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Introduction: Rapid expansion of the shipping industry is not only boosting trade
and economic growth, but also leading to increased CO, emissions, which
presents substantial challenges to climate change mitigation. Therefore, it is of
great signi cant to simulate the berthing ship emission reduction potential under
the context of global change.

Methods: Based on the spatial-temporal evolution as well as the driving factors
of the port ship CO, emissions, this study predicted the future port ship CO,
emission patterns in China.

Results: Results indicated an obvious divergence in CO, spatial-temporal
distributions, and the high-emission areas had shifted from the northern to the
southern ports. The volume of waterway transportation, road transportation,
Gross Domestic Product (GDP) and the proportion of the secondary industry
were the primary drivers of the port ship CO, emissions, though the in uence
degree of each factor varied across different ports.

Discussion: Finally, scenario-based forecasts suggested that advancing ship
energy ef ciency technologies and formulate robust emission reduction policies
were urgently needed to mitigate the environmental impact of port activities.

port, ship CO2 emission, spatial-temporal analysis, driving factor, scenario analysis,
1 Introduction

Shipping industry serves as the cornerstone of international trade logistics, as it is the
predominant transportation mode for global commerce. Statistical evidence indicated that
maritime transportation accounted for approximately 80% of international trade logistics
(Alzahrani et al., 2021). Meanwhile, the extensive maritime activity also contributed
signi cantly to environmental problems, particularly carbon dioxide (CO,) emissions.
According to the United Nations’ annual shipping industry report, the sector emitted
roughly one billion tons of CO, per year (Yang et al., 2017). Research indicated that CO,
emissions from ports were primarily attributed to ship activities and the operations of
loading and unloading machinery, which together accounted for 59.80% of total emissions.
Of this, emissions from ships at berth contributed approximately 38% (Gibbs et al., 2014).
Statistically, approximately 70% of global shipping CO, emissions originated from port
coastal areas, with 60-90% occurring during ship berthing, resulting in emissions that were
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tenfold those of the ports’ own operations (Budiyanto et al., 2022;
Kimetal., 2022; McDuf eetal., 2020). Thus, a systematic analytical
framework is essential to bridge the historical evolution of berthing
ship CO, emissions and the forthcoming low-carbon
transition pathways.

Researches on CO, emission measurement have yielded
substantial results, forming a CO, emission measurement system
that incorporated the bottom-up approach based on ship activities
and top-down approach based on fuel consumption (Tovar and
Wall, 2019; Villalba and Gemechu, 2011), but the research on CO,
emission measurement in ports has not yet formed a uni ed
standard (Wang and Li, 2023). For top-down measurements, the

ndings of the CO, emission model for Chinese intermodal ports
suggest that increasing the proportion of rail-sea and river-sea
transportation to an optimal level could lead to greater energy
savings, reduced emissions, and improved economic bene ts (Jiang
et al,, 2012). Additionally, further studies have identi ed container
ships and car carriers as major sources of emissions within ports
(Chang et al., 2013). CO, emissions from ships were also calculated
by considering factors such as transportation demand,
transportation ef ciency, and marine fuel consumption (Yang
et al., 2017). Other scholars estimated CO, emissions by
calculating the carbon footprint (CF) (Botana et al., 2023). To
address potential inconsistencies induced by advancements in port
technologies and variations in operational productivity, this study
introduces a re ned classi cation of berthing ship types and
employs a spatially explicit, bottom-up estimation framework for
port ship CO, emissions, thereby overcoming the limitations of
traditional econometric regression approaches.

