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A B S T R A C T

Urban centers in sub-Saharan Africa face climate vulnerabilities due to rapid urbanization and outdated 
development strategies that prioritize grey infrastructure over natural elements. In Ethiopia, urban green spaces 
remain underutilized despite their potential to enhance climate resilience. This study aims to explore the climate 
mitigation potential of green spaces in Hawassa, Ethiopia, by assessing carbon storage in trees using allometric 
equations within a customized i-Tree Eco model, complemented by soil and litter carbon analysis for selected 
parks. We collected data from stratified random sample plots across land uses, along with climate and location 
information to parameterize the model. Urban trees, soil, and litter carbon pools together stored 78,199 tC, 
mitigating 286,990.30 tCO2e, with carbon sequestration offsetting 4.9 % of the city’s annual emissions. The 
highest carbon stock was observed in soil (189.8 ± 8.5 tC ha− 1), while litter carbon was the least (1.08 ± 0.12 
tC ha− 1). Hawassa’s tree carbon density (12.01 tC ha− 1) was lower than other Ethiopian cities, influenced by 
urbanization and methodological variations. In Hawassa, land uses with minimal impervious and greater green 
space exhibited the highest carbon storage. Carbon sink positively correlated with tree metrics, while urbani
zation had a negative effect. Spatial mappings revealed an uneven distribution of carbon stocks, with impervious 
areas dominating low-carbon storage regions. These findings highlight the role of green spaces in climate 
mitigation and the need to integrate them into spatial planning and carbon policies. Ethiopian cities must balance 
grey and natural elements to enhance climate resilience and achieve emissions self-sufficiency.

Introduction

Anthropogenic driven climate change is increasingly impacting the 
Earth’s systems, manifesting in rising global temperatures, shifting 
precipitation patterns, and warming oceans, with far-reaching conse
quences that will continue to shape the future [13]. One major driver of 
these changes is the increase in global greenhouse gas (GHG) emissions, 
which reached 53.8 Gt CO2e in 2022 [6]. Carbon dioxide (CO2) and 
methane (CH4) are dominant GHGs and primarily originate from fossil 
fuel combustion and waste decomposition, respectively [30].

Urban areas are increasingly vulnerable to climate change, with 
expected temperature increases of 1.3–3.0 ◦C, precipitation changes 
ranging from − 9% to +15 %, and sea level rise of up to 60 cm by the 
2050 s [44]. Cities consume 60–80 % of global energy and contribute to 
72 % of GHG emissions [54], making them warmer than surrounding 
rural areas due to the urban heat island effect. These climate risks are 
particularly pronounced in cities of the Global South, where rapid and 

often unplanned urbanization exacerbates existing vulnerabilities. In 
Africa, many urban centers risk adopting a ’pollute now, clean up later’ 
development strategy, prioritizing short-term economic growth over 
environmental sustainability [58]. With urban population growth out
pacing other regions, Africa is projected to add over 950 million people 
to its urban population in the next three decades [2]. Sub-Saharan Af
rica, the fastest urbanizing region, is expected to reach 50 % urbaniza
tion by 2030 [51]. The proportion of the population living in this region 
of Africa has already increased from 22 % in 1980 to 40 % today [2]. As 
a result, urban centers in this region are among the most vulnerable to 
climate change risks, necessitating urgent mitigation and adaptation 
strategies.

Ethiopia has implemented climate resilience strategies to counteract 
rising emissions. According to the Ethiopia’s Ministry of Planning and 
Development (EMPD), emissions have increased from 108,333 GgCO2e 
to 350,843.9 GgCO2e, while removals grew from 60,774.2 GgCO2e to 
108,422 GgCO2e between 1994 and 2018 (EMPD, 2022). Although the 
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country’s per capita emission in 2022 was just 1.63 t CO2e [6], pro
jections indicate it could reach 403.5 million t CO2e by 2030 [8]. To 
mitigate this, Ethiopia’s Climate Resilient Green Economy initiative 
targets a 64 % emission reduction by 2030, with urban green spaces 
playing a key role [32]. This notion is also highlighted in the African 
Union Green Action Recovery Plan of 2021–2027 [2], which supports 
the Sustainable Development Goal 11 that focuses on universal access to 
urban green spaces by 2030. However, urban development strategies 
frequently overlook nature-based solutions (NbS) for climate resilience 
[51].

Urban nature, including wild habitats and manmade green spaces (e. 
g., designed parks), enhances urban resilience by reducing atmospheric 
carbon through photosynthesis and acting as carbon sinks. These NbS 
absorb atmospheric CO2 through photosynthesis and store it as biomass 
[2]. Globally, urban green spaces stored 7.4 billion tons of carbon (C) 
and sequestered 217 million t C every year [27], making them vital 
components of urban climate strategies. Studies in the Global North 
have long emphasized urban green spaces as important C reservoirs and 
integrated them into urban climate strategies [3,31,40]. For instance, 
Gill et al. [13] showed that a 10 % increase in urban green spaces cover 
in high-density areas of Manchester, UK could offset temperature rises, 
while a 10 % reduction could raise temperatures by up to 4 ◦C. These 
studies highlight that neglecting urban green spaces increases urban 
communities’ climate vulnerability.

Despite their importance, carbon accounting for urban green spaces 
in Ethiopia is limited, with only a few studies focusing on specific urban 
green spaces types. Woldegerima et al., [59] reported that Addis Aba
ba’s urban green belt stored 552,415 t C, but their analysis excluded 

inner-city parks and neighborhood greenspaces. Muluneh and Worku 
[33] found a mean aboveground carbon storage of 745.17 t C ha− 1 in 
Dessie city, while Feyisa et al. [9] estimated 82.13 t C ha− 1 for selected 
urban green spaces in Hawassa. However, these studies did not account 
for C loss from dead trees, even though long-term CO2 dynamics change 
as trees grow [36]. Although previous studies have already assessed soil 
organic carbon (SOC) across various types of urban green spaces in 
Hawassa [9], urban parks remained unstudied in this context. Therefore, 
this study specifically focuses on urban parks to fill that data gap and 
complement earlier work. By doing so, we build a more comprehensive 
understanding of soil carbon storage across all major green space cate
gories in the city.

Most of urban green spaces in the Sub-Saharan Africa, including 
Ethiopia contribution to climate change mitigation and alignment with 
national strategies remains uncertain, leading to an underestimation of 
their C storage potential and their exclusion from urban planning. Using 
Hawassa as a case study, we aim to fill this gap by evaluating the con
tributions of urban green spaces in offsetting GHG emission. We hy
pothesized that C storage varies with tree metrics, with greater influence 
in areas with higher canopy cover and lower urbanization levels. The 
objectives are to: 1) quantify C sequestration, total storage, and C release 
by the urban trees within the city boundaries; 2) estimate C storage in 
dead litter and urban soils, focusing on undisturbed, forest-like urban 
parks; and 3) evaluate the CO2 offsetting efficiency of urban green space 
types in various locations. By integrating carbon data into urban plan
ning frameworks, this research provides actionable insights to enhance 
climate resilience in rapidly urbanizing Sub-Saharan Africa cities like 
Hawassa.

