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ABSTRACT

Plant-scale industrial carbon accounting is critical for developing targeted emission-reduction policies.
However, most assessments of carbon-intensive sectors rely on aggregate statistics, which obscure
significant heterogeneity among individual plants. China's pulp and paper industry (PPI), the largest
globally, encompasses diverse production processes, raw material inputs, and emission sources. Existing
accounting frameworks rely on statistical data and average emission factors within poorly defined
system boundaries, which prevents differentiation at the individual plant level. Here, we propose a
multimodal data fusion framework that integrates high-resolution remote-sensing imagery with plant
textual data to capture structural and operational characteristics undetectable by any single data mo-
dality. Applied to 720 pulping and papermaking plants across China, the framework achieves R? values
of up to 0.96 across five plant types and estimates total sectoral carbon emissions at 163.6 million
tonnes of CO, in 2022, with pronounced regional disparities concentrated in eastern coastal provinces.
Analysis of functional-zone contributions further reveals that wastewater treatment areas are a
consistent cross-category emission driver, and that just 5% of high-emission plants account for
approximately 43% of sectoral emissions—a skewed structure that demands differentiated regulatory
intervention. Incorporating regional solar radiation data, rooftop photovoltaic deployment is projected
to reduce annual PPl emissions by up to 10.3%, with primary-fiber pulp plants offering the greatest
mitigation leverage. Beyond China's PPI, this scalable, data-driven approach provides a transferable
blueprint for granular, plant-level carbon accounting in other heterogeneous heavy industries.
© 2026 The Authors. Published by Elsevier B.V. on behalf of Chinese Society for Environmental Sciences,
Harbin Institute of Technology, Chinese Research Academy of Environmental Sciences. This is an open
access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Previous researchers have assessed PPI carbon emissions at
global [3], national [4], and regional [5] scales, thereby informing

As the world’s largest producer of paper products, China has
included the pulp and paper industry (PPI) among the eight key
emission-intensive sectors of the national carbon market. The PPI's
energy conservation and emissions-reduction process is vital to
supporting China’s transition toward sustainable development [1],
and carbon accounting for the PPI is the foundation for achieving
carbon emissions reduction (CER) [2]. Accurate quantification of
carbon emissions and source contributions is thus fundamental for
formulating mitigation strategies and policy frameworks.
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the development of macro-level policies to mitigate emissions. As
fundamental units within the PPI that generate carbon emissions,
pulping and papermaking plants (PPPs) represent the most gran-
ular scale at which CER policies can be effectively implemented
[6]. Achieving sector-wide carbon neutrality in the PPI depends on
the decarbonization performance of individual plants [7]. There-
fore, there is a need to establish a high-resolution, operationally
feasible carbon accounting framework at the plant scale. Such a
framework would facilitate the precise identification of emission
source distributions and provide a robust scientific basis for the
design of differentiated and targeted mitigation strategies.
Carbon emissions from PPPs are commonly estimated by
combining energy consumption data with corresponding emission
factors. Existing emissions inventories span scales ranging from
individual plants [8] to industrial clusters of up to 23 plants [9].
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However, energy-based accounting approaches neglect direct
carbon emissions from pulping and wastewater treatment pro-
cesses, resulting in the omission of approximately 20% of total
emissions in energy-based emission estimates [10] and potentially
introducing substantial biases into total emissions estimations.

In addition to methods based on energy consumption, plant-
level carbon emissions can be estimated by integrating publicly
available production-capacity data with product-specific carbon-
emission factors. This method has been applied to construct large-
scale, plant-level carbon emission inventories for the refining [6],
steel [11], and primary aluminum smelting [12] industries. It has
also been extended to the PPI through life cycle assessment (LCA),
which is used to estimate carbon emission factors for major paper
products in China [13]. In 2015, by integrating these factors with
plant-level production-capacity data, researchers developed a
comprehensive carbon-emission inventory covering 814 PPPs
across China [14]. In this inventory, production capacity is treated
as an indirect indicator of emissions and used to estimate plant-
level carbon emissions using product-specific carbon-intensity
parameters. It has certain advantages, such as broad applicability
and ease of data collection [15]; however, variations in process
technology, raw material compositions, and scale effects across
plants lead to pronounced differences in product-level carbon
emission intensities [16]. These differences undermine the accu-
racy of carbon emission estimates, even within the same industrial
sector. Moreover, this approach is further complicated by incon-
sistent system boundaries and ambiguous emission attribution to
individual plants [17].

Remote-sensing imagery—a high-resolution observational
tool—allows the spatial layouts of PPPs, including production
buildings, raw material storage zones, and wastewater treatment
areas [18], to be identified. Such spatial information supports
differentiation among raw material structures and scale-related
characteristics across plants, providing spatial data for carbon
accounting [19]. However, such imagery, when used alone, often
cannot distinguish among different types of PPPs, because plants
with similar spatial layouts may differ substantially in product
types and emission characteristics. In contrast, textual information
captures knowledge that cannot be directly obtained from images,
including plant product names and structures. Multimodal data
fusion refers to the integration of heterogeneous data from mul-
tiple sources or modalities to provide a more comprehensive and
accurate representation of a system or process. Multimodal data
fusion approaches have been applied to address the limitations of
single-source remote-sensing imagery, including urban waste pile
detection [20], urban village detection [21], and urban area func-
tional identification [22]. Therefore, building on these advances,
we integrated plant-level remote-sensing imagery with product
semantic information and used a multimodal fusion framework to
improve the accuracy of PPP classification and plant-level carbon
emission estimation.

Estimating carbon emissions at the plant level improves the
compilation of carbon emission inventories and provides a
necessary foundation for differentiated CER management. At the
plant scale, currently implementable decarbonization options for
PPPs include improving energy efficiency, adjusting the energy
mix, increasing waste paper utilization, and deploying carbon
capture and storage (CCS) technologies [23].

Optimizing production processes, improving equipment retro-
fitting, and enhancing thermal and electrical energy efficiency can
reduce carbon emissions by 6.8-192.1 kg of carbon dioxide (CO;)
per ton of paper [24]. However, substantial heterogeneity in pro-
duction equipment lifetimes and process configurations leads to
pronounced differences in energy consumption patterns across
PPPs. Consequently, establishing a unified retrofitting strategy that
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does not disrupt normal production is challenging [25].
Substituting recycled fibers for virgin wood pulp can reduce car-
bon emissions by approximately 25% [26], but China’s ban on
imported waste paper has greatly reduced recycled fiber re-
sources, resulting in an estimated supply gap of around 30 million
tons [13]. CCS technology can mitigate the high-concentration
direct emissions from thermal power units in PPPs. However, in
practice, most Chinese PPPs do not use thermal power units, and
their emissions mainly arise indirectly from electricity consump-
tion and steam supply [27]. Furthermore, the absence of central-
ized emissions sources, together with high capital investment
requirements, elevated operational costs, and insufficient CO,
transport and storage infrastructure, severely restricts the appli-
cation of CCS at the plant level [28].

At present, optimizing the energy structure at the plant level
seems to be the most feasible pathway for reducing carbon
emissions in China’s PPI [29]. Increased use of renewable energy,
such as from green electricity and photovoltaic (PV) systems, can
reduce the indirect emissions associated with electricity con-
sumption [30]. However, the emissions reduction benefits of green
electricity depend on the cleanliness of the regional power grid
and the external energy structure [31]. In regions dominated by
fossil fuel power generation, the mitigation effect of green elec-
tricity substitution is limited. In contrast, PV power generation
offers great potential and flexibility for industrial decarbonization.
Previous studies have demonstrated that PV systems installed on
plant rooftops or within industrial parks can reduce a portion of
purchased electricity consumption [32,33]. The roofs of PPPs are
typically spatially distributed, underutilized, and centrally
managed, making them particularly suitable for deploying
distributed PV systems. When combined with energy storage
systems, PV systems facilitate tiered energy utilization, thereby
accelerating the PPI decarbonization process [34]. Recent studies
on PPI decarbonization strategies based on PV power have pri-
marily focused on national-scale assessments [35]. Few systematic
assessments of the potential of PV power generation for plant-
level decarbonization have been conducted.