Spatial-temporal observing of port ship CO, could provide a
data foundation to devise effective energy-saving and emission
reduction strategies. Generally, the area with the highest CO,
emission intensity in the port was found near the waterway and
berth (Wang et al,, 2020). Spatially, CO, emissions from ports
demonstrated signi cant local clustering, indicating ports with
similar geographic locations exhibited similar emission patterns
(Wang et al., 2020; Ji et al., 2025). Temporally, the CO, emissions
from Chinese ports varied monthly, with the lowest emissions in
February and the highest in May, and this signi cant difference was
attributed to cargo volume adjustments during the Lunar New Year
(Yang et al., 2021). Visualization techniques revealed a more
intuitive representation of the uctuating characteristics of
emissions over time, highlighting high-emission ship types and
emission hotspots (Huang et al., 2017). For instance, ship CO,
emissions in the ports of the U.S. exclusive economic zone (EEZ)
decreased by 5.7% from 32.629 Tg in 2019 to 30.741 Tg in 2020 due
to the COVID-19 pandemic, and coastal ports exhibited
signi cantly higher emission levels than inland ports (Mou et al.,
2024). Moreover, a CO, emission hotspot identi cation and
extraction method using Data eld theory (DFT) was able to both
detect CO, spatial clusters of emissions and reveal the temporal
shifts in emission hotspots (Zhou et al., 2023).
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For factors in uencing port CO, emissions, scholars utilized
various analytical methods such as principal component analysis
(Zeng et al., 2023), ordinary least squares (OLS) regression, ridge
regression (Wang et al., 2022), Multiple Linear Regression (MLR)
and Global Malmquist-Luenberger (GML) (Yu et al., 2022). These
studies revealed that water rotation rate was a signi cant
determinant of port CO, emissions. Factors like hinterland GDP,
number of berth, research and development investment (R&D
Investment), and environmental regulation was found to have
bene cial effects, while the primary business cost was observed to
have negatively impacted emissions. However, since CO, emissions
had signi cant spatial autocorrelation, the assessment and
quanti cation of impact factors should comprehensively consider
their spatial effects (Zhu et al., 2022). Given that traditional
econometric analysis models often overlook the spatial
dependence of research subjects, potentially leading to biased
results, this study utilized the geographical detector model (\Wang
etal, 2010, Wang et al., 2016), which can identify spatial divergence
and reveal its driving factors, to analyze the determinants of port
CO, emissions.

For the CO, future forecasting, studies have shown that regions
adopting stringent emission standards were projected to see
signi cant reductions in pollutant emissions, while the impact of
global CO, mitigation policies on future on-road vehicle emissions
was relatively minor (Takeshita, 2011). And advanced carbon
capture and sequestration (CCS) technologies were posited to
enable deep transportation emission reductions exceeding 90%
(Pietzcker et al., 2014). If advanced mitigation technologies were
adopted, CO, emissions could peak around 2035 (Ou et al., 2010).
Overall, the majority of research concerning the future trajectory of
transportation CO, emissions relied on mathematical statistics or
econometric methods, which made direct projections of CO,
emission trends based on economic growth, without taking into
account changes in technology iteration, fuel switching and other
factors, which may lead to differences in the range of CO, emission
trends under different scenario models. Thus, the scenario analysis
method could be an alternative approach to enhance the future
forecasting of berthing ship CO, emissions, so as to help suggest the
formulation of port emission reduction measures.

As a leading maritime nation, China is actively aligning national
policies with international emission reduction commitments to
advance the sustainable and low-carbon transformation of its
maritime sector (Chen et al., 2023; Liu et al.,, 2024). To
comprehensively reveal the historical evolution and future
trajectories of ship CO, emissions across China’s coastal ports,
this study developed an integrated analytical framework that
combined long-term multi-port emission estimation, spatial
driver identi cation using the GeoDetector model, and scenario-
based forecasting. In contrast to previous studies that focused on
short-term analyses or individual ports, this spatio-temporal
predictive framework provided a systematic perspective for
examining how economic, industrial, and transportation factors
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jointly in uence emission dynamics and offered empirical evidence
to support sustainable port carbon governance strategies.