Fig. 1. Location and land cover classification map of the study area showing both the planned development boundary and the administrative boundary.
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Methods and Materials

Study area

Hawassa is a medium-sized regional city in southern Ethiopia, 
located along the Addis Ababa–Moyale (Kenya) highway, 275 km south 
of Addis Ababa. It is situated in the central Rift Valley, with a 
geographical location between 6◦45′00″ to 7◦05′00″ latitude and 
38◦25′00″ to 38◦30′46″ longitude (Fig. 1). The city spans an elevation 
range from 1680 to 1930 m above sea level and covers 157.2 km2 
administrative area [16].

Hawassa has two major spatial extents: an administrative boundary 
that includes both rural and urban districts, and a planning boundary 
that serves as the focus area of this study (Fig. 1). As one of Ethiopia’s 
rapidly growing secondary cities, the total population of the city 
administration was recorded at 371,826 in 2016, based on projections 
from the 1999 census [16]. The population growth of the urban region, 
with an estimated growth rate of 4.8 %, is driven by population increase 
and economic activities [46].

The city is characterized by bimodal rainy seasons and is classified 
within the subtropical highland agro-ecological zone. The main rainy 
season occurs from June to September and a shorter one from March to 
May—along with a dry season from October to February. Hawassa re
ceives an average annual rainfall of 956 to 1,013 mm, with the highest 
intensity of rainfall in July and August [62]. Hawassa City’s average 
temperatures range from 10 ◦C to 31.5 ◦C, with extremes from 6 ◦C 
during the cool season (mid-June to early October) to 34 ◦C during the 
hot season (February to May), while maximum evapotranspiration 
reaches 1255 mm [50].

According to a recent report of the city administration, Hawassa 
boasts two city parks, 140 recreational greenery lots, and 4,740 indig
enous trees [5]. These enclosed urban parks are established along the 
shores of Lake Hawassa and are considered the ’lungs of the city’ by 
local residents. The other common urban green space types are institu
tional forests, amenity green spaces, private gardens, neighborhood 
green spaces, street trees, green belts, and lakeside green spaces 
(Table 1).

Conceptual foundations of the study

The spatial variation of carbon (C) storage in urban areas is influ
enced by urban morphological types and land cover composition, which 
shape the extent to which ecosystem services (ES) are delivered and thus 
contribute to climate change mitigation [13]. This aligns with resilience 
theory [55], which provides the theoretical foundation for this study, 
considering cities as dynamic socio-ecological systems [1]. This theory 
highlights three key dimensions: (1) it identifies critical drivers—such as 
the balance between pervious and impervious surface covers—that 
intensify climate change impacts; (2) it recognizes threshold levels of 
imperviousness beyond which the capacity of urban areas to provide ES 
declines; and (3) it emphasizes resilience-building strategies, particu
larly the integration of nature-based solutions (NbS), such as urban 
green infrastructure, into the built environment. This informs the 
study’s focus on assessing how spatial configurations of green spaces 
affect C storage and other ES delivery in urban landscapes.

To operationalize the central ideas of this research, several key 
ecological variables were considered: tree species, diameter at breast 
height (DBH), tree canopy cover (TCC), leaf area (LA), and health con
dition of urban trees. These variables were analyzed in relation to three 
major carbon-related outcomes: carbon storage, carbon sequestration, 
and carbon loss. Carbon storage represents the long-term accumulation 
of carbon within urban vegetation, primarily in tree biomass and soil, 
while carbon sequestration refers to the annual uptake of atmospheric 
CO2 by vegetation through photosynthesis [25]. However, it is impor
tant to note that while young trees continuously absorb CO2 as they 
grow, the stored carbon is gradually released back into the atmosphere 

once they die and decompose [47]. The inclusion of tree health condi
tion adds an important dimension, as it influences both the carbon 
retention capacity and potential carbon loss due to tree mortality. This 
helps to understand how urban green infrastructure can mitigate the 
climate footprint of cities by enhancing ecological performance and 
carbon dynamics. We employed i-Tree Eco model (Eco Model) to esti
mate these carbon variables, which is one of the widely used tools 
beyond its original application context (e.g. [11,25].

Eco model calibration and parameterization

The Eco model, formerly known as UFORE model, was initially 
developed by the United State Department of Agriculture (USDA) Forest 
Service to analyze the structure and functions of urban forests in cities 
across the United States [19]. The model consists of five distinct com
ponents, of which two of them are useful to analysis the variables in this 
study (Fig. 2). Module A inputs field-collected data to assess vegetation 
structure, while Module C estimates carbon storage and sequestration 
using allometric equations, tree growth, mortality, and decomposition 
[39].

The application of this model to assess the ES of urban forests in most 
African cities remains limited and less understood. However, its appli
cability in Ethiopia was validated and implemented for the first time to 
investigate various ES provided by urban forests of two cities, namely 
Adama [26]and Hawassa [11]. Using the model beyond its original 
climate context requires extensive data inputs, careful calibration, and 
adapts to the unique climate, location, and vegetation of the study areas 
[61]. Accordingly, we modified both the Eco model and its database by 
incorporating local information (Fig. 3). The database was calibrated by 

Table 1 
Stratification of the study area by clustering similar urban green spaces types 
across various Urban Morphological Types, including descriptions of each 
cluster and the number of randomly allocated sample plots for each stratum.

Green space 
clusters

Abbreviation Description Area 
(ha)

Allocated 
plots

Green spaces in 
public 
facilities

PFS Green spaces in 
hospitals, educational 
centers, and other 
institutions

723 24

Recreational 
green areas

RGA Urban parks, amenity 
green spaces along 
lakeside and 
neighborhoods

195 26

Green spaces in 
settlement 
areas

GSS Residential green 
areas and private 
gardens

1975 40

Business district 
green spaces

BDS Green spaces in highly 
developed areas such 
as the commercial, 
industrial, and other 
business zones

678 29

Street and road 
trees

STS Green highways, bus 
stops, and all streets 
including residential 
roads

960 35

Green spaces in 
vacant urban 
land

VUL Unutilized land with 
fragmented inner city 
shrub patches and 
public open areas 
including plaza

203 23

Unmaintained 
green area

UGS Natural areas out of 
the management of 
the city 
administration

298 20

Undeveloped 
green areas

UGA Inner city open space 
designated for a 
particular green area 
(e.g. urban 
agriculture) but not 
well-developed

166 20
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manually adding geographical information, one year of recorded 
pollution and rainfall data, and other local climate information of 
Hawassa. We further configured the model by importing geospatial land 
use data, location information, and specific climate characteristics of the 
city [38]. We obtained input data, including pollutant and precipitation 
data from the Ethiopian Federal Meteorological Agency, as well as land 
use Esri shapefile (geospatial layer) from Hawassa City administration.

