
Original article

Urban green space classification using Object-Based Image Analysis (OBIA) 
and LiDAR fusion: Accuracy evaluation and landscape metrics assessment
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A B S T R A C T

With over two-thirds of the global population projected to live in cities by 2050, accurately mapping urban green 
spaces is increasingly important for sustainable development. This study integrates Object-Based Image Analysis 
(OBIA) and LiDAR data fusion to improve green space classification in three urban catchments in Helsinki, 
representing high (Itä-Pasila), intermediate (Pihlajamäki), and low (Veräjämäki) land-use intensities. Using high- 
resolution color-infrared (CIR) aerial orthophotographs enhanced by LiDAR-derived vegetation height data, the 
method effectively identified vegetated areas. Results were validated against a reference dataset using standard 
accuracy metrics and landscape structure indices. The results show that the OBIA method yielded green space 
area estimates within 1–4 % of the reference, but tended to produce more fragmented landscape configurations 
in high land-use intensity urban areas, resulting in higher numbers of patches and lower aggregation indices. 
Conversely, results in less urbanized Veräjämäki closely matched the reference data both spatially and struc
turally. These discrepancies underscore the inherent challenges in interpreting spatial patterns within complex 
urban morphologies, particularly where spectral information is limited by shading, like in Itä-Pasila. Never
theless, the OBIA–LiDAR fusion approach demonstrated strong reliability in less structurally complex environ
ments and provides valuable data for watershed-scale hydrological and ecological modeling.

1. Introduction

As global urbanisation accelerates, cities are increasingly confronted 
with environmental challenges that threaten both ecological balance 
and human well-being. Urban areas, which currently accommodate over 
half of the global population, are projected to host nearly 70 per cent by 
2050 (United Nations, 2022). This rapid expansion often occurs at the 
expense of natural landscapes, as forests, wetlands, and vegetated sur
faces are replaced by impervious structures such as roads, buildings, and 
car parks (Science, 2016). The ecological consequences of this trans
formation are substantial. Hydrological processes including infiltration 
and evapotranspiration are disrupted, resulting in increased surface 
runoff, reduced groundwater recharge, and a greater risk of flash 
flooding, particularly during extreme rainfall events intensified by 

climate change (Goldshleger et al., 2009; Pfleiderer et al.,2019). The 
substitution of vegetated areas with thermally absorptive built surfaces 
also contributes to the urban heat island effect, whereby urban areas 
experience significantly higher temperatures than their rural sur
roundings (Voogt and Oke, 2003). These changes negatively affect 
urban microclimates and are associated with increased public health 
risks, higher energy demand, and ecological degradation (Ward 
Thompson et al., 2012). Urban green infrastructure, including forests, 
parks, street trees, and green roofs, is increasingly recognised as a vital 
component of sustainable urban systems. Green spaces provide essential 
ecosystem services such as stormwater regulation, temperature moder
ation, carbon sequestration, air purification, and biodiversity support 
(Elmqvist et al., 2015; Gunawardena et al., 2017; Hidalgo García, 2023). 
However, the provision of these services is not solely dependent on the 
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presence of vegetation. Structural characteristics such as canopy height, 
layering, and spatial configuration significantly influence the capacity 
and distribution of ecosystem benefits (Lehmann et al., 2014; Alonzo 
et al., 2014; Ziter, 2016). For example, dense and tall canopies 
contribute more effectively to shading and evapotranspiration 
(Lehmann et al., 2014), while spatial connectivity between green 
patches facilitates wildlife movement and increases resilience to envi
ronmental stressors (Andersson et al., 2019). Despite this, urban vege
tation is often fragmented, and its spatial configuration is frequently 
overlooked in both mapping and planning contexts (McGarigal et al., 
2023; Derkzen et al., 2015).