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

e Comprehensive Analytical Framework and Data Scope:
A uni ed analytical framework is established to integrate
long-term emission estimation, spatial driver identi cation,
and scenario-based forecasting, supported by an extended
dataset from 2001 to 2021 covering nine major Chinese
coastal ports. The framework connects the historical
evolution and future projection of port ship CO,
emissions and provides a robust methodological
foundation for national-scale port carbon analysis.

e Mechanism Identi cation via GeoDetector: GeoDetector
quanti es the spatial heterogeneity of port ship CO,
emissions and identi es how key socioeconomic and
infrastructural determinants, together with their
interaction effects, contribute to regional emission
disparities, offering a more rigorous understanding of the
dominant factors and their combined in uence and thereby
deepening insights into the mechanisms underlying
variation in port-level carbon emissions.

» Scenario-Based Forecasting and Policy Implications: Multi-
scenario simulations are conducted to evaluate the emission
reduction potential and target feasibility under
different development pathways. The results provide policy-
relevant insights for differentiated carbon mitigation
strategies and offer scienti ¢ guidance for advancing low-
carbon transformation and sustainable governance of
Chinese ports.

The remainder of the paper is organized as follows. Section 2
presents the study area, data sources, and methodological

framework, including the bottom-up CO, emission estimation
model, temporal trend analysis, GeoDetector-based driver

TABLE 1 Information in the nine ports.

Port coordinates

Cargo throughput

10.3389/fmars.2025.1723361

analysis, and scenario forecasting design. Section 3 reports the
empirical results, covering the spatiotemporal evolution of port
ship CO, emissions, the identi cation of major driving factors,
and the projection of future emission trajectories under
multiple scenarios. Section 4 concludes with key ndings, policy
implications, and directions for future research to advance low-
carbon and sustainable port development in China.

2 Methods and data source
2.1 Study area

Nine major coastal ports list as Table 1 were selected as the
research cases (Figure 1).

2.2 Data sources

The research interval spanned from 2001 to 2021, covering a
period of 21 years. The geographical data were sourced from the
National Geomatics Center of China (https://www.ngcc.cn/). The
average values of energy use per unit of freight turnover for different
ship types and the CO, emission factors for various fuel oil types
were derived from the International Maritime Organization (IMO)
greenhouse gas studies and previous research (IMO, 2009, IMO,
2014, IMO, 2020; Lee et al., 2016). Data on other variables such as
cargo turnover, port throughput, number of berths, wharf length,
transportation volume, urban GDP, population size, industrial
structure ratios, and energy consumption were obtained from the
National Bureau of Statistics of China (NBSC) and annual
provincial government reports. To ensure consistency across
different data sources and time scales, time-series interpolation
was used to Il missing records, and unit standardization was
applied to unify measurement units and statistical de nitions,
improving data comparability and reliability.

World ranking

China ranking

(unit:10 kt)
Dalian Port 12139 E3805 N 31553 17 13
Tianjin Port 117 42 E3859 N 52954 10 8
Yantai Port 121 23 E3732 N 42337 13 9
Qingdao Port 120 19 E36 04 N 63029 4 4
Shanghai Port 12119 E3114 N 76970 2 2
Ningbo Zhoushan Port 121 47 E2958 N 122405 1 1
Xiamen Port 11804 E24 27 N 22756 31 23
Shenzhen Port 11415 E2234 N 62367 5 5
Guangzhou Port 113 36 E2306 N 27838 21 17

(Remarks: The above information is derived from the Global Port Development Report 2021 by Shanghai International Shipping Research Center)
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China

FIGURE 1
Study area.

2.3 Methods

2.3.1 Ship CO, emissions

A bottom-up approach was adopted to establish a CO, emission
measurement model based on ship type segmentation. Due to the
differences in energy consumption per unit turnover among
different ship types and the fact that ship fuel consumption
statistics were obtained from fuel supplier sales data or vessel
monitoring systems, this study, guided by the IPCC (2006), IPCC
(2019) and adapted to the operational characteristics of Chinese
coastal ports, undertook the following revisions to the CO,
measurement formulae:

Ei = OFij 1)