The database recognizes only 6500 tree species, and we found that 
many of Ethiopia’s native species were missing. To address this, we 
identified and added these missing species along with their growth 
characteristics and ecological traits. This process was guided by the 
reference book Useful Trees of Ethiopia [4], and validated with the 

support of local forestry experts. To better reflect the local climate of the 
study area, we adjusted the default frost-free period to 365 days, given 
that Ethiopia experiences no frost throughout the year. In the Eco model, 
the allometric equation type was switched to a tropical variant, selected 
from the model’s library of approximately 150 equations covering both 
tropical and non-tropical species [28].

Land use classification

Land surface cover was classified into built-up areas, barren land, 
manmade green spaces, and natural shrub patches (Fig. 4). A Sentinel-2 
image acquired on December 10, 2022, from the Copernicus Open 

Fig. 2. Conceptual framework for assessing carbon metrics using the i-Tree Eco model and evaluating the offsetting potential of urban green spaces by comparing 
annual carbon sequestration with the total annual emissions of Hawassa City.
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Access Hub1 was used to map the current land use and land cover of the 
city. This multispectral image, comprising several bands with spatial 
resolutions ranging from 10 to 60 m, had already undergone radio
metric, geometric, and atmospheric corrections [21]. To enhance spatial 
detail, all bands were resampled to a uniform resolution of 10 m. Land 
cover classification was then conducted using supervised classification 
based on the machine-learning algorithm in ArcGIS Pro. Moreover, the 
spatial distribution of C storage across land uses was determined by 
extrapolating plot-level estimates to the city scale using the Inverse 
Distance Weighting technique.

Sampling design and data collection methods

We prepared geospatial data—including administrative boundaries, 
general land use shapefile, and randomly distributed sample plots before 
fieldwork and integrated into the Eco model. To ensure representative 
sampling, the study area was stratified by land use zoning into distinct 
urban morphological types prior to plot selection and data collection 
(Fig. 5). All identified urban green space types within each stratum are 
listed and described in Table 1. Following the i-Tree Eco protocol, 
detailed land use categories obtained from the city administration were 
regrouped based on their similarity. Subsequently, we randomly 
distributed 217 random center points across the land use strata to collect 
the required data (Fig. 5). As a rule of thumb, at least 200 plots are 

required to analyze the entire urban forests of stratified random samples 
of a city, whereas a minimum of 20 plots need to be allocated per 
stratum [22–23]. The number of plots per stratum was determined based 
on the extent of tree coverage, with higher coverage resulting in a 
greater allocation of plots [38]. These points were buffered with an 
11.34 m radius to cover the minimum plot area requirement of 400 m2 

[11]. Pre-fieldwork geospatial analysis using high-resolution Google 
Earth imagery (2022) was conducted to locate the sample plots and 
gather general information of these samples. This facilitated the visual 
assessment of land use and land cover types, and cover proportions of 
each plot during ground-based field data collection.

In each plot, data collection included trees and shrubs information, 
ground cover characteristics, land use type and general plot attributes 
was performed [22]. The common, scientific, and local names of tree 
and shrub species were also assessed and verified with the assistance of 
foresters and botanists. The species were cross-referenced with Bekele- 
Tesemma [4], considering their origin, leaf type, growth nature and 
other characteristics. Measurements such as DBH for single-stemmed 
trees and individual stem DBH for multi-stemmed trees were taken 
using calipers. Tree and bole heights were recorded with a clinometer 
and a wooden stick, respectively, whereas crown width was determined 
by measuring the north–south and east–west canopy spreads. To esti
mate the canopy missing, we assessed the percentage of foliage lost due 
to pruning, dieback, defoliation, uneven crowns, or sparse/dwarf leaves.

Other important variables for this study such tree canopy cover and 
leaf area were derived from the field measured variables. Specific al
gorithms in the model utilize these field-measured tree metrics to assess 

Fig. 3. Extensive customization of the i-Tree tool database and Eco model configuration by manually inputting local climate and location data, tailored to the distinct 
climate and vegetation of the study area.

1 Copernicus Data Space Ecosystem | Europe’s eyes on Earth.

T. Gebreyesus et al.                                                                                                                                                                                                                             City and Environment Interactions 27 (2025) 100217 

5 



TCC using its established regression equations. Moreover, leaf area 
index (LAI) was estimated using Module A, a program integrated in the 
Eco 6.0 model, whereas regression equations estimate the LA of indi
vidual trees [18].

Tree biomass estimation

We configured the model to align the surveyed trees with the 
appropriate allometric equations by integrating detailed tree species 
information into database. The selected allometric equations, integral 
component of the model, predict the aboveground biomass (AGB), 
which is then converted to total tree biomass by multiplying this carbon 
pool by a factor of 1.26, reflecting a root-to-shoot ratio of 0.26 [39]. To 
account for the lower AGB of open-grown urban trees compared to 
forest-grown ones, traditional biomass equations can overestimate 
biomass in urban settings [35]. Thus, a correction factor of 0.8 was 
applied to trees recorded in built-up areas (e.g., street trees) to reduce 
the predicted biomass by 20 %, while trees in forest-like patches (e.g., 
closed urban parks), similar to those in rural areas, did not require a 
correction factor. Fresh-weight biomass equations were adjusted using 
species-specific conversion factors, based on average moisture content 
values of 0.48 for conifers and 0.56 for hardwoods, to determine dry- 
weight biomass [39].

Tree carbon storage and sequestration

About 50 % of the total estimated tree biomass is assumed to be 
carbon, based on global default values provided by the Intergovern
mental Panel on Climate Change [20]. As such, the dry-weight biomass 
was converted to total C storage by multiplying by the carbon conver
sion factor from IPCC. The monetary value of stored carbon was esti
mated at $1.17 per ton, based on the marginal social costs of CO2e 
emissions set by the Ethiopian government [52].

Gross carbon sequestration was estimated by updating DBH incre
ment of trees in the model using an assumed growth rate. Carbon 

sequestration was calculated as the difference in C storage between 
consecutive years, determined by subtracting the C stored in the current 
year from that in the following year [36]. Given Ethiopia’s 365 frost-free 
days, the default DBH increment in the model was adjusted using the 
question: 

Growth rate = SGx
N

153
(1) 

where N stands for number of frost free days of the study area, while SG 
represents the model’s default standard growth rates for areas with 153 
frost-free days. The SG (0.58 cm/year for slow, 0.84 cm/year for mod
erate, and 1.09 cm/year for fast-growing trees) were adjusted for 
Hawassa’s urban trees. The growth rate (fast, slow, and medium) and 
related characteristics of each tree species was supplemented using in
formation from Bekele-Tesemma [4], which provides detailed de
scriptions for tree and shrub species across various agro-ecology in 
Ethiopia. Moreover, growth adjustments considered crown light expo
sure, with scaling factors of 0.44 for closed forests, 0.56 for urban parks, 
and 1 for open-grown trees (see [36] for more details).