Numerous remote sensing techniques have been developed for land 
use and land cover (LULC) mapping, including optical satellite imagery, 
Synthetic Aperture Radar (SAR), machine learning classifiers, deep 
learning approaches such as convolutional neural networks (CNNs) and 
U-Net architectures, as well as Object-Based Image Analysis (OBIA). 
These methods have been widely applied to capture spatial patterns and 
surface characteristics across diverse landscapes (Flanders et al., 2003; 
Xiaoxia et al., 2005; Zhang and Qiu, 2012; Zhou, 2013; Tong et al., 2014; 
Parmehr et al., 2016; Zhong et al., 2017; Georganos et al.,2018; Man 
et al., 2020; Megahed et al., 2021; Kuras et al., 2021; Shahtahmassebi 
et al., 2021; Jin and Mountrakis, 2022; Cheng et al., 2023). However, 
despite their success in general LULC delineation, these approaches 
often face limitations in complex urban environments. Issues such as 
spectral confusion from building shadows, overlapping land cover types, 
and heterogeneous surface materials frequently lead to misclassification 
(Lu and Weng, 2007; Myint et al., 2011; Yan et al., 2015). Traditional 
pixel-based classification methods, particularly when applied to very 
high-resolution imagery, tend to produce a ’salt-and-pepper’ effect 
because of the lack of spatial context (Blaschke et al., 2000; Zhang and 
Qiu, 2012). To address these limitations, OBIA has been introduced as a 
more robust alternative by segmenting imagery into meaningful objects 
based on spectral, spatial, and contextual information (Blaschke, 2010). 
This approach improves classification accuracy by maintaining struc
tural heterogeneity and facilitating the distinction between visually 
similar land cover types. OBIA also enables integration with auxiliary 
datasets such as airborne Light Detection and Ranging (LiDAR), which 
provides high-resolution three-dimensional structural information that 
is independent of lighting or spectral variability. LiDAR data allow for 
the extraction of ecologically relevant vegetation parameters, including 
canopy height, vertical stratification, and crown volume (Alonzo et al., 
2014; Degerickx et al., 2020). When combined with OBIA, LiDAR 
significantly enhances the ability to classify structurally complex vege
tation, including mid-storey and canopy trees, even in spectrally 
ambiguous urban zones. Despite these advantages, the combined 
application of OBIA and LiDAR in urban vegetation mapping remains 
underutilised (Blaschke et al., 2014; Degerickx et al., 2020). Many 
studies continue to rely on either spectral or structural data alone, 
thereby limiting their capacity to capture the full ecological complexity 
of green spaces (Mathieu et al., 2007; Gülçin and Akpınar, 2018). 
Furthermore, the spatial configuration of vegetation, which is essential 
for supporting ecological connectivity, mitigating thermal stress, and 
managing hydrological flows, is seldom quantified in a systematic 
manner (Zellweger et al., 2019).

Landscape metrics offer a means to address this gap. Quantitative 
indicators such as Patch Density, Largest Patch Index, Clumpiness, and 
Edge Density provide valuable insights into spatial structure and frag
mentation, with direct implications for ecosystem functionality 
(McGarigal et al., 2023). However, such metrics have rarely been 
applied in urban vegetation studies using remote sensing data (Zhang 
and Qiu, 2012; Hu et al., 2022). This oversight is significant, as the 
spatial arrangement and connectivity of green spaces are key de
terminants of their effectiveness in providing cooling, stormwater 
retention, and habitat connectivity (Tzoulas et al., 2007). For instance, 
large, contiguous green patches are more effective in reducing urban 
temperatures and supporting biodiversity, whereas isolated or 

fragmented patches offer limited ecological value (Gill et al., 2007; La 
Rosa et al., 2014). Integrating landscape metrics into urban green space 
detection workflows links spatial patterns to ecological relevance.

This study addresses these methodological and conceptual gaps by 
developing a high-resolution urban vegetation classification framework 
that integrates OBIA-Lidar Fusion based green space mapping with 
landscape pattern analysis. The framework is applied to three catch
ments in Helsinki, Finland, which represent a gradient of urban form and 
vegetation complexity: Itä-Pasila (high land-use intensity), Pihlajamäki 
(intermediate land-use intensity), and Veräjämäki (low land-use in
tensity). These areas provide a robust testbed for evaluating classifica
tion performance across varied urban morphologies. The specific 
objectives of the study are: (i) to develop an integrated OBIA-based 
classification approach that fuses LiDAR and CIR data to map vege
tated and non-vegetated surfaces, including vegetation height classes, at 
the catchment scale; (ii) to assess classification accuracy using tradi
tional per-pixel validation metrics and spatial overlay comparisons with 
reference datasets; (iii) to quantify the spatial structure and fragmen
tation of green space and non-green areas using landscape metrics; and 
(iv) to evaluate the contribution of LiDAR-derived structural informa
tion in improving classification reliability, particularly in complex urban 
environments.