]
Ei,j = FCiJ-*CFi (2)
FCiJ— = Ti,j*Ri,j (3)

where Equation 1 denotes the total CO, emissions from all ship
types in year i, Equation 2 denotes the CO, emissions produced by
the fuel consumption of the j-th ship type in year i, Equation 3
denotes the energy consumption of the j-th ship type in year i, and
Ri;j represents the energy consumption per unit of freight turnover
for the j-th ship type in year i. To re ne these parameters, the unit
energy consumption (R;;) for each ship type was adjusted with
reference to previous studies on berthing duration and equipment
utilization levels in Chinese ports (Sun et al., 2022; Tang et al., 2023,
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Yuan et al., 2022), and further localized based on empirical
operational data. Meanwhile, the CO, emission factors (CF;) were
converted into 10 “t CO, yr&#x207B; for annual accounting,
ensuring consistency with the methodological frameworks of the
IPCC and IMO.

2.3.2 Temporal tendency analysis
Slope analysis can be used to examine temporal trend of CO,
emissions from port ships with the following formula:

sLop = "OEIZC ; 040G @)
N«QinZf  (Qi=1Zi)

In Equation 4, n denotes the total duration from 2000 to 2021,
(equal to 21). Z; represents year i, with 2001 as the starting year, and
C; represents the CO, emissions corresponding to year i.

If Slope > 0, CO, emissions display an upward trend over time.
If Slope < 0, CO, emissions demonstrate a downward trend over
time. The Slope value quanti es the level of growth or decrease of
CO, emissions, i.e., the degree of tendency to increase or decrease

TABLE 2 Criteria for classifying trend changes.

Slow-
growth

Slope

type

Slope value

<y 0:5s y 0:55~y+0:55 y +0:55 ~y + 1:55

(Remarks: y denotes the mean of each scale Slope. s denotes the standard deviation of each
scale Slope.)
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(Zhao et al.,, 2016; Fang et al., 2016). Tahle 2 shows four types of
CO, emissions growth.

2.3.3 Driving factor analysis

In this research, the Factor Detector and the Interaction
Detector were used to examine the determinants of CO,
emissions and their interaction relationships in different ports.
The Factor Detector was served to examine the determinants of
the changes of CO, emissions from port ships with in uence value q
within the interval [0, 1]. At a signi cance level of 0.05, a larger q
value signi es a greater impact of the selected indicator, otherwise a
weaker in uence. The formula is provided below:

_ 1 L ., . SSR
L
SSR = QN3 (6)
h=1
$5Q = Nb? )

where Equation 5 represents the detection value of CO,
emission in uencing factors, a higher q value indicates stronger
explanatory power of the independent variable on ship CO,
emissions, while a lower value suggests weaker explanatory
power. N and N; denote the total number of samples in the
entire region and within the subregion, respectively. L refers to
the categorization of all factors. b? and b? represent the variance of
the dependent variable in the whole region and within the
subregion, respectively. Equation 6 and Equation 7 stand for the
total variance of the entire region and the within-stratum
variance, respectively.

Prior to the analysis, Pearson correlation and variance in ation
factor (VIF) tests were performed to con rm that no signi cant
multicollinearity existed among the input variables (|r] < 0.8, VIF <
5). Subsequently, the Interaction Detector was employed to further
examine the interaction relationships between factors, quantifying
the synergistic and combined effects of multiple variables on CO,
emissions from port ships.

In this framework, each continuous variable was discretized
into several strata to meet the requirement of spatial strati ed
heterogeneity while preserving signi cant intergroup variance,
thereby ensuring a robust estimation of the g-statistic. Building
on previous studies (Chen and Bi, 2022; Geng et al., 2015; Junling
and Yihe, 2018; Liu et al, 2023) and taking into account data
distribution, availability, and completeness, fteen indicators
covering transportation, production, economy, and society were
selected to identify and explain the driving factors and mechanisms
underlying port ship CO, emissions. Detailed de nitions of the
variables are provided in Table 3.

2.3.4 Scenario analysis

This study considered freight turnover, energy consumption per
unit of vessel, and CO, emission factor as variables, and then
applied statistical regression to predict their future changes.
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TABLE 3 Model variable de nitions.