Tree condition was assessed based on dieback percentage recorded in 
the field and categorized into different health classes. Mortality rates 
were adjusted according the percentage of crown dieback, with lower 
rates for healthier trees and higher rates for those in declining condition 
[39]. The carbon losses from the tree decomposition were then esti
mated as: 

Ec = CxMcx
∑

pi ((Dremove) + (Dstand )) (2) 

where Ec represents the amount of carbon (t C) emitted from individual 
trees due to decomposition and removal, C is carbon storage (t) in the 
consecutive year; Mc mortality likelihood of a particular condition class; 
pi is proportion of land use tree population in decomposition class i; 
Dremove and Dstand represent carbon released from removed dead tree and 
during decomposition of dead trees still unremoved from the green 
spaces, respectively. The procedures to estimate Dremove and Dstand 

Fig. 4. Land surface cover classification of the built-up region of Hawassa, shows the spatial distribution of built-up areas, green spaces, barren land and seasonal 
grass in vacant spaces, and other natural shrub patches.
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(direct outs of the model) using the corresponding algorithms in the Eco 
model are detailed in Nowak et al. [39]. In the end, the net carbon 
sequestration was derived by subtracting total carbon loss from gross 
carbon sequestration.

We assessed the carbon-offsetting role of the urban green spaces by 
comparing Hawassa’s total GHG emissions with the amount of carbon 
removed through carbon sequestration. The emission data for Hawassa 
were obtained from the Emission Database for Global Atmospheric 
Research2 [7], which directly estimates country- and city-level emis
sions. Furthermore, we evaluated their emission-offset potential by 
estimating the number of individual residents whose annual emissions 
could be mitigated by the total CO2e removal achieved through the net 
carbon sequestration. This was calculated by dividing the annual t CO2e 
removed by the total GHG emissions attributed to the city’s population, 
based on Ethiopia’s national per capita GHG emissions. There have been 
various per capita emission values reported for Ethiopia, depending on 
the types GHGs and the emitting sectors considered in the calculations. 
However, we adopted the value of 1.63 t CO2e for 2022 reported by 
Crippa et al. [6], encompassing CO2, CH4, N2O, and F-gases from all 
sectors. For this purpose, only the total urban population in 
2022—excluding rural districts—was used, based on projections from 
the 1999 census.

Soil and litter sampling and carbon analysis

Urban soil sampling is challenging due to soil compaction and 
ongoing land use changes. Hence, high methodological uncertainties are 
expected to determine the soil organic carbon (SOC) analysis in urban
ized areas. As such, we conducted SOC and litter carbon analysis in two 
enclosed forest-like urban parks—Gudmalle Park, dominated by native 
species, and Millennium Park, which contains a mix of native and exotic 
vegetation—using protocols similar to those applied in natural forest 
studies. It is worth noting that, despite the methodological uncertainties, 
Feyisa et al. [9] studied the SOC of urban green spaces of Hawassa, 
excluding the parks selected in the present study.

We randomly distributed a total of 13 circular plots in a native- 
dominant park and 19 in a mixed park, each covering 400 m2, for 
sampling (Fig. 5). In each plot, 0.25 m2 subplots were established using a 
0.28 m radius for litter and soil sampling. For SOC determination, soil 
samples were collected using a soil auger from the four corners of the 
main plot to a depth of 40 cm, then collected composite subsample, sun 
air-dried, and sieved (<2 mm) for analysis[15]. Soil carbon concentra
tion was measured using the Walkley-Black method. Similarly, litter 
samples were collected from the same subplots. Fresh weight was 
recorded, and a 100 g composite subsamples were taken and oven-dried 
at 65 ◦C for carbon analysis following the Walkley-Black method [56].

SOC was calculated based on the oven-dried weight of soil from 
known sampler volumes and organic carbon concentrations [41]. 

SOC = %C*BD*D (3) 

Fig. 5. Classification of urban morphological types and general land boundaries, highlighting urban form patterns and the layout of the city’s land use, including the 
two main urban parks of the city.

2 https://edgar.jrc.ec.europa.eu/emissions_data_and_maps.
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where SOC is soil organic content (t ha− 1), %C represents soil C con
centration determined in the lab, BD is bulk density (g/cm3) determined 
by the average air-dried mass of soil (g) divided by the volume of the 
core sampler (h x πr2, cm3), D is total depth to which the samples were 
collected from (40 cm).

The litter subsamples that were brought to the laboratory were used 
to determine the total dry biomass per hectare, following the method by 
Pearson et al. [41]. 

BML =
Wfield subsample

A
*
[

Wdry subsample
Wfresh subsample

]

*
1

10,000
(4) 

BML is the dry biomass of dead litter (t ha− 1); Wfield_subsample 
represents the fresh field sample of litter collected in the subplot of 0.25 
m2 area; A is the area of the subplot in which sample litter was collected 
and converted to hectare (0.000025 ha); Wdry_subsample is the weight of 
the oven-dried weight of litter. The total litter C stock (t ha− 1) is 
quantified by multiplying the dry biomass of the dead litter by the 
carbon concentration in the litter determined in the laboratory.

Statistical analysis

All data analyses were performed in R. Plot-level tree metrics (DBH, 
TCC, LA) and tree density in each plot, derived from the model, were 
aggregated and averaged. We evaluated the normality of our data using 
Shapiro-Wilk test, revealing a violation of the assumption. As a result, 
we applied Spearman’s rank correlation, a non-parametric method 
suited for non-normal data, to explore the relationship between changes 
in tree metrics and spatial variations in C storage [25].

Results

Biophysical environment of Hawassa

The predominant land surface cover of Hawassa was impervious 
cover (45.7 %), with water covering <1 %. Fig. 5 illustrates land cover 
classes of Hawassa, categorized into built-up areas, vacant land with 
exposed soil (barren land) and season grass, manmade green spaces, and 
natural shrub patches. Built-up areas dominate the oldest parts of the 
city, particularly in the central and northern regions, where the minimal 
vegetation cover was recorded. In contrast, vegetation cover was pre
dominantly located in the western part, characterized by community 
gardens, closed parks, and government institutions. Specifically, street 
trees (STS) had the highest impervious cover, reflecting minimal green 
space, while unmaintained natural vegetation in the in the natural area 
(UGS) had the lowest, with a significant portion covered by natural 
grasses. In contrast, STS had minimal grass due to high concrete, ame
nity green spaces, parks, recreational (RGA) had extensive barren land, 

and scatter vegetation in vacant spaces (VUL) combined high imper
vious cover with notable grass (Table 2).