To address unclear boundaries and substantial estimation bia-
ses in existing carbon accounting methods for PPPs, we developed
a multimodal carbon accounting framework by integrating infor-
mation from remote-sensing images and textual data. First, we
developed a multimodal classification strategy based on the
DeepLabv3+ semantic segmentation model and bidirectional
encoder representations from the transformers (BERT) text-based
model. This facilitated the accurate identification and categoriza-
tion of PPPs based on their spatial and semantic features. Second,
we developed a data-driven, differentiated carbon-accounting
model to estimate 2022 carbon emissions for 720 PPPs and to
provide a plant-level emissions inventory for China’s PPI. Finally,
we incorporated solar radiation and geographic data to assess the
potential of deploying PV systems within existing PPPs to reduce
carbon emissions and support actionable decarbonization solu-
tions at the plant level.

2. Methodology

This study aimed to address key carbon-accounting issues in
China’s PPI, including low spatial resolution of region-level statis-
tical data, limited data dimensions, and challenges in accounting for
plant heterogeneity. By integrating image recognition, natural lan-
guage processing, and data-driven modeling, we developed a
framework for estimating plant-level carbon emissions. The overall
framework of this study consists of two core components—carbon
accounting and an assessment of CER potential (Fig. 1). These two
components are described in detail below:



S. Hu, H. Qi, Z. Wang et al.

Carbon accounting Carbon emission reduction
potential assessment
Multimodal data fusion Other Annual
Spatial total

built-up

data solar
Product text EliE) sl
data of PPPs
Text PV power generation calculation
cleaning l

Global sensitivity analysis
DeeplLabv3+ BERT ty analy

ResNet-101
:> Identification of key parameters
. (PV panel length)
Integrate image-

and text-based l

classifications

Scenario analysis

Scenario analysis based on
PV panel length

Functional Five types of
zone PPPs

| | l
Plant-level emissions of Plant-level carbon emission
720 PPPs reduction potential of 720 PPPs

Fig. 1. Framework of this study. The left panel shows the carbon accounting process.
Image- and text-based classification results are integrated to determine functional
zones and categorize pulping and papermaking plants (PPPs) into five types, enabling
the estimation of plant-level carbon emissions for 720 PPPs. The right-hand panel
illustrates the assessment of the potential to reduce carbon emissions, where the
generation of photovoltaic (PV) power is estimated, and global sensitivity and sce-
nario analyses are conducted to evaluate the potential to reduce carbon emissions at
the plant level under different panel lengths. BERT: bidirectional encoder represen-
tations from the transformers.

Carbon accounting. First, we delineated the boundaries of each
PPP and applied contour extraction techniques to identify the re-
gions of interest (ROIs) corresponding to plant areas from remote-
sensing imagery. We then used a semantic segmentation model
based on DeepLabv3+ to segment and identify functional zones
within each plant, enabling quantification of the area associated
with each functional region. Simultaneously, we cleaned the textual
data to remove noise and analyzed it using a BERT model to generate
plant-classification results. We subsequently integrated the outputs
of the image-based and text-based analyses at the decision level.
Specifically, we used image-based information mainly to distinguish
between primary fiber pulp plants and recovered fiber pulp plants,
whereas we used textual data to classify other types of PPPs. Based
on the final plant categories, we developed an area-based carbon
accounting model for each PPP, using functional-zone measure-
ments and corresponding carbon-emission data.

CER potential assessment. Based on the PPP area, geographical
location, and solar radiation data, we developed a mechanistic
model to evaluate the CER potential of rooftop PV power genera-
tion. We then employed the Kucherenko index to conduct a global
sensitivity analysis (GSA) and quantify the influence of the model
input variables and their interactions on the outputs. The
Kucherenko index uses a quasi-random Sobol sequence with high
spatial sampling efficiency to ensure that the control variables are
mutually independent. This not only allows the first-order effects
of individual factors to be assessed but also captures interactions
between variables. When the sensitivity index exceeds 0.1, the
factor is considered highly sensitive [36]. This analysis enabled us
to identify the parameters with the greatest impact on CER po-
tential. On this basis, we systematically assessed the CER potential
of PPP rooftop PV systems across a range of parameters.
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2.1. Definitions

2.1.1. Definition of functional zones within PPPs

We divided each plant into five functional zones to capture
differences in production processes and carbon emissions. This
zoning scheme adheres to Chinese national standards (i.e., the
Code for the Design of Pulp and Papermaking Plants [37]) and was
refined based on spatial patterns observed in high-resolution
remote-sensing imagery. Areas not belonging to these five func-
tional zones were classified as other built-up areas. The following
list summarizes the functional roles, emission characteristics, and
key visual features of PPP functional zones (see the Supplementary
Fig. S1 for representative examples).

Primary fiber stacking areas. These areas are used for the
outdoor storage of raw primary fiber materials and serve as the
upstream functional zone of the pulping process. They are asso-
ciated with primary fiber pulping, which is characterized by high
energy consumption and relatively high carbon emissions. These
areas are typically rectangular or circular and are painted in yellow
or dark brown.

Recovered fiber stacking areas. These areas are used to store
bundles of recovered fiber and appear as rectangular patterns.
Recovered fiber pulping requires less energy and results in lower
emissions compared with primary fiber pulping. Identification was
based on spatial arrangement, spectral reflectance, and material
color (typically yellow).

Wastewater treatment areas. These areas contain sedimen-
tation tanks, oxidation basins, and treatment pools. Water bodies
vary in color depending on the treatment stage, with untreated
wastewater appearing darker and treated effluent lighter. Emis-
sions from this zone are mainly indirect. Structures are typically
circular or square and form regular patterns.

Thermal power plant areas. These areas provide on-site energy
supply and constitute the primary source of direct carbon emissions
due to fuel combustion. They are characterized by tall chimneys and
cooling towers with linear, circular, or elliptical structures, and they
exhibit distinct spatial features in remote-sensing images.

Other stacking areas. These areas are used for outdoor storage
of various materials and serve as a supporting role in the pro-
duction system. Their emissions are relatively minor and mainly
originate from material handling and short-distance trans-
portation. In remote-sensing imagery, they appear as regular
geometric patterns, most commonly rectangular, with diverse
surface colors that distinguish them from surrounding areas.

Other built-up areas. These areas include workshops, ware-
houses, offices, and related structures. Emissions from this zone
are predominantly indirect and mainly result from electricity
consumption. They are characterized by densely clustered build-
ings that form large, contiguous color blocks readily distinguish-
able from those of other functional zones.

2.1.2. Definition of PPPs

We defined PPPs based on the delineation of functional zones
combined with plant product information as follows:

Primary fiber pulp plants (PFPPs). Plants characterized by the
presence of primary fiber stacking areas on the plant sites
(Supplementary Fig. S2a).

Recovered fiber pulp plants (RFPPs). Plants characterized by
the presence of recovered fiber stacking areas and the absence of
primary fiber stacking areas (Supplementary Fig. S2b).

Heavyweight paper product manufacturing plants (HPPMPs).
Plants that lack both primary fiber and recovered fiber stacking
areas, with production mainly focused on heavyweight paper
products, excluding tissue and specialty papers (Supplementary
Fig. S2c).
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Specialty paper product manufacturing plants (SPPMPs).
Plants that lack both primary fiber and recovered fiber stacking
areas and produce mainly specialty papers, such as wallpaper or
filter paper (Supplementary Fig. S2d).