Variable Index Abridge @ Code
Port CO,

Dependent Variable(Y;) emissions

Y CO, emission

Waterway
transport Xy
volume

Road
transport X,
volume

Level of

transportation
development

Railroad
transport X3
volume

Air transport
Xa
volume
Proportion of
waterborne Xs
transport

Number of X
berth 6
Terminal
Length

Port production

X7 .
capacity

Port X
Throughput 8
Independent Variable ;

) Port City X
' GDP o
Port City
Population Xi0

Size

Port City Urban economic
Energy X1 level
Consumption

Port City

Energy

consumption X1
per unit of

GDP

Ratio of
primary X13
industry

Ratio of
secondary X1a
industry

socio-industrial
structure

Ratio of
tertiary X5
industry

Business-As-Usual (BAU) was the path that followed the
established trend as usual without considering any additional
policies. Under this path, freight turnover could be predicted by a
general regression model. The general form was as follows:

In(R) = bo + byIn(My) + byIn(Mg) + - - - + byIn(My) — (8)

In Equation 8 R serves as the dependent variable (i.e., ocean
freight turnover for the six ship types), My, M,,..., M, are the
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independent variable (i.e., factors affecting cargo turnover).
Through previous studies and algorithms, it was possible to
predict the change in cargo turnover using only the GDP (Ma
et al., 2020; Wang et al., 2021). The energy consumption per unit
and ship CO, emission factors were reasonably predicted mainly by
the IMO report documents and China’s regulations on the
management of CO, emissions from ships.

Accelerated development scenarios (AD) were scenarios that
compared with the baseline scenario. The design concept was to
make appropriate uctuations to individual variables under the
baseline scenario, and then formed three additional adjusted
development scenarios, S;, S,, and Sz (Table 4, 5 and 6). Sy, S,,
and Sz represented adjustments to freight turnover, energy
consumption per unit of ship, and ship fuel utilization, respectively.

In order to explore the predicted values of different CO, emissions
in a more detailed way, the settings of speci ¢ scenarios and related
parameters are shown in the table below, as detailed in Table 7. BAU is
the basic baseline scenario that do not consider the emergence of any
new policies. AD; to AD; were the adjusted scenarios, of which AD-,
was the most optimal development scenario mode.

Furthermore, CO, emissions at both the aggregate and port
levels were examined across multiple dimensions, including
magnitude (Li et al., 2022), temporal evolution capturing both
long-term trends and short-term variations (Wang et al., 2021; Li
et al., 2023; Shi and Weng, 2021; Zou and Wang, 2025), and overall
emission levels derived from national statistics (NBSC, 2002-2022).
These comparative analyses con rm the reliability and robustness
of the estimation method.

TABLE 4 Adjustments to freight turnover.

Scenario

Projected annual average GDP
growth rate of 4.6%

Projected annual average GDP

BAU growth rate of 3.4%

Sy 5% reduction from BAU 10% reduction from BAU

TABLE 5 Adjustment of energy consumption per unit of ship.

Scenario 2035(%) 2050(%)
BAU ‘ -28% -43%
S ‘ -61% -76%

TABLE 6 Adjustments to ship fuel utilization.

2035

Scenario Percentage of

substitution (kg/ton)
BAU ‘ 10% 30776
S ‘ 40% 2968.4
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TABLE 7 Scenario design.

_ Transport Energy Fuel
Scenario Needs Effectiveness = Substitution
Ener Fuel
BAU BAU Effectivgr):ess Substitution
AD, s BAU BAU
AD, BAU S, BAU
AD; BAU BAU S
AD, s, S, BAU
AD. s BAU Ss
ADg BAU 52 >
AD, s, S, Ss

3 Results and discussion
3.1 CO, emissions of different port ships

Ship CO; emissions in the nine ports during the 21-year period
are shown in Figure 2. The total CO, emissions of the nine ports
showed an increasing trend during 2001-2021. The highest value of
250,514,100 tons was reached in 2019, which was 4.49 times more
than that of 2001. The annual growth rate was higher in 2004, 2011,
2016, 2017, and 2019, which reached 37.97%, 16.26%, respectively,
15.85%, 26.17%, and 10.48% respectively. This re ected the
increased demand for water transportation in China and the
growth in ship docking time, which led to increased pollution in
ports. However, carbon emissions from the nine ports showed a
clear downward trend with annual growth rates of -17.53%,
-10.44%, and -3.78% in 2009, 2013, and 2020, respectively.
Among different ports, Shanghai port always had the highest
emissions, while the emissions of ports such as Tianjin, Dalian,
and Qingdao ports uctuated greatly.