In the native Park, 14 tree species contribute to 58 % of the forest 
cover, with bare land covering 4 % and grassland making up 38 %. In 
contrast, the mixed Park, home to 17 woody species, accounts for 77 % 
of the forest cover, while bare land and grassland cover 13 % and 10 %, 
respectively. Notably, 86 % of the tree species in the native Park and 65 
% in mixed Park were native. The distribution of tree and shrub cover 
also varies across the green space, ranging from the lowest in UGS at 
19.9 %, where grass is the most prevalent cover, to the highest in RGA at 
49.4 %. The highest tree mortality rates were recorded in business dis
trict green spaces (BDS) at 18.4 % and public facility green spaces (PFS) 
at 17 %, primarily due to overaged trees. In contrast, undeveloped green 
areas (UGA) showed minimal decline (0.6 %), likely due to lower ur
banization intensity. More than 70 % of the trees in Hawassa were 
concentrated within the 0–7.6 cm DBH class, indicating a dominance of 
younger trees with relatively low current C storage but high potential for 
future sequestration as they mature. On the other hand, 57 % of trees in 
UGA and 49.5 % in UGS in the smallest DBH class, while 36.9 % and 41 
% of trees in settlement areas fall into the first and second DBH classes, 
respectively.

Carbon density across the green spaces of Hawassa

The urban green spaces in Hawassa stored 62,439.6 tons 
(229,153.33 t CO2e), with an economic value of $268,109.81 (Table 3). 
Urban green space clusters like PFS and RGA contributed more than 
58.2 % of this total. Annual gross C sequestration was estimated as 
5,339.3 t C ha− 1 yr− 1 (19,595.23 t CO2e), with net sequestration of 
4,613.4 t C ha− 1 yr− 1 (16,931.2 t CO2e) after accounting for 779.9 t C 
lost due to decomposition. This means approximately 86.4 % of gross 

Table 2 
Green space clusters (GSC) characteristics including the current mortality rate, land surface cover proportion, and other urban tree attributes in Hawassa, southern 
Ethiopia.

GSC Land surface cover (%) Tree and shrub attributes
Leaf area index

Impervious Barren land Grass Water Mortality (%) Cover (%) Density (ha− 1)

PFS 40.5 18.3 38.4 2.9 17.0 37.60 115.31 2.4
RGA 16.5 33.8 43.9 5.8 4.6 49.4 165.32 3.5
GSS 53.1 24.9 22.0 0.1 3.0 21.7 120.46 0.6
BDS 47 14.9 38 0.1 18.4 21.5 41.75 0.4
STS 59.8 27.7 12.6 0.0 8.7 19.1 115.07 0.5
VUL 45.3 15.4 33.2 6.1 3.6 24.1 89.24 0.7
UGA 11.7 52 36.3 0.0 0.6 20.1 190.29 0.7
UGS 1.6 27.7 68.2 2.6 1.1 19.9 114.95 0.4

PFS: Green spaces in public facility areas (e.g., institutional green areas, church forests), RGA: Recreational green spaces including designed and natural parks, 
neighborhood community, and lakeside green spaces, GSS: Green spaces in residential areas (e.g., residential forests), BDS: Green spaces in business district centers, 
industrial, and commercial areas, STS: Urban trees along streets, roads, and other transportation related areas, VUL: Vacant urban and public land, and shrub patches in 
the inner city, UGA: A land designated as green spaces but not properly developed in the inner city (e.g., urban agriculture), and UGS: Natural land at the periphery of 
the city with no management application (e.g., green belt).

Table 3 
Summary of carbon metrics estimated for the UGrS in Hawassa (southern 
Ethiopia): total C storage (t), gross sequestration (t yr.-1), total carbon loss (t), 
net sequestration (t yr.-1), and monetary values for the total carbon storage in 
each cluster.

UGrS Total C 
storage

Gross C 
sequestration

Net C 
sequestration

Total C 
loss

Storage 
values ($)

PFS 24,515.1 1,187.86 980.9 207.0 28,682.7
RGA 11,839.7 434.62 296.6 138.0 13,852.5
GSS 7,666.6 1,818.93 1,763.5 55.4 8,970.0
BDS 7,492.9 483.94 214.2 269.8 8,766.6
STS 5,282.5 57.23 636.0 98.9 6,180.5
VUL 3,847.2 271.65 264.2 7.4 4,501.3
UGA 931.1 201.96 200.0 2.0 1,089.4
UGS 864.5 259.41 258.0 1.4 1,011.5
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remained to offset GHG emissions. Carbon loss varied by tree health, 
with the highest loss in BDS and PFS, where many trees were dead or in 
poor or critical health condition, while the lowest loss was observed in 
UGS due to less tree mortality (Table 2 and 3).

We standardized values by calculating carbon density, which reflects 
carbon concentration per unit area of land or TCC. Carbon storage 
hotspots were identified across Hawassa using spatial interpolation, 
with higher values up to 179.74 t ha− 1 in areas with minimal grey cover 
(Fig. 6). These hotspots corresponded to dense vegetation, especially 
urban green spaces with large native trees in parks and community 
gardens. In contrast, the central and eastern parts of Hawassa had much 
lower C storage, down to 1.74 t ha− 1, due to the prevalence of built areas 
and barren land.

This study found significant variations in carbon dynamics across 
urban green spaces clusters (Table 4), with mean C tree storage 12 t C 
ha− 1 land and 5.8 kg C m− 2 TCC for the entire city. Mean carbon density 
ranged from 2.9 to 60.72 t C ha− 1 by land, and 20.54 to 137.67 t C ha− 1 

by TCC. RGA had the highest total C storage (60.72 t C ha− 1 land, 
137.67 t C ha− 1 TCC), while UGS contributed the least, mainly due to 
small shrubs. Similarly, RGA also had the highest gross C sequestration 
(2.23 t C ha− 1 yr− 1 land), while UGS led with 7.31 t C ha− 1 yr− 1 TCC.