Lightweight paper product manufacturing plants (LPPMPs).
Plants that lack both primary fiber and recovered fiber stacking
areas, with production mainly focused on lightweight paper
products, primarily tissue paper (Supplementary Fig. S2e).

2.2. Data sources

In this research, we obtained the geographic coordinates of 720
PPPs located in China, which accounted for over 90% of the
country’s paper production capacity in 2022, from the Baidu Maps
Development Platform (https://lbsyun.baidu.com/). We collected
remote-sensing images of the plants from Google Earth and
sourced information on the main products they manufactured
from the China Paper Industry Yearbook [38] and the official
websites of the relevant companies. We extracted carbon emis-
sions data from the plants' environmental, social, and governance
(ESG) reports and solar resource data (specifically for annual total
solar radiation) from the Resource and Environmental Science
Data Platform (https://www.resdc.cn/Default.aspx) using a spatial
resolution of 1 km. The detailed data for this study are available on
Zenodo, an open-access repository for research data and code
(https://zenodo.org/records/16629379).

2.3. Data preprocessing

To eliminate interference from surrounding buildings, we first
delineated plant boundaries based on manual visual interpreta-
tion. We then converted the remote-sensing images from
red-green-blue (RGB) color space to the hue-saturation-value

iginal remote-sensing image
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(HSV) color space and thereafter performed contour extraction
using OpenCV—an open-source computer vision library for image
processing—to delineate PPP areas. To visually demonstrate the
effectiveness of the contour extraction method, we selected
several PPPs with different geometric shapes (Fig. 2). Finally, we
annotated functional zones within each plant using LabelMe
software, an open-source image annotation tool, following the
zone definitions in Section 2.1.1.

To minimize potential interference from Chinese punctuation
and rare characters on downstream classification, we preprocessed
the textual data using the Jieba word-segmentation tool. Specif-
ically, we normalized the original text by removing Chinese punc-
tuation and infrequent characters to enhance the consistency of
textual representations and the robustness of the classifier. We then
classified and labeled PPPs by integrating information derived from
remote-sensing images with plant-level product data.

2.4. Multimodal data fusion

2.4.1. DeepLabv3+ model

The DeepLabv3+ model adopts an encoder-decoder architec-
ture (Fig. 3) [39]. The encoder employs ResNet-101 as the back-
bone, comprising five blocks (Blocks 0-4) with 1, 3, 4, 23, and 3
residual blocks, respectively. For each input image, the backbone
yields two feature streams: (i) shallow features from Block 1 (edge,
texture, and color), which are fed directly into the decoder; and (ii)
deep features from Block 4 that encode object categories and
overall structure. The atrous spatial pyramid pooling (ASPP)
module—four dilated convolution blocks and one pooling
layer—further processed the deep features and generated five
distinct feature outputs. These maps were then concatenated and
passed through a 1 x 1 convolution layer before being fed into the
decoder.

Plant boundary

Fig. 2. Examples of contour extraction for pulping and papermaking plants with different geometric shapes. Original remote-sensing images are converted to the
hue-saturation-value (HSV) color space, followed by plant boundary extraction to produce images of pulping and papermaking plants.
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Fig. 3. Architecture of the DeepLabv3 + model. The DeepLabv3+ model adopts an
encoder—decoder architecture. The encoder employs a ResNet-101 backbone inte-
grated with atrous spatial pyramid pooling (ASPP) to capture multi-scale contextual
information for semantic segmentation. The decoder fuses shallow and deep features
to refine object boundaries and progressively up-samples feature maps to generate
high-resolution segmentation maps. Conv: convolution.

In the decoder, shallow features from the ResNet-101 encoder
were first subjected to a 1 x 1 convolution layer. In parallel, the
ASPP-derived deep semantic features were upsampled by a factor
of four (linear interpolation) to restore the spatial resolution to the
size of the shallow feature maps and ensure multiscale features.
The transformed shallow features were concatenated with the
upsampled deep features along the channel dimension and then
refined by a 3 x 3 convolution layer. Finally, the decoder upsam-
pled the resulting feature map was upsampled by an additional
factor of four (bilinear interpolation) to recover the original input
image resolution and produce a pixel-level semantic segmentation
map.

2.4.2. BERT model

The BERT architecture comprises three main components: a
vector embedding layer, a pretrained BERT model, and a linear
classifier [40]. The embedding layer transformed the textual input
into word, text, and position vectors via token, segment, and po-
sition embeddings (Fig. 4). These representations were then fed
into the pretrained BERT model. The pretrained BERT model con-
sisted of multiple stacked transformer encoder layers, each with
an identical architecture comprising two sublayers: a multihead
attention mechanism and a feedforward neural network. The
linear classifier included a fully connected layer and a Softmax
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Fig. 4. Architecture of the BERT model. Text inputs are vectorized using token,
segment, and position embeddings and encoded by stacked Transformer layers. The
final representations are fed into a softmax-linear classifier to generate predicted
class labels. The two panels on the right show enlarged views of the Transformer
block and the classifier head block. BERT: bidirectional encoder representations from
the transformers.

activation function. We used the fully connected layer to map the
output of the BERT model into raw score vectors (z) for different
categories based on equation (1):

z=Wx-+b (1)

where x is the output of the BERT model, W is the weight matrix, b
is the bias vector, and z is the initial score vector.

Subsequently, we mapped z to the 0-1 range using the Softmax
activation function to ensure that the sum of all elements equaled
1. Finally, we classified the text using equation (2):

__exp(z)
g (2)
> exp (z;

Son(3)

where p; is the probability that the input sample belongs to class i,

z; is the raw score of the input sample belonging to class i, and C is
the number of classes in the classification (C = 5).

2.4.3. Carbon accounting model

To better capture the relationship between functional area
extents and the carbon emissions generated by PPPs, we devel-
oped an area-based carbon accounting model according to equa-
tion (3):

Eci=0; xApi+bixApj+Ci x Agj+di x Ay j+€; x A +fi x Ap j+ ¢

(3)

where E; refers to the carbon emissions of the i-th type of PPP,

(ton of CO2); Ap i, Ar s Ao is Aw,i» Ati» and Ay, ; represent the primary
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fiber stacking area, recovered fiber stacking area, other stacking
areas, wastewater treatment area, thermal power plant area and
other built-up areas of the i-th type of PPP, respectively (m?); the
coefficients a;, b;, ¢;, d;, e;, and f; represent the respective contri-
butions of the five functional zones to the overall carbon emis-
sions; ¢; is the error term.

2.5. Model evaluation metrics

To evaluate the classification model's performance, we used
accuracy, precision, recall, and the F1 score as evaluation metrics,
which are denoted by U, P, R, and F;, respectively. Their formula-
tions are given in equations (4)-(7):

~ N+ x;i ix::: +Nen 100% @
P:ﬁ x 100% (5)
:ﬁ « 100% (6)

where Np (true positives) are true examples, Nty (true negatives)
are true counterexamples, Ngp (false positives) are false positive
examples, and Ngy (false negatives) are false negative examples.

For the semantic segmentation model based on remote-sensing
images, we employed the intersection over union (IoU) to measure
the similarity between the model’s segmentation results and the
true labels (equation (8)).

Sk n Gk
Sk U Gk

IoUy, = (8)

In this equation, IoUy denotes the intersection over union for
class k, Si is the pixel area predicted by the model, and G is the
annotated pixel area.

For the carbon emission regression model, we employed the
coefficient of determination (R?, equation (9)) and the mean ab-
solute percentage error (MAPE, equation (10)) as evaluation
metrics.

n 512
Zl(}’i—yi)
2 i=
R?=1-5 — (9)
Y
i=1
12 y»—?‘
MAPE:EZ =11 % 100% (10)
1

i=1

In these equations, y;, J;, and y refer to the actual, predicted,
and average carbon emissions of the i-th plant, respectively, and n
is the total number of samples.