2. Materials and methods

2.1. Study sites

Three urban sub-catchments were selected in Helsinki, Finland 
(60◦10′15″N, 24◦56′15″E), to represent a gradient of urbanisation. The 
city has a cold continental climate, with four distinct seasons that in
fluence vegetation dynamics. The study sites include Itä-Pasila 
(24.14 ha), Pihlajamäki (38.33 ha), and Veräjämäki (14.52 ha). Their 
locations and Land Cover / Land Use (LCLU) classifications, based on the 
Urban Atlas 2012 (European Environment Agency EEA.,2016), are 
shown in Fig. 1. The sites were previously included in a stormwater 
runoff and quality study conducted between September 2010 and 
September 2015 (Taka, 2012; Taka et al., 2017). Fig. 2 depicts 
color-infrared (CIR) orthophotographs and canopy height models 
(CHM) of the studied catchments.

Itä-Pasila is the most urbanised of the three. It consists largely of built 
surfaces, including buildings, roads, and parking lots, with limited and 
fragmented green space. Vegetation is restricted to small urban parks 
and street trees. Architecturally, the area reflects 1970s urban planning, 
with compact concrete structures and elevated decks. According to the 
Geological Survey of Finland (GTK, 2015), the superficial deposits 
consist mainly of exposed or shallow bedrock. Pihlajamäki, a residential 
district developed in the 1960s, contains more substantial green space 
interwoven with apartment blocks. The dominant soil type is clay, 
covering approximately 94.4 per cent of the catchment (15.4 km²). 
Bedrock is present across 12.3 per cent of the area, while surface water 
covers less than 0.01 per cent. The low permeability of the clay soils 
limits infiltration and increases the importance of green infrastructure 
for runoff management. Veräjämäki, the least urbanised site, is char
acterised by detached housing and abundant green space. The southern 
part of the catchment contains extensive forest, while the northern part 
features private gardens. Bedrock is the principal superficial material, 
comprising 79.5 per cent of the area. Clay soils occupy 17.5 per cent, and 
surface water less than 0.02 per cent. This geological composition in
fluences both vegetation patterns and drainage processes.

2.2. Remotely sensed data

2.2.1. Aerial images
This study employed very high-resolution red-green-blue (RGB) and 

color-infrared (CIR) orthophotos obtained from the City of Helsinki’s 
geospatial repository. The CIR imagery included a near-infrared (NIR) 
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band (800–900 nm), a green band (510–600 nm), and a red band 
(600–700 nm), with a ground resolution of 20 centimetres per pixel. The 
original orthophotos, captured during the City of Helsinki’s aerial sur
vey in June 2013, were mosaicked into a single continuous image. 
Subsequently, the composite image was masked and clipped according 
to the spatial extents of the delineated study catchments. CIR imagery 
was selected over RGB imagery due to its enhanced ability to distinguish 
vegetated areas. This advantage arises from the inclusion of the NIR 
band, which is strongly reflected by healthy vegetation owing to the 
internal leaf structure. As a result, CIR imagery offers superior contrast 
between vegetated and non-vegetated surfaces, facilitating more accu
rate segmentation and classification of vegetation cover (Gausman, 
1977; Wolff et al., 2023; Zhao et al., 2024).

2.2.2. LiDAR data
In addition to aerial imagery, the classification process was enhanced 

through the integration of Light Detection and Ranging (LiDAR) data. 
The dataset was acquired by the National Land Survey of Finland (NLS) 
during a nationwide survey in 2008 and is part of the NLS open-access 
geospatial archives. The data were provided in LAS format and 
featured an average point density of 1.2 points per square metre. Prior to 
analysis, the LiDAR point cloud underwent preprocessing to improve 
data quality. This involved the automated detection and removal of 
outliers using the FilterData routine in the FUSION software package 
(version 4.61), a tool widely employed for LiDAR data processing in 
forestry and urban applications (McGaughey, 2024). Following this 
preprocessing step, the filtered point cloud was used to generate digital 
terrain models (DTMs) and to extract vegetation height information for 
land cover classification and structural analysis of green spaces.