We identified tree species as top carbon reservoirs based on their 
stored and sequestered carbon (Appendix A), with carbon density 
ranging from 0.00 t C ha− 1 (Prunus persica) to 3.18 t C ha− 1 (Ficus sur). 
The carbon dynamics of the top 15 tree species in the study area, which 
contributed about 87 % of the total carbon storage, are presented in 
Fig. 7. Among native broadleaved deciduous trees, F. sur (3.18 t C ha− 1), 
Faidherbia albida (0.92 t C ha− 1), and Cordia africana (0.38 t C ha− 1) 
exhibited the highest carbon storage. In terms of annual carbon 
sequestration, non-native species such as Casuarina equisetifolia (102.07 
t C ha− 1 yr− 1) and Grevillea robusta (0.23 t C ha− 1 yr− 1) performed 
better. Some native species like F. sur (0.01 t C ha− 1 yr− 1) and C. africana 
(0.04 t C ha− 1 yr− 1) contributed modestly, while others, including 
F. albida (− 0.008 t C ha− 1 yr− 1) and Celtis africana (− 0.002 t C ha− 1 

yr− 1), showed negative sequestration values—most likely due to tree 
decline or biomass loss.

Urban tree attributes effects on carbon storage

Tree metrics drive C storage and sequestration variations across land 
uses. Statistically, strong positive correlations were found between C 
storage and DBH (r = 0.80, p < 0.001), LA (r = 0.75, p < 0.001), and 
TCC (r = 0.71, p < 0.001), indicating that larger DBH, greater LA, and 
higher TCC contribute significantly to higher C storage (Fig. 8). Tree 
density also showed a positive, though weaker, correlation with C 
storage (r = 0.31, p = 0.05). The smallest DBH class (0–7.6 cm) had the 
highest tree density (309.3 ha− 1), contributing over 28 % to total C 
storage. Larger DBH classes (15.2–61 cm) had moderate C storage due to 
fewer trees, while the largest class (76.2–106.7 cm) exhibited higher C 
storage per tree but limited overall contribution due to low density (3 
trees ha− 1), with 216 t C storage and 10 t C yr− 1 sequestration.

Fig. 6. Spatial pattern of carbon storage (t C ha− 1) in urban tree biomass across the green spaces of Hawassa, varying with land use type, urbanization level, and 
tree cover.

Table 4 
Quantified total Carbon density (Mean ± SE) for each green space clusters by 
unit area of land (tC ha− 1 land) and tree canopy (tC ha− 1 TCC) respectively, and 
C loss (kg ha− 1).

Green space 
clusters

Total C Storage Gross C 
sequestration

Net C 
sequestration

C loss

PFS 33.93 ±
14.32

97.51 1.64 ±
0.45

4.72 1.36 3.90 286.41

RGA 60.72 ±
13.46

137.67 2.23 ±
0.47

5.05 1.5 3.45 707.26

GSS 3.88 ±
0.75

20.54 0.92 ±
0.16

4.87 0.89 4.72 28.18

BDS 11.05 ±
5.71

72.68 0.71 ±
0.32

4.70 0.32 2.08 397.92

STS 5.50 ±
1.30

33.54 0.77 ±
0.04

4.67 0.66 4.04 102.94

VUL 18.95 ±
10.19

95.23 1.34 ±
0.59

6.73 1.30 6.54 37.62

UGA 5.61 ±
2.65

32.61 1.23 ±
0.45

7.07 1.2 7.00 9.89

UGS 2.90 ±
1.35

24.38 0.87 ±
0.40

7.31 0.87 7.27 5.19
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Litter and soil carbon density of urban parks

The total SOC for the native species-dominated park (Park 1) was 
estimated as 6,953.2 t C (25,518.2 t CO2e) with dead litter C of 39.1 t C 
(143.6 t CO2e), while the mixed-species (Park 2) had a total SOC of 
8,806.2 t C (32,318.6 t CO2e) and litter C of 50.9 t C (186.7 t CO2e) 
(Table 5). The mean carbon density of dead litter across both parks 
ranged from 0.26 to 3.99 t C ha− 1, while soil carbon density varied from 
96.5 to 284.04 t C ha− 1. SOC density for both parks was 189.8 t C ha− 1, 
with a mean dead litter C stock of 1.08 t C ha− 1. Park 1 showed a higher 
mean SOC (204.5 ± 14.2) compared to Park 2 (179.7 ± 10.2), indicating 
that native trees in Park 1 contribute more to SOC. Litter carbon was also 
slightly higher in Park 1, suggesting a marginally greater contribution to 
C storage. Comparing mean SOC to tree biomass carbon, SOC was 
notably higher, highlighting urban soils as a key carbon pool.

Discussion

Carbon offsetting roles of urban green spaces

Ethiopia’s national carbon budget often overlooks the climate 
regulation roles of urban green spaces, despite contributions sometimes 
comparable to nearby natural ecosystems. Omitting them from spatial 

Fig. 7. Mean carbon storage, carbon loss, and net carbon sequestration of the 
top 15 tree species in the Hawassa (southern Ethiopia), highlight the contri
butions of individual species to carbon dynamics.

Fig. 8. Scatter plots show positive correlations between carbon storage and tree metrics (dimeter size, leaf area, tree canopy cover).

Table 5 
Comparison of mean carbon storage (Mean ± SE) and CO2e values for three 
carbon pools—dead litter and soil in two natural parks, and tree carbon storage 
at city level in Hawassa, southern Ethiopia.1,2.

Categories Carbon 
pool

Mean ± SE 
(tC ha− 1)

Cmax. (tC 
ha− 1)

Cmin. (tC 
ha− 1)

Mean 
CO2e

Native Park 1 Litter 1.40 ± 0.31 4.55 0.30 5.00
SOC 204.5 ± 

14.20
284.00 96.50 750.50

Mixed Park 1 Litter 1.20 ± 0.10 23.10 0.40 4.50
SOC 179.7 ± 

10.20
273.80 123.90 659.60

Across both 
Parks

Litter 1.08 ± 0.12 3.99 0.26 3.96
SOC 189.8 ±

8.50
284.04 96.46 696.57

All strata Urban 
tree

12.01 ± 
2.25

60.70 2.90 65.30

1 Native species dominant enclosed Park, characterized by minimal inter
vention and preservation of Indigenous vegetation.

2 Park with a combination of native and exotic tree species, reflecting a 
modified or managed urban green space.
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planning limits their potential for climate change mitigation [17]. 
Recently, Ethiopia signed an Emission Reductions Purchase Agreement 
to cut emissions by 4 million t CO2e (2022–2029), targeting 0.5 million t 
CO2e annually [60]. Our analysis shows that Hawassa’s green spaces C 
sequestration could contribute 3.4 % of this national reduction 
commitment.

Moreover, urban green spaces in Hawassa, including soil and litter C 
in parks, have mitigated 286,990.3 t CO2, and their annual sequestration 
could offset 4.9 % of the city’s total emissions (346,598.2 t CO2e)— 
nearly doubling the mitigation achieved by Barcelona’s urban forests 
[3]. This difference may be attributed to the higher GHG emission 
typical of larger cities like Barcelona, as well as favorable climatic 
conditions in Ethiopia that support continuous tree growth and carbon 
sequestration throughout the year. Based on Ethiopia’s national per 
capita emissions, the total net carbon sequestration by urban green 
spaces in Hawassa could offset the annual emissions contributed by 
approximately 3.23 % of the city’s population. These findings suggest 
that exploring the C storage potential of urban green spaces in cities of 
similar size to Hawassa across Ethiopia and beyond in the Sub-Saharan 
Africa could substantially contribute to support national and regional 
mitigation efforts.