2.6. Assessment of CER potential

To assess the CER potential of rooftop PV power generation for
existing PPPs, we assumed that all other built-up areas were
available for PV panel installation. For the modeling calculations,
we followed the approach described by Wang et al. [41] (equations
(11) and (12)):
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Bopt = —0.0049 x ¢? + 1.088 x ¢ (11)

Lpy x sin fgne
ds = Lpy x €COS fopt + t(an(6655° _p(p)) (12)
where fop. is the optimal radiation angle (°), ds is the spacing
between PV panels (m), ¢ is the latitude of the plant location (°),
and Lpy is the length of the PV panel (m).
We then calculated the roof-mounted PV power generation Epy
(kWh) using equations (13) and (14):

1

Apv:Aaxd—S

(13)

1-Fs
3.6

Epv =0 x Apy X HT x 8 x (14)

where Apy represents the area of the rooftop PV panels (m?), A is
the total area of the rooftop (m?), Hy is the total solar radiation
intensity at the plant location (MJ m~2 year~!), 0 is the efficiency of
PV modules, and F; is the shading coefficient. § is the performance
ratio (set to 0.8 following Wang et al. [41]). We set 6 = 15% and
Fs = 0.05, following Wang et al. [42]. M] was converted to KWh by
dividing by 3.6.

Finally, to calculate CER (Cpy), we used the following equation:

Cov = (Qcoal - va) x Epy (15)

where Qo, and Qpy are the life cycle for coal-fired and PV power
generation (g CO, kWh™1), respectively. According to IPCC [43], we
used Qoy = 950 g CO; kWh™! and Q,y = 50 g CO2 kWh ™",

2.7. GSA method

GSA was conducted using a variance-based approach that al-
lows for correlated input parameters. The model output is
expressed as:

Y = g(X1, Xz, ... Xn) (16)

where Y is the model output and X;, X5, ..., X represent the un-
certain input parameters.

Assuming the model is executed M times, the sample variance
is calculated as follows:

o (57 (7

where Y; is the result of the j-th model run, and Y represents the
mean value obtained from M model runs.

Finally, we used equations (18) and (19) to calculate the first-
order and total-order Kucherenko sensitivity indices [44]:

- Var(Y|X;) (18)
Var(Y)
. Var(YIX)

where S; is the first-order Kucherenko sensitivity index of input
paramete, which quantifies the contribution of X; to the total
output variance while allowing for correlated inputs. The total-
effect Kucherenko sensitivity index Sr; denotes the total-effect
Kucherenko sensitivity index reflects the overall influence of X;
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on output uncertainty, including all interaction and correlation
effects. Y|X; represents the mean model output obtained when the

input parameter X; is fixed at a given value. Y|X_; is the mean
model output obtained when all input parameters except X; fixed,
X_i represents the set of all input parameters excluding X;.

3. Results and discussion
3.1. Classification results

3.1.1. Results of the DeepLabv3+ model

We used 720 preprocessed remote-sensing images of PPPs for
this study, allocating 70% to the training set and 30% to the test set.
We applied five functional zones (defined in Section 2.1.1) and
visualized them using distinct colors (Fig. 5): primary fiber
stacking (red), wastewater treatment (green), recovered fiber
stacking (blue), other stacking (yellow), and thermal power plant
areas (purple).

The model achieved high classification performance, with
recognition accuracies exceeding 90% across all five functional-
zones categories (Table 1). The highest recognition accuracy
(98.58%) was achieved in the primary fiber-stacking areas,
reflecting the presence of highly distinctive visual features. In
addition, IoU values for all functional zones exceeded 80%, indi-
cating that the model effectively captured boundary characteris-
tics and discriminated among different functional zones.

Based on this model, we identified the functional zones of 720
PPPs from remote-sensing images. Among these plants, 92 were
classified as PFPPs and 108 as RFPPs.

3.1.2. Results of BERT model

The model exhibited strong performance across the three cat-
egories (HPPMP, LPPMP, and SPPMP), with classification accuracies
of 91.62%, 84.55%, and 85.62%, respectively (Table 2). Precision and
recall values for all three categories exceeded 80%. These results
confirmed that the model effectively captured the distinctive
textual features relating to different plant types.

The incorporation of textual information substantially
improved the classification model's accuracy. The classification of
HPPMPs, LPPMPs, and SPPMPs based solely on remote-sensing
images is challenging, owing to the limited discriminative visual
features of such images. Hence, the textual data provided critical
complementary information to overcome these limitations. The

Wastewater treatment area

Primary fiber stacking area
M Thermal power plant area

Other stacking areas
I Recovered fiber stacking area

Fig. 5. Semantic segmentation results for pulping and papermaking plants. Different
functional zones are identified: primary fiber stacking (red), wastewater treatment
(green), recovered fiber stacking (blue), other stacking (yellow), and thermal power
plant areas (purple).
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Table 1
Accuracy metrics of semantic segmentation models applied to factory functional
zones.

Functional zone U P R Fi IoU

Primary fiber stacking area 98.58% 93.84% 93.93% 093 94.00%
Recovered fiber stacking area  96.45% 93.84% 85.29% 0.89 83.53%
Wastewater treatment area 95.39% 92.31% 94.96% 093 86.39%
Other stacking areas 92.55% 88.23% 77.65% 082 81.85%
Thermal power plant area 92.90% 90.77% 83.19% 0.86 86.32%

Note: U, P, R, Fy, and IoU are accuracy, precision, recall, F;-score, and intersection
over union, respectively. An F; score closer to 1 denotes better model performance.
PFPP, primary fiber pulp plant; RFPP, recovered fiber pulp plant; HPPMP, heavy-
weight paper product manufacturing plant; SPPMP, specialty paper product
manufacturing plant; LPPMP, lightweight paper product manufacturing plant.

Table 2

Evaluation metrics for text classification models.
Plant type U P R Fy
PFPP 66.38% 80.26% 66.30% 0.73
RFPP 73.82% 62.77% 81.90% 0.71
HPPMP 91.62% 88.27% 88.81% 0.88
LPPMP 84.55% 84.39% 85.28% 0.84
SPPMP 85.62% 86.26% 85.60% 0.86

Note: U, P, R, and F;, are accuracy, precision, recall, and F;-score, respectively. An F;
score closer to 1 denotes better model performance. PFPP, primary fiber pulp plant;
RFPP, recovered fiber pulp plant; HPPMP, heavyweight paper product
manufacturing plant; SPPMP, specialty paper product manufacturing plant; LPPMP,
lightweight paper product manufacturing plant.

multimodal fusion of image and textual data effectively overcame
the constraints inherent in single-modality PPP classification.

Using a classification framework that integrated semantic im-
age segmentation with textual information, we categorized the
720 PPPs by type. HPPMPs constituted the largest group (292
plants; >40% of the total), followed by SPPMPs (122), RFPPs (108),
and LPPMPs (106), whereas PFPPs represented the smallest cate-
gory (92).

3.2. Carbon accounting model

Due to potential variations in data accuracy and reporting
standards in the reported ESG data, we examined the carbon
emissions data prior to model construction and conducted field
surveys at a set of representative PPPs to validate the reported
emissions values. The survey-based estimates were generally
consistent with the reported ESG data (Table 3), with discrepancies
predominantly within 10%. Therefore, despite potential un-
certainties, we considered the ESG data reliable enough for use in
this study.

Based on the carbon emissions data collected from PPPs,
combined with the classification results from Section 3.1, we used
the methods described in Section 2.6 to construct area-based
carbon accounting models for five different PPP types defined
above. Overall, the models exhibited satisfactory fitting perfor-
mance, with all R? values exceeding 0.75 (Table 4). Of the five
models, the RFPP model achieved the highest fitting accuracy
(R° = 0.96, MAPE = 8.10%). In contrast, the SPPMP and HPPMP
models generated relatively higher MAPE values, both exceeding
19%. This increase was mainly attributable to the number of indi-
vidual plants with exceptionally high carbon emissions within
these categories (Supplementary Fig. S3), which led to elevated
prediction errors and, consequently, higher overall MAPE values.
However, because some enterprises with similar high-emission
plants lack publicly disclosed ESG reports, we did not exclude
these outliers to maintain the model's representativeness. Overall,
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Table 3
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Comparison between ESG-reported and surveyed carbon emissions for representative PPPs.