The results of the ship CO, emissions from nine coastal ports
during 2001-2021 were differentiated by ship type, as illustrated in
Figure 3. Throughout the study period, the CO, emission trends at
Dalian, Tianjin, Yantai, and Qingdao Ports initially increased but
then declined. Conversely, Shanghai Port, Ningbo-Zhoushan Port,
Xiamen Port, Shenzhen Port, and Guangzhou Port demonstrated a
gradual upward trajectory in ship CO, emissions. Among the ship
types, container ships were identi ed as the predominant
contributors to CO, emissions, accounting for approximately half
of the overall emissions from these ports. Following container ships,

2050

Percentage of
substitution

Mixed CO, emission factors
(kg/ton)

3004.8

30% ‘

70% ‘ 2859.2
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FIGURE 2
Ship CO, emissions in the nine ports during the 2001-2021.

dry bulk carriers, product oil tankers, and roll-on/roll-off (ro-ro)
vessels also accounted for a signi cant share of emissions. In
contrast, chemical ships and crude oil tankers were found to emit
the least amount of CO,. This discrepancy is primarily attributed to
the vigorous growth of container ports in coastal areas, spurred by
targeted policy support, which has led to a substantial increase in
container ship throughput (Psaraftis and Kontovas, 2009).
Additionally, container ships often operate at higher speeds to
transport large volumes of cargo within shorter timeframes,
resulting in increased fuel consumption and higher emissions. In
comparison, chemical tankers and crude oil tankers typically
operate at slower speeds, optimizing the ef ciency of ship design
and sailing characteristics, which results in lower fuel consumption
and reduced CO, emissions (Cariou, 2011). Furthermore, these
vessels often do not face constraints in cargo space, allowing for
more complete utilization of their carrying capacity, thereby
minimizing CO, emissions per unit of cargo.

Over the two decades, speci ¢ ports exhibited distinctive
emission trends. Dalian Port reached its peak emissions in 2017
at 31,272,400 tons, followed by a marked annual decrease, with the
most signi cant reduction occurring between 2019 and 2020 by
75.85%. Tianjin Port experienced its highest emissions in 2007 at
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34,219,800 tons, with a consistent decline until 2015, and emissions
remained relatively stable from 2015 to 2021. Yantai Port’s
emissions peaked in 2011 at 2.664 million tons, with a signi cant
reduction of about 1.4243 million tons by 2014. Qingdao Port saw
its highest emissions in 2008 at 15.0845 million tons, subsequently
decreased to its lowest in 2013 at 1.342 million tons, and then began
a gradual increase to 6,769,200 tons in 2021.

The disparity in CO, emission trends between northern and
southern ports indicated the shifting center of gravity in China’s
shipping trade from north to south, which is associated with the
industrial pro les of the regions. Northern Chinese cities have relied
heavily on traditional heavy industries such as coal, with little
presence of high-value-added industries. Therefore, as traditional
manufacturing industries decline and overcapacity issues prevail,
the focus of China’s international trade has moved to the southern
cities, which boast a higher proportion of light industry and
advanced manufacturing sectors. This transition was further
in uenced by the reorganization of major shipping companies,
such as the merger of China COSCO and China Shipping, which
relocated their business headquarters from Tianjin and Dalian to
Shanghai and Guangzhou (Wang and Ducruet, 2012; Wan and
Luan, 2022).
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FIGURE 3