Carbon reservoir alternatives for urban areas

Urban soils play a crucial role in C storage, with variations depending 
on land use and vegetation composition. The native-dominated park 
exhibited the highest mean SOC (204.5 ± 14.20 t C ha− 1), surpassing the 
mixed park (179.7 ± 10.20 t C ha− 1). This difference is likely due the 
continuous litter fall and shading by native deciduous trees, which 
enhance under-canopy SOC [57]. In the native park, soil and litter 
samples were collected exclusively under or near native trees, while in 
the mixed park; plots were located under mixed species and on barren 
land (Appendix B). Wang et al. [57] found that SOC increased with 
proximity to native trees in Newcastle, UK, likely due to the higher 
quality and continuous organic matter input. This underscores the role 
of preserving indigenous species and avoiding monocultures to enhance 
urban soil C stocks.

The mean SOC across parks (189.8 ± 8.50 t C ha− 1) closely aligns 
with the global maximum urban SOC average (188.6 ± 115.7 t C ha− 1) 
across various climates [14]. Urban parks with limited accessibility 
stored more carbon than the green spaces in the built area of Hawassa, 
such as institutional green spaces (111.5 ± 27 t C ha− 1), street trees 
(97.6 ± 15.1 t C ha− 1), and church forests (97.3 ± 31.1 t C ha− 1) [9]. In 
this study, soil is the dominant carbon pool, far exceeding the mean C 
stored in the tree biomass (12.01 ± 2.25 t C ha− 1) and litter (1.08 ±
0.12 t C ha− 1). Our result was aligned with studies conducted in Kumasi, 
Ghana [34]and New York City, USA [42], where soils were reported as 
the primary carbon reservoir. However, soil carbon contributions highly 
dependent on soil type, vegetation cover, and other factors, emphasizing 
the need for their consideration in urban development [14].

Litter carbon storage values independently estimated for the native 
and mixed parks in Hawassa were comparable, with mean values of 1.40 
± 0.31 t C ha− 1 and 1.20 ± 0.10 t C ha− 1, respectively. However, cu
mulative mean litter carbon across the two urban parks was estimated as 
1.08 ± 0.12 t C ha− 1, which is comparable to tropical dry forest carbon 
values estimated at 2.1 t C ha− 1 [20] but lower than urban church forests 
(17.83 t C ha− 1) in Addis Ababa [53]. This lower value likely results 
from faster litter turnover in urban settings due to human activities and 
climatic influences on decomposition. This lower storage capacity may 
reflect faster litter turnover in urban environments due to human ac
tivities and climatic factors influencing decomposition rates [63].

Urban tree’s carbon densities

The estimated tree carbon density in Hawassa’s urban green spaces 
(12.01 t C ha− 1) exceeds that of Los Angeles, USA (8.15 t C ha− 1) but is 

closely aligned with Sacramento, USA (15.4 t C ha− 1) [31]. Notably, 
Hawassa’s values (12.01 t C ha− 1 land; 5.8 kg C m− 2 TCC) closely 
comparable to those of Leipzig, Germany (11.8 t C ha− 1; 6.82 kg C m− 2) 
despite climatic differences [48], likely due to their similar tree canopy 
cover: 19 % in Leipzig vs. 20.7 % in Hawassa. While our methodology 
aligns with studies in the Global North, the distinct climate of Sub- 
Saharan Africa may affect the direct comparisons.

On the other hand, differences in methodologies used to estimate C 
storage in urban forests across sub-Sub-Saharan Africa cities may in
fluence comparisons. For example, Hawassa’s urban tree carbon density 
(12.01 t C ha− 1) is only 16.68 % of the sub-Saharan tropical dry forest 
average (72 t C ha− 1) reported by the IPCC [20]. In contrast, the urban 
green spaces in Dessie city of Ethiopia, with slower urbanization, re
ported an exceptionally high carbon density of 745.17 t C ha− 1 [33]. 
Similarly, Addis Ababa’s mountainous urban forests showed higher 
carbon densities (172 t C ha− 1), although inner city urban green spaces 
were not considered in the analysis [59]. However, these studies used 
allometric equations developed for forest-grown trees, which may not 
fully capture urban forest characteristics. Likewise, carbon densities 
reported in other African cities, such as Kumasi, Ghana (211.28 t C 
ha− 1), and Nador, Morocco (41.63 t C ha− 1), were significantly higher 
than in our study [34,43]. These values were also estimated using 
allometric equations derived from rural forests, highlighting the need 
for urban-specific equations that account for the unique conditions of 
urban landscapes, such as those used in this study. Applying rural-based 
models in urban settings without correction factors may lead to over
estimation, as urban tree aboveground biomass tends to be lower than 
that of forest trees of the same DBH due to open growing conditions 
[39], 2013).

Effects of urban development on carbon dynamics

Urbanization is closely linked to land surface cover, with highly ur
banized areas characterized by impervious surfaces, while less urban
ized regions tend to have greater vegetation cover [28]. The land cover 
and carbon dynamics maps in this study highlight areas with high C 
storage potential in areas with higher vegetation cover, showing ur
banization’s impact (Figs. 5 and 7). Manmade urban green spaces and 
natural shrub patches in the west and southwest exhibit the highest C 
storage (179.74 t C ha− 1), whereas strata predominant by built-up and 
barren lands store significantly less (≤1.74 t C ha− 1) due to minimal 
vegetation. This aligns with Sun et al. [49], who found a strong negative 
correlation between urbanization and C storage. The dominance of 
impervious surfaces underscores the need for innovative urban greening 
strategies, such as green roofs and vertical gardens, to address land 
scarcity and enhance carbon storage in the Sub-Saharan Africa cities.

Urban green spaces with high vegetation cover and low impervious 
surfaces stored the most carbon. For example, neighborhood green 
spaces and urban parks together with16.5 % impervious stored 60.72 ±
13.46 t C ha− 1 —surpassing some rural forests, such as 22.3 t C ha− 1 in 
traditional agroforestry in Ethiopia [12]. However, Hawassa’s overall 
carbon density (12.01 t C ha− 1) is significantly lower than rural esti
mates, likely due to reduced tree cover and density [37]. This suggests 
that urban forests can occasionally exceed rural forests in C storage 
potential [42], particularly in less disturbed parks and religious areas 
with mature trees and greater canopy cover.