Plant type Surveyed mean values (t CO, per t paper) ESG-reported mean values (t CO, per t paper)
PFPP 1.09 1.03

RFPP 0.71 0.78

HPPMP 0.52 0.58

LPPMP 0.93 0.92

SPPMP 0.81 0.8

Note: PFPP, primary fiber pulp plant; RFPP, recovered fiber pulp plant; HPPMP, heavyweight paper product manufacturing plant; SPPMP, specialty paper
product manufacturing plant; LPPMP, lightweight paper product manufacturing plant; ESG, environmental, social, and governance.

Table 4

Carbon emission accounting model evaluation indicators.
Plant type R? MAPE
PFPP 0.90 9.95%
RFPP 0.96 8.10%
LPPMP 0.88 12.68%
SPPMP 0.75 19.21%
HPPMP 0.76 19.49%

Note: R?, coefficient of determination with values closer to 1 indicates better
model performance; MAPE, mean absolute percentage error; PFPP, primary fiber
pulp plant; RFPP, recovered fiber pulp plant; HPPMP, heavyweight paper product
manufacturing plant; SPPMP, specialty paper product manufacturing plant;
LPPMP, lightweight paper product manufacturing plant.

the predicted emissions agreed well with the observed values for
most of the samples. Thus, we subsequently applied the confirmed
models to conduct plant-level carbon accounting for 720 classified
PPPs. In future work, we plan to further improve model perfor-
mance by using more balanced training samples and advanced
feature engineering to better capture this variability.

Using the confirmed models, we analyzed the contributions of
different functional zones to plant-level carbon emissions
(Table 5). Across all PPP categories, wastewater treatment areas
consistently contributed to higher carbon emissions. This pattern
showed that increases in production capacity were accompanied
by substantial growth in wastewater generation, necessitating
larger wastewater treatment systems and, consequently, gener-
ating higher carbon emissions. This relationship was particularly
pronounced for PFPPs, reflecting their high water consumption
and pollution intensity during pulping, which, in turn, led to
greater reliance on wastewater treatment infrastructure.

Beyond wastewater treatment areas, the influence of different
functional zones on carbon emissions varied markedly across plant
types. The thermal power plant areas, for instance, were positively
associated with carbon emissions only for some plant categories,
with the effect being particularly pronounced for SPPMPs. This
pattern could be attributed to the relatively small scale of such

Table 5

Driving effects of different functional area sizes on plant carbon emissions.
Plant type a b c d 4 f e
PFPP -0.54 047 9.70 1493 -0.36 -0.58 50.40
RFPP - 0.24 0.00 1.86 0.00 1.75 -13.93
LPPMP - - 0.20 5.53 0.00 0.61 7.91
SPPMP - - -3.76 7.61 14.740 0.83 -0.41
HPPMP - - 0.24 1.86 0.00 1.74 -1.74

Note: a, b, ¢, d, e, and f denote the regression coefficients corresponding to the
primary fiber stacking area, recovered fiber stacking area, other stacking areas,
wastewater treatment area, thermal power plant area, and other built-up areas,
respectively, indicating their contributions to overall carbon emissions. e denotes
the error term. PFPP, primary fiber pulp plant; RFPP, recovered fiber pulp plant;
HPPMP, heavyweight paper product manufacturing plant; SPPMP, specialty paper
product manufacturing plant; LPPMP, lightweight paper product manufacturing
plant.

plants, in which thermal power plants often occupy a large pro-
portion of the total site area and therefore exert a stronger influ-
ence on overall carbon emissions. In contrast, for larger plants,
such as PFPPs and RFPPs, although thermal power plants remained
an important source of direct carbon emissions, their spatial
footprints typically accounted for smaller proportions of the total
site areas. Consequently, their contributions to carbon emissions
were small within the area-based model. Overall, these results
highlight pronounced heterogeneity across functional zones
shaping plant-level carbon emissions across PPP categories.

3.3. PPP carbon emission inventory

In 2022, total carbon emissions from China’s PPI were approxi-
mately 163.6 million tons of CO,, with a heterogeneous spatial
distribution across 720 PPPs (Supplementary Fig. S4). Overall, 720
PPPs were distributed across 28 Chinese provinces and municipal-
ities, with pronounced regional disparities in carbon emissions
generated by the PPI (Fig. 6a). From a regional perspective, China’s
PPPs are mainly concentrated in coastal provinces. The 10 coastal
regions (Guangdong, Shandong, Jiangsu, Zhejiang, Hainan, Fujian,
Shanghai, Guangxi, Liaoning, and Tianjin) collectively contributed
102.3 million tons of CO, to PPI carbon emissions, accounting for
62.3% of the national total (Fig. 6b). Only Guangdong and Shandong
reported carbon emissions exceeding 20 million tons of CO,
(Fig. 6a). Combined, they generated more than one-quarter of
China’s total PPI carbon emissions. In contrast, most inland prov-
inces reported emissions below 5 million tons of CO».

Total emissions from PFPPs, RFPPs, and HPPMPs amounted to
80.4, 30.9, and 37.4 million tons of CO5, respectively, accounting for
90.4% of national PPI emissions (Fig. 6¢). Carbon emissions from
PFPPs and RFPPs displayed strongly right-skewed distributions
(Fig. 7), with maximum values far exceeding those for the other
categories. This indicates the presence of extremely high-emission
individual plants, which significantly elevates the overall carbon
emission levels of the sector. In contrast, carbon emissions from
LPPMPs and SPPMPs exhibited more concentrated distributions,
with lower mean values and reduced extremes. This suggests
relatively smaller disparities in carbon emissions among enter-
prises within these plant categories.

There was also considerable variation in carbon emissions
among plants that produced similar products. Taking PFPPs as an
example, individual plant emissions ranged from 43,600 to
450,700 tons of COy, representing a difference of more than two
orders of magnitude. This pronounced skewness indicates that a
small number of large, high-emission plants contribute dispro-
portionately to total sectoral emissions, resulting in a strongly
nonlinear emissions structure. For instance, the Jinhai Pulping and
Papermaking Plant in Hainan emitted 450,700 tons of
CO,—approximately five times the PFPP category average (87,350
tons of CO;)—and accounted for 5.6% of total PFPP emissions.

Further statistical analysis revealed that approximately 5% of
high-emission PPPs accounted for approximately 43% of total PPI
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carbon emissions. In contrast, nearly 75% of PPPs exhibited carbon
emissions below the sectoral average, suggesting that most oper-
ated with relatively low emission intensities. These findings un-
derscore the importance of adopting a differentiated approach to
CER. While maintaining sector-wide coordination, regulatory ef-
forts, and technical upgrades should be prioritized for a small
subset of high-emission plants to support more efficient and cost-
effective decarbonization.

4. Results for CER potential in the PPI

China is a vast country with complex terrain, resulting in sig-
nificant variations in solar energy resources across regions
(Supplementary Fig. S5). In general, solar radiation levels are
higher in western regions than in central and eastern regions.
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Therefore, assessments of the potential of solar power generation
for PPPs must explicitly account for regional variations in solar
resource availability across plant locations. The annual total solar
radiation at the locations of PPPs consistently exceeded
4000 MJ m~2 year~! (Supplementary Fig. S6), with most values
concentrated between 5000 and 6000 MJ m~2 year~. This distri-
bution indicates substantial potential for PV power generation
across most PPP locations.