CO, emissions by ship type in nine ports (the left axis indicates proportional contributions, and the right axis represents total emissions). (a) Dalian port; (b)
Tianjin port; (c) Yantai port; (d) Qingdao port; (e) Shanghai port; (f) Ningbo—Zhoushan port; (g) Xiamen port; (h) Shenzhen port; (i) Guangzhou port.
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The reduction in ship CO, emissions from Tianjin Port was
also partly attributed to the operational halts following the
catastrophic explosion on August 12, 2015. Additionally, a
decrease in CO, emissions around 2020 from some ports may
have been in uenced by the global disruptions caused by the
COVID-19 pandemic, which affected global commerce and port
throughput (Gu and Liu, 2023).
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3.2 Spatial-temporal evolution

3.2.1 Time evolution

The growth pattern of CO, emissions for the nine ports is
shown in Figure 4. Shanghai and Guangzhou had the most rapid
growth in ship CO, emissions, followed by Dalian, Ningbo, Xiamen
and Shenzhen ports, which were of medium-speed growth, and the
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FIGURE 4
Overall slope analysis of nine ports from 2001-2021.

slow-growing ones were Tianjin, Yantai and Qingdao ports. This is
inextricably linked to the degree of socio-economic advancement of
each region. Speci cally, Shanghai, Guangzhou and other more
developed cities have a rapid growth in CO, emissions, where the
regional GDP rank in the forefront of China, making the shipping
industry account for a relatively heavy proportion. On the other
hand, Tianjin, Yantai and Qingdao, which have a lower level of
urbanization and lag behind in the development of the shipping
industry, also have a lower level of CO, emissions from energy
consumption, with relatively stable trends in emissions.

To further investigate the growth trend of CO, emissions from
port ships during 2001-2021, this study analyzed the time series in
5-year intervals, with results presented in Figure 5. The CO,
emissions of Tianjin port grew rapidly in 2001-2005, and then
became slow-growth type. The CO, emissions of Dalian port grew
rapidly in 2005-2009, then became faster in 2009-2013, and rose
slowly in other time periods. Shanghai port has always been a fast-
growing type of CO, emissions. For the Guangzhou port, two time
periods of 2001-2005, 2005-2009 were at slow growth levels, while
the three time periods of 2009-2013, 2013-2017, and 2017-2021
remained faster or rapid growth levels. The other ports exhibited
slow to moderate growth trends. These results aligned with the
analysis in Section 3.1, which indicated a gradual southward shift in
the focus of China’s international shipping over the past 21 years.

3.2.2 Spatial evolution

As Figure 6 shows, the ports of Dalian, Tianjin, Qingdao,
Guangzhou, and Ningbo-Zhoushan belonged to the high-
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emission area, while the port of Shenzhen fell into the low-
emission area most of the time. The port of Yantai always
maintained a low-emission or medium-low-emission status, and
the port of Shanghai always maintained a high-emission status. It is
worth noting that the high-emission areas were predominantly
concentrated in the northern ports and Shanghai port before
2009, but mainly in the southeastern region after 2009. Regarding
temporal changes, the count of high-emission areas reached the
peak in 2009 and 2013, followed by a slight downward trend, and
the main high-emission areas shifted from northern ports to
southeastern ports.

Dalian port was a low-emission area in 2001 and became a high-
emission area from 2005 to 2017, because it expanded in size and its
facilities were gradually upgraded during these years, which made it
convenient for ships to call and conduct cargo operations, resulting
in a substantial rise in freight turnover and ship CO, emissions.
However, the port of Dalian became a low-emission area again in
2021, probably due to the decline in port throughput as a result of
the COVID-19 Epidemic. The port of Tianjin, which has the most
complete coastal port terminal functions and is the largest
integrated port in the Bohai Rim, remained a high-emission state
till 2013, and then it became a medium-low-emission area in 2017
and 2021, mainly due to the “8.12” bombing incident in 2015, which
caused the port to stop cargo transportation for a long period.
Although Yantai port is located in Shandong Peninsula, with a large
number of port areas, it was always a low-emission or medium-low
emission area due to the country’s vigorous development of the
Bohai Rim and the low competence in attracting goods compared
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