructurgedrating a dynamic assessment
mechanism through the DHNN-AHP model. This syneaphieves complete carbon
traceability across all lifecycle stages and ftatidis adaptive responsibility allocation,
providing core enterprises with a transparent,-datzeen carbon management and supplier
assessment toolkit. The proposed DHNN-AHP model rawgps traditional supplier
evaluation methods through dynamic weight adjustmamd nonlinear optimisation,
effectively addressing the rigidity issues of cami@nal static weight systems.

Managerial implications - Under the overarching “dual carbon” strategicalgp
enterprises across the entire supply chain - imetudaw material suppliers, manufacturing
entities, logistics providers, and brand ownerse-facing increasing pressure to transition
to low-carbon operations. This transformation i¢ ooly regulatory but also represents
a fundamental reconfiguration of value creationtieah around sustainability and carbon
responsibility. This study verifies the effectiveseof the proposed model in achieving
precise traceability, scientific evaluation, anduitable distribution, providing core
enterprises in the supply chain with a quantifiadddeision-making tool to implement the
“dual carbon” goals.

Limitations - There are shortcomings in the paper that warftatiher exploration in
the future. The data in the article is based onpile experience of simulated values and
still requires the introduction of actual data farther verification in the future. And the
current model does not explicitly incorporate emédipolicy variables such as carbon taxes,
subsidies, or compliance incentives, which areicalitin real-world decision-making
environments.

Future work - Future research will focus on the promotion apglication of the
model in practical industrial settings, as wellisintegration mechanisms with policies
such as carbon tariffs. Firstly, combining blockohgechnology with existing PLM-based
traceability systems can further enhance the iabdiiy and transparency of carbon data
flows. Secondly, validating the model through areagive multi-industry dataset and
a larger supplier network will strengthen its getisability and robustness. Finally,
establishing a coordination mechanism between topgsed framework and emerging
carbon border adjustment policies (such as CBAM)rigial for aligning corporate-level
carbon accountability with international climatevgmance and trade standards.
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