According to the calculation framework described in Section
2.6 and the GSA of potential CER due to PV power generation
(Supplementary Fig. S7), only the first-order and total sensitivity
indices for PV panel length exceeded the 0.1 threshold. Both were
substantially higher than those for all other variables. This in-
dicates that panel length is the dominant factor influencing CER
outcomes. Accordingly, we further evaluated the rooftop PV
power-generation potential of PPPs across four scenarios repre-
senting different installation densities. In these scenarios, all
model parameters were held constant, whereas the PV panel
lengths (L,v) were set to 0.5, 1.0, 1.5, and 2.0 m, respectively.

As the panel length increased, the CER potential consistently
declined across all plant types (Fig. 8a). The greatest carbon-
reduction benefits were observed when the panel length was set
to 0.5 m, with some facilities achieving potential reductions
exceeding 35%. According to this optimal scenario, LPPMPs and
SPPMPs had particularly high CER potential at the individual level,
with most plants exceeding 20%. The CER potential of individual
RFPP and HPPMP plants was relatively low across all scenarios,
generally below 10%, and in some plants, the potential approached
0% for 1.5 and 2.0 m panel lengths.
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Fig. 8. Carbon emission reduction potential under different photovoltaic panel
lengths. a, Box plots show the distribution of carbon-emission-reduction potential for
different plant types at varying photovoltaic (PV) panel lengths. The boxes represent
the interquartile range, the central line indicates the median value, and the error bars
denote the minimum and maximum values. The inset figures show magnified views
of the recovered fiber pulp plant (RFPP) and heavyweight paper product
manufacturing plant (HPPMP) at PV panel lengths of 1.5 m and 2.0 m, to better
illustrate their differences in the low-value range. b, Total carbon emission reduction
of different plant types under different PV panel lengths. PFPP: primary fiber pulp
plant, SPPMP: specialty paper product manufacturing plant, LPPMP: lightweight pa-
per product manufacturing plant.
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We further quantified the overall CER potential of China’s PPI
(Fig. 8b). Across the four scenarios, projected emissions reductions
amounted to 16.9, 8.4, 5.6, and 4.2 million tons of CO,, corre-
sponding to 10.3%, 5.2%, 3.4%, and 2.6% of total PPI emissions,
respectively. Across plant types, PFPPs exhibited the highest CER
potential in all scenarios, accounting for more than 40% of the total
reduction. These results indicate that prioritizing the deployment
of PV systems across PFPPs could deliver the largest sectoral-level
carbon mitigation benefits.

In addition, although individual HPPMPs exhibited relatively
low CER potential, their large number and extensive aggregate
land areas mean that their cumulative CER potential cannot be
ignored. In contrast, SPPMPs and LPPMPs tended to show relatively
high CER potential at the individual plant level. These plants
typically operate at lower emission levels and occupy smaller site
areas, resulting in comparatively limited cumulative CER potential
at the sectoral scale.

5. Conclusion

Under China’s “dual carbon” strategy, which targets carbon
emission peaking by 2030 and carbon neutrality by 2060, carbon
emissions management in key industries has been increasingly
strengthened. However, researchers have primarily relied on pro-
vincial- or sector-level data, paying limited attention to plant-level
analyses and mitigation pathways. To address this gap, we devel-
oped a multimodal data fusion framework for PPPs that integrates
remote-sensing imagery, textual, and numerical data to improve
plant-level carbon accounting and identify the key functional zones
that generate emissions. In addition, we systematically evaluated
the CER potential of rooftop PV systems to provide quantitative
support for the low-carbon transition in China’s PPl. The main
conclusions of this study are summarized as follows:

(1) In this study, we developed a multimodal data fusion
framework for China’s PPI by integrating remote-sensing
imagery and plant textual data. Model validation across
five plant types demonstrated robust performance, with R?
values ranging from 0.75 to 0.96 and MAPE values ranging
from 8.10% to 19.49%.

(2) Based on multimodal data fusion framework, 720 PPPs
across China generated an estimated 163.6 million tons of
CO, in 2022, with more than 60% emitted from nine eastern
coastal provinces. Significant differences were also observed
across plant types and individual plants. PFPPs, RFPPs, and
HPPMPs accounted for 90.2% of total carbon emissions, with
the top 10% of high-emission plants contributing nearly half
of sectoral carbon emissions. These findings provide a
quantitative basis for differentiated region-specific CER
strategies.

(3) Building on the emissions assessment, we developed a
methodological framework to evaluate rooftop PV potential
for PPPs using meteorological data and GSA. The scenario
results revealed that a PV panel length of 0.5 m yielded the
greatest emissions mitigation, with an annual reduction of
approximately 16.9 million tons of CO,, corresponding to
10.3% of total sectoral emissions. This highlights rooftop PV
deployment as a promising and scalable decarbonization
strategy for the PPL

CRediT authorship contribution statement

Song Hu: Writing — original draft, Methodology, Formal anal-
ysis. Huaqing Qi: Data curation, Software. Zifei Wang: Data

10

Environmental Science and Ecotechnology 30 (2026) 100682

curation, Validation. Xiaoyu Wu: Data curation. Yulin Han:
Writing — review & editing, Funding acquisition. Yi Man: Super-
vision, Conceptualization, Funding acquisition, Writing — review &
editing.

Declaration of competing interest

The authors declare that they have no known competing
financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

Acknowledgements

This work was supported by the National Natural Science
Foundation of China (No. 22478141) and the Open Fund Project of
the State Key Laboratory of Advanced Papermaking and Paper-
based Materials (202419, 2025ZD04).

Appendix A. Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.ese.2026.100682.

References

[1] China Paper Association, China Paper Industry Sustainable Development
White Paper, China Paper Association, Beijing, 2019. http://www.chinappi.
org/reps/20190226104141217819.html (in Chinese).

S. Zhang, K. Yu, Y. Yu, Industrial transformation for synergistic carbon and
pollutant reduction in China: using environmentally extended multi-regional
input-output model and multi-objective optimization, Energy 318 (2025)
134830, https://doi.org/10.1016/j.energy.2025.134830.

S. van Ewijk, J.A. Stegemann, P. Ekins, Limited climate benefits of global
recycling of pulp and paper, Nat. Sustain. 4 (2) (2021) 180-187, https://
doi.org/10.1038/s41893-020-00624-z.

M. Dai, M. Sun, B. Chen, L. Shi, M. Jin, Y. Man, Z. Liang, C.M.V.B. de Almeida,
J. Li, P. Zhang, A.S.F. Chiu, M. Xu, H. Yu, ]J. Meng, Y. Wang, Country-specific
net-zero strategies of the pulp and paper industry, Nature 626 (7998) (2024)
327-334, https://doi.org/10.1038/s41586-023-06962-0.

Q.L. Han, H.L. Zhao, G.X. Wei, Y.W. Zhu, T. Li, M. Xu, X. Guo, H.Z. Shi, Y. Lian,
H.Q. Liu, Sustainable papermaking in China: assessing provincial economic
and environmental performance of pulping technologies, ACS Sustain. Chem.
Eng. 12 (11) (2024) 4517-4529, https://doi.org/10.1021/acssuschemeng.3c0
7611.

T. Lei, D. Guan, Y. Shan, B. Zheng, X. Liang, ]J. Meng, Q. Zhang, S. Tao, Adaptive
CO, emissions mitigation strategies of global oil refineries in all age groups,
One Earth 4 (8) (2021) 1114-1126, https://doi.org/10.1016/j.oneear.2021.07.
009.

J. Stangl, A. Borsos, C. Diem, T. Reisch, S. Thurner, Firm-level supply chains to
minimize unemployment and economic losses in rapid decarbonization
scenarios, Nat. Sustain. 7 (5) (2024) 581-589, https://doi.org/10.1038/
s41893-024-01321-x.