Effects of urban tree metrics on the carbon storage

This study highlights the remarkable roles of tree-specific attributes 
in the spatial variation of C storage and sequestration across Hawassa. 
Our statistical analysis revealed strong correlations between C storage 
and DBH, LA, and TCC. While the positive correlation between tree 
density and C storage (r = 0.31, p = 0.05) suggests that denser tree 
populations contribute to C storage, the relatively weak correlation 
underscores the importance of other factors. This implies that tree health 
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and size play a more dominant role, as larger, healthier trees store more 
carbon, regardless of density. Young trees with higher densities in urban 
agriculture and residential green spaces contributed over 28 % of total C 
storage due to their abundance, while mature trees in recreational green 
spaces (urban parks and other amenity green spaces) and public facility 
green areas, characterized by higher density and cover, dominated C 
storage. Spatial variation in TCC influences C storage potential, with 
amenity green spaces and parks (44.1 % TCC) storing the most carbon, 
while green spaces in industrial areas and street greeneries, due to sparse 
TCC and high mortality rates, retained the least. The higher C storage 
and sequestration in these areas is attributed to large native broadleaved 
species, which typically possess greater biomass [29].

Higher tree mortality rates in some green spaces, such as 17 % in 
institutions and 18.4 % in residential areas, contribute to greater carbon 
losses, underscoring the need for effective management strategies to 
reduce mortality and sustain carbon dynamics. This is particularly 
concerning because most tree species with negative net sequestration 
values were recorded in these areas. In Hawassa, overaged native species 
(e.g., F. albida: − 8.06 t C ha− 1 yr− 1, C. africana: − 1.99 t C ha− 1 yr− 1) 
exhibited negative net sequestration, indicating that carbon loss excee
ded absorption. While overaged native tree species exhibited greater 
carbon loss, fast-growing exotic species were more effective in carbon 
sequestration. In contrast, slow-growing native species excelled in long- 
term carbon storage, reinforcing the importance of preserving large, 
mature and native trees with high longevity and biomass potential.

Uncertainties

Despite the use of customized models, uncertainties remain in 
applying the Eco model to quantify C storage and sequestration. A key 
source of uncertainty is the possibility of reliance on allometric equa
tions at the family level rather than species-specific equations, poten
tially leading to biomass estimation inaccuracies. Additionally, the 
model merges C storage and sequestration values for aboveground and 
belowground carbon pools, limiting the ability to assess them 
separately.

While emission data for all sectors of the city are available in the 
Emission Database for Global Atmospheric Research, emissions from 
commercial building sector are missing. We adopted a proxy-based 
scaling approach using emission data from similar cities in Ethiopia 
[10]. This method estimates emissions by adjusting building emission 
values estimated for Addis Ababa city (Sani [45], the capital of Ethiopia. 
It is acknowledged that direct, building-specific emission measurements 
using advanced tools would yield results that are more precise. How
ever, such measurements were beyond the scope of this study and would 
require a separate and specialized effort, highlighting the need for future 
research to generate localized emission data.

The soil carbon analysis in this study focused on less disturbed green 
systems in Hawassa, as applying conventional methods proved chal
lenging. Urban parks, with their forest-like structure, were selected for 
the analysis because they are suitable for traditional soil carbon mea
surement methods typically used in rural areas. However, the lack of 
standardized methods for estimating SOC in highly urbanized areas, 
where green spaces vary significantly in structure and composition, 
presents a major challenge. Furthermore, the Eco model does not assess 
the role of trees in mitigating emissions from urban buildings by 
enhancing energy efficiency. This limitation arises because the model 
was designed with building types in the U.S. in mind and does not 
consider the specific context of Ethiopia. These methodological un
certainties hinder the comprehensive investigation of urban green 
spaces contributions to emission reductions through improved building 
energy efficiency. Consequently, these limitations may have led to an 
underestimation of the climate regulation potential of Hawassa’s urban 
green spaces.

Conclusion

Our findings show that urban green spaces substantially contribute 
to mitigating the climate footprint of urbanization, primarily through C 
storage and sequestration. These natural systems serve as vital carbon 
sinks amid rapid urban expansion. This study highlights the untapped 
potential of urban green spaces in Ethiopia as a valuable asset for climate 
mitigation and even carbon credit generation at local, regional, and 
national levels. However, the effectiveness of these contributions is 
influenced by vegetation structure, land use type, and the degree of 
fragmentation of green spaces. We identified that areas with lower 
impervious surfaces, greater canopy cover, and native broadleaved tree 
species—particularly in less fragmented urban forests—have the highest 
carbon storage capacity, with values ranging from 30–60 t C ha− 1 and 
annual sequestration rates between 1.4–1.5 t C ha− 1 yr− 1.

While every urban carbon pool deserves attention, preserving soil 
quality is critical, as native urban soils store significant carbon. More
over, although forest in cities store less carbon per land area than those 
in the periurban and rural ones, they may store more per canopy area 
due to the presence of larger trees. These findings emphasize the 
importance of integrating soil protection with green infrastructure 
planning in urban climate strategies.

This study reveals that urban trees per unit area of land contribute 
less to GHG mitigation than trees in forests. However, urban trees often 
store more carbon per unit of canopy cover than rural trees due to the 
higher prevalence of larger tree sizes in cities with wider space [37]. 
This study suggests that prioritizing the preservation and restoration of 
urban forests can provide long-term environmental benefits by 
enhancing C storage capacity in urban areas.

The future seems more difficult as the rapid urbanization throughout 
the Sub-Saharan Africa appears to be overwhelming the urban landscape 
with physical structures, leaving little room for greenery. To address this 
challenge, this study advocates for the integration of green infrastruc
ture into urban planning through innovative and context-sensitive ap
proaches. These strategies have proven to be effective NbS in the Global 
North [24], offering valuable lessons for their potential application in 
rapidly urbanizing cities in Ethiopia. Adapting these solutions to local 
conditions, including the structural suitability of buildings and the 
choice of appropriate plant species, can enhance urban resilience and 
contribute to mitigate GHG emissions.

Specific implications to help policymakers and planners successfully 
translate the findings into practice are: 

• Balance grey and green infrastructure by redesigning less performing 
green spaces in terms of C storage and strategically introducing new 
ones, particularly in densely built urban areas. This should include a 
thoughtful mix of native and ornamental tree species to maximize 
both ecological and aesthetic value, thereby enhancing cities’ self- 
sufficiency in mitigating greenhouse gas emissions.

• Investigate and strengthen national and regional policy frameworks 
that explicitly support the integration of adequate nature into 
structural and master plans. This includes integrating green space 
requirements into land use plans, zoning regulations, and building 
codes to ensure long-term institutional commitment.

• Converting undeveloped land into well-planned urban green spaces 
can help address the unequal distribution of ES among urban resi
dents, fostering more inclusive and equitable access to environ
mental benefits.
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