Q. Hao, X. Kuang, A study on the implementation of corporate carbon
emission accounting in the production process, Pol. ]. Environ. Stud. 33 (3)
(2024) 2941-2957, https://doi.org/10.15244/pjoes/175300.

Y. Man, Y. Yan, X. Wang, J. Ren, Q. Xiong, Z. He, Overestimated carbon
emission of the pulp and paper industry in China, Energy 273 (2023) 127279,
https://doi.org/10.1016/j.energy.2023.127279.

Z. He, M. Hong, H. Zheng, ]J. Wang, Q. Xiong, Y. Man, Towards low-carbon
papermaking wastewater treatment process based on kriging surrogate
predictive model, ]. Clean. Prod. 425 (2023) 139039, https://doi.org/10.1016/
j.jclepro.2023.139039.

W. Wu, Q. Tang, W. Xue, X. Shi, D. Zhao, Z. Liu, X. Liu, C. Jiang, G. Yan, J. Wang,
Quantifying china's iron and steel industry's CO, emissions and environ-
mental health burdens: a pathway to sustainable transformation, Environ.
Sci. Ecotechnol. 20 (2024) 100367, https://doi.org/10.1016/j.ese.2023.
100367.

H. Zhang, X. Li, L. Chen, M. Wang, Global primary aluminum smelters' CO;
mitigation potential and targeted carbon-neutral pathways, J. Clean. Prod.
474 (2024) 143628, https://doi.org/10.1016/j.jclepro.2024.143628.

H. Qi, Z. Wang, S. Hu, Z. He, Y. Han, Y. Man, Multiscale life-cycle carbon
emission analysis for papermaking industry of China: evolution triggered by
the waste import ban, ACS Sustainable Chem. Eng. 13 (28) (2025)
11128-11142, https://doi.org/10.1021/acssuschemeng.5c00355.

Y. Man, ]. Li, M. Hong, Y. Han, Energy transition for the low-carbon pulp and
paper industry in China, Renew. Sustain. Energy Rev. 131 (2020) 109998,
https://doi.org/10.1016/j.rser.2020.109998.

[2

[3

[4]

[5

[6

[7

[8

[9

[10]

[11]

[12]

[13]

[14]


https://doi.org/10.1016/j.ese.2026.100682
http://www.chinappi.org/reps/20190226104141217819.html
http://www.chinappi.org/reps/20190226104141217819.html
https://doi.org/10.1016/j.energy.2025.134830
https://doi.org/10.1038/s41893%2D020%2D00624%2Dz
https://doi.org/10.1038/s41893%2D020%2D00624%2Dz
https://doi.org/10.1038/s41586%2D023%2D06962%2D0
https://doi.org/10.1021/acssuschemeng.3c07611
https://doi.org/10.1021/acssuschemeng.3c07611
https://doi.org/10.1016/j.oneear.2021.07.009
https://doi.org/10.1016/j.oneear.2021.07.009
https://doi.org/10.1038/s41893%2D024%2D01321%2Dx
https://doi.org/10.1038/s41893%2D024%2D01321%2Dx
https://doi.org/10.15244/pjoes/175300
https://doi.org/10.1016/j.energy.2023.127279
https://doi.org/10.1016/j.jclepro.2023.139039
https://doi.org/10.1016/j.jclepro.2023.139039
https://doi.org/10.1016/j.ese.2023.100367
https://doi.org/10.1016/j.ese.2023.100367
https://doi.org/10.1016/j.jclepro.2024.143628
https://doi.org/10.1021/acssuschemeng.5c00355
https://doi.org/10.1016/j.rser.2020.109998

S. Hu, H. Qi, Z. Wang et al.

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

C. Spreafico, D. Landi, D. Russo, A new method of patent analysis to support
prospective life cycle assessment of eco-design solutions, Sustain. Prod.
Consum. 38 (2023) 241-251, https://doi.org/10.1016/j.spc.2023.04.006.

E.C. Marujo, G.G. Rodrigues, A.A. Covatti, Procedures to combine estimators
of greenhouse gases emission factors, Carbon Bal. Manag. 19 (1) (2024) 4,
https://doi.org/10.1186/s13021-024-00250-8.

Q. Tu, J. Guo, N. Li, J. Qi, M. Xu, Mitigating grand challenges in life cycle in-
ventory modeling through the applications of large language models, Envi-
ron. Sci. Technol. 58 (44) (2024) 19595-19603, https://doi.org/10.1021/
acs.est.4c07634.

C. Zhang, K.M. Lam, Q. Wang, CoF-Net: a progressive coarse-to-fine frame-
work for object detection in remote-sensing imagery, IEEE T. Geosci. Remote
61 (2023) 5600617, https://doi.org/10.1109/TGRS.2022.3233881.

H.S.N. Hawanis, R.A. Ilyas, R. Jalil, R. Ibrahim, R.A. Majid, N.H. Ab Hamid,
Insights into lignocellulosic fibre feedstock and its impact on pulp and paper
manufacturing: a comprehensive review sustain, Mater. Technol. 40 (2024)
00922, https://doi.org/10.1016/j.susmat.2024.e00922.

S. Zhang, ]. Ma, F. Jiang, Monitoring street-level improper dumpsites via a
multi-modal and LLM-based framework, Resour. Conserv. Recycl. 218 (2025)
108227, https://doi.org/10.1016/j.resconrec.2025.108227.

Y. Huang, F. Zhang, Y. Gao, W. Tu, F. Duarte, C. Ratti, D. Guo, Y. Liu,
Comprehensive urban space representation with varying numbers of street-
level images, Comput. Environ. Urban Syst. 106 (2023) 102043, https://
doi.org/10.1016/j.compenvurbsys.2023.102043.

R. Cao, W. Tu, C. Yang, Q. Li, J. Liu, J. Zhu, Q. Zhang, Q. Li, G. Qiu, Deep learning-
based remote and social sensing data fusion for urban region function
recognition, ISPRS ]. Photogramm. 163 (2020) 82-97, https://doi.org/
10.1016/j.isprsjprs.2020.02.014.

F.H. Joyo, B. Nastasi, D. Astiaso Garcia, Decarbonization pathways for the pulp
and paper industry: a comprehensive review, Renew. Sustain. Energy Rev.
223 (2025) 116070, https://doi.org/10.1016/j.rser.2025.116070.

Y.H. Huang, J.H. Wu, T.Y. Liu, Bottom-up analysis of energy conservation and
carbon dioxide mitigation potentials by extended marginal abatement cost
curves for pulp and paper industry, Energy Strategy Rev. 42 (2022) 100893,
https://doi.org/10.1016/j.es1.2022.100893.

Chinese Academy of Environmental Planning (CAEP) & Institute for Carbon
Neutrality, Tsinghua University, Outlook on Industrial low-carbon Technol-
ogies Toward China's Carbon Neutrality Goal, Energy Foundation China, 2025
(in Chinese).

H. Deng, D. Zhang, H. Yu, Y. Man, Y. Wang, Assessing life-cycle GHG emissions
of recycled paper products under imported solid waste ban in China: a case
study, Sci. Total Environ. 891 (2023) 164407, https://doi.org/10.1016/
j.scitotenv.2023.164407.

C. Lai, K. Fan, Q. Cai, Q. Ye, X. Wu, Low carbon and cost-effective pathways for
specialty paper production in China, Sustain. Prod. Consum. 39 (2023)
556-568, https://doi.org/10.1016/j.spc.2023.05.033.

W.J. Sagues, H. Jameel, D.L. Sanchez, S. Park, Prospects for bioenergy with
carbon capture & storage (BECCS) in the United States pulp and paper in-
dustry, Energy Environ. Sci. 13 (8) (2020) 2243-2261, https://doi.org/
10.1039/DOEE01107].

Y. Man, Y. Han, J. Li, M. Hong, W. Zheng, Life cycle energy consumption
analysis and green manufacture evolution for the papermaking industry in
China, Green Chem. 21 (5) (2019) 1011-1020, https://doi.org/10.1039/
c8gc03604g.

1

(30]

[31]

(32]

[33]

(34]

(35]

(36]

[37]

(38]

[39]

[40]

[41]

[42]

[43]

[44]

Environmental Science and Ecotechnology 30 (2026) 100682

A. Gailani, S. Cooper, S. Allen, A. Pimm, P. Taylor, R. Gross, Assessing the
potential of decarbonization options for industrial sectors, Joule 8 (3) (2024)
576-603, https://doi.org/10.1016/j.joule.2024.01.007.

C. Bohringer, X. Garcia-Muros, M. Gonzalez-Eguino, Who bears the burden of
greening electricity? Energy Econ. 105 (2022) 105705 https://doi.org/
10.1016/j.enec0.2021.105705.

H. Zhang, X. Chen, W. Li, R. Peng, ]. Ji, X. Su, C. Luo, Energy, economic,
emissions analysis of semi-flexible crystalline silicon photovoltaic system
integrated with factory building roofs based on actual electricity load and
cost conditions, Energy Build. 330 (2025) 115358, https://doi.org/10.1016/
j.enbuild.2025.115358.

D. Gao, Y. Hou, Y. Zhi, Z. Wei, J. Mao, W. Kong, S. Zheng, B. Peng, X. Yang,
Multi-objective optimization of urban industrial building rooftop PV-Storage
systems: integrating dynamic degradation and lifecycle carbon footprint,
Sustain. Cities Soc. 130 (2025) 106615, https://doi.org/10.1016/j.5¢cs.2025.
106615.

Z. He, C. Liu, Y. Wang, X. Wang, Y. Man, Optimal operation of wind-solar-
thermal collaborative power system considering carbon trading and energy
storage, Appl. Energy 352 (2023) 121993, https://doi.org/10.1016/j.apenergy.
2023.121993.

S. Lipidinen, E.L. Apajalahti, E. Vakkilainen, Decarbonization prospects for the
European pulp and paper industry: different development pathways and
needed actions, Energies 16 (2) (2023) 746, https://doi.org/10.3390/
en16020746.

C. Sweetapple, G. Fu, D. Butler, Identifying sensitive sources and key control
handles for the reduction of greenhouse gas emissions from wastewater
treatment, Water Res. 62 (2014) 249-259, https://doi.org/10.1016/j.watres.
2014.06.002.

Ministry of Housing and Urban-Rural Development of the People’s Republic
of China, Code for Design of Pulp and Papermaking Plant (GB 51092-2015),
China Planning Press, Beijing, 2015 (in Chinese).

China Paper Association, China Paper Industry Yearbook 2022, China Light
Industry Press, Beijing, 2022 (in Chinese).

A. Ji, X. Xue, Y. Wang, X. Luo, W. Xue, An integrated approach to automatic
pixel-level crack detection and quantification of asphalt pavement, Autom.

ConStruct. 114 (2020) 103176, https://doi.org/10.1016/j.autcon.2020.
103176.
J. Liy, R. Long, H. Chen, M. Wu, W. Ma, Q. Li, Topic-sentiment analysis of

citizen environmental complaints in China: using a Stacking-BERT model,
J. Environ. Manag. 371 (2024) 123112, https://doi.org/10.1016/j.jenvman.
2024.123112.

P. Wang, P. Yu, L. Huang, Y. Zhang, An integrated technical, economic, and
environmental framework for evaluating the rooftop photovoltaic potential
of old residential buildings, ]J. Environ. Manag. 317 (2022) 115296, https://
doi.org/10.1016/j.jenvman.2022.115296.

P. Wang, S. Zhang, Y. Py, S. Cao, Y. Zhang, Estimation of photovoltaic power
generation potential in 2020 and 2030 using land resource changes: an
empirical study from China, Energy 219 (2021) 119611, https://doi.org/
10.1016/j.energy.2020.119611.

IPCC, IPCC Climate Change 2014: Mitigation of Climate Change. Working
Group III Contribution to AR5, Cambridge University Press, 2014.

S. Kucherenko, S. Tarantola, P. Annoni, Estimation of global sensitivity indices
for models with dependent variables, Comput. Phys. Commun. 183 (4) (2012)
937-946, https://doi.org/10.1016/j.cpc.2011.12.020.


https://doi.org/10.1016/j.spc.2023.04.006
https://doi.org/10.1186/s13021%2D024%2D00250%2D8
https://doi.org/10.1021/acs.est.4c07634
https://doi.org/10.1021/acs.est.4c07634
https://doi.org/10.1109/TGRS.2022.3233881
https://doi.org/10.1016/j.susmat.2024.e00922
https://doi.org/10.1016/j.resconrec.2025.108227
https://doi.org/10.1016/j.compenvurbsys.2023.102043
https://doi.org/10.1016/j.compenvurbsys.2023.102043
https://doi.org/10.1016/j.isprsjprs.2020.02.014
https://doi.org/10.1016/j.isprsjprs.2020.02.014
https://doi.org/10.1016/j.rser.2025.116070
https://doi.org/10.1016/j.esr.2022.100893
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref25
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref25
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref25
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref25
https://doi.org/10.1016/j.scitotenv.2023.164407
https://doi.org/10.1016/j.scitotenv.2023.164407
https://doi.org/10.1016/j.spc.2023.05.033
https://doi.org/10.1039/D0EE01107J
https://doi.org/10.1039/D0EE01107J
https://doi.org/10.1039/c8gc03604g
https://doi.org/10.1039/c8gc03604g
https://doi.org/10.1016/j.joule.2024.01.007
https://doi.org/10.1016/j.eneco.2021.105705
https://doi.org/10.1016/j.eneco.2021.105705
https://doi.org/10.1016/j.enbuild.2025.115358
https://doi.org/10.1016/j.enbuild.2025.115358
https://doi.org/10.1016/j.scs.2025.106615
https://doi.org/10.1016/j.scs.2025.106615
https://doi.org/10.1016/j.apenergy.2023.121993
https://doi.org/10.1016/j.apenergy.2023.121993
https://doi.org/10.3390/en16020746
https://doi.org/10.3390/en16020746
https://doi.org/10.1016/j.watres.2014.06.002
https://doi.org/10.1016/j.watres.2014.06.002
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref37
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref37
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref37
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref38
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref38
https://doi.org/10.1016/j.autcon.2020.103176
https://doi.org/10.1016/j.autcon.2020.103176
https://doi.org/10.1016/j.jenvman.2024.123112
https://doi.org/10.1016/j.jenvman.2024.123112
https://doi.org/10.1016/j.jenvman.2022.115296
https://doi.org/10.1016/j.jenvman.2022.115296
https://doi.org/10.1016/j.energy.2020.119611
https://doi.org/10.1016/j.energy.2020.119611
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref43
http://refhub.elsevier.com/S2666-4984(26)00027-X/sref43
https://doi.org/10.1016/j.cpc.2011.12.020

	Plant-level carbon accounting of China's pulp and paper industry via multimodal fusion
	1. Introduction
	2. Methodology
	2.1. Definitions
	2.1.1. Definition of functional zones within PPPs
	2.1.2. Definition of PPPs

	2.2. Data sources
	2.3. Data preprocessing
	2.4. Multimodal data fusion
	2.4.1. DeepLabv3+ model
	2.4.2. BERT model
	2.4.3. Carbon accounting model

	2.5. Model evaluation metrics
	2.6. Assessment of CER potential
	2.7. GSA method

	3. Results and discussion
	3.1. Classification results
	3.1.1. Results of the DeepLabv3+ model
	3.1.2. Results of BERT model

	3.2. Carbon accounting model
	3.3. PPP carbon emission inventory

	4. Results for CER potential in the PPI
	5. Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Appendix A. Supplementary data
	References