2.3. Classification of vegetation

Vegetation classification was carried out using Object-Based Image 
Analysis (OBIA) within the Definiens eCognition Developer software 
(Trimble Geospatial, Munich, Germany). The initial step in this process 
involved segmentation, wherein pixels were automatically grouped into 
larger, more homogenous units known as objects. Segmentation was 
primarily driven by the color-infrared (CIR) data associated with each 
pixel. For this study, a multi-resolution segmentation approach was 
selected, as it allows for the local minimization of average heterogeneity 
within image objects at a given resolution. Users are required to specify 
a set of parameters for the segmentation, as detailed in the work of Zhou 
et al. (2009). The segmentation process was configured with a scale 
parameter of 60, a shape factor of 0.2, and a compactness factor of 0.5. A 
scale parameter of 60 was selected to yield an appropriate granularity 
for vegetation classification, balancing detail with generalisation. The 
shape factor was set to 0.2, thereby assigning greater weight to spectral 
properties, which was suitable given the spectral variability of the target 
vegetation classes. A compactness value of 0.5 provided a compromise 
between smooth object boundaries and the preservation of meaningful 
spatial structures, effectively reducing both over- and 
under-segmentation. These values were determined through iterative 
testing and visual evaluation to optimise object delineation, ensuring 
both spectral consistency and structural relevance. The segmentation 
process primarily utilised color-infrared (CIR) imagery as its spectral 
input. To identify vegetated surfaces, the Normalised Difference Vege
tation Index (NDVI) (Rouse et al., 1973) was calculated for each object 
using Eq. 1: 

NDVI = (NIR - RED) / (NIR + RED)                                                (1)

where, NIR and RED denote the near-infrared and red spectral bands.

Fig. 1. Location of City of Helsinki with postal code areas and Central Business District (CBD). High (Itä-Pasila), intermediate (Pihlajamäki), and low (Veräjämäki) 
land-use intensity study catchment sites shown with Urban Atlas: Land Cover / Land Use Data for 2012 classes (Data sources: National Land Survey of Finland 2013; 
City of Helsinki; Urban Atlas: Land Cover / Land Use Data for 2012, European Environment Agency EEA, 2016).
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An NDVI threshold of 0.1 was adopted to distinguish vegetated areas 
(NDVI > 0.1) from non-vegetated surfaces (NDVI ≤ 0.1). This threshold 
is supported by both empirical studies and field observations, which 
demonstrate that impervious surfaces typically yield NDVI values below 
approximately 0.01 (occasionally up to 0.1), while bare soils generally 
fall below 0.2. In contrast, even sparse or water-stressed vegetation 
commonly produces NDVI values exceeding 0.1, validating the use of 
this cut-off for vegetation classification in heterogeneous urban envi
ronments (Zhou et al., 2013; Xue et al., 2024). Following initial seg
mentation of vegetated areas, individual vegetation objects were 

classified into four structural categories using LiDAR-derived height 
thresholds: grass (≤ 0.5 m), bush (> 0.5 m and < 2.5 m), small tree (≥
2.5 m and < 7 m), and tall tree (≥ 7 m). Such threshold values are 
widely employed in urban forestry and green infrastructure mapping, as 
they enable reliable differentiation between vegetation types that may 
appear spectrally similar in multispectral imagery alone (Li et al., 2012; 
Casalegno et al., 2017: Gong et al., 2023). Subsequently, the image 
classification results were merged into a single region, exported as a 
vector shapefile, and imported into ArcGIS (version 10.8) software for 
further analysis and visualization.

Fig. 2. Color-infrared (CIR) orthophotographs and canopy height models (CHM) of the studied catchments. Here CHM depicts all the objects in the area, including 
vegetation, buildings, and ground topography (Data sources: color-infrared (CIR) photos, City of Helsinki, 2013; LiDAR data, National Land Survey of Finland, 2013).
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2.4. Accuracy assessment of green spaces and non-green areas

Classification accuracy was assessed for two land cover classes, green 
spaces and non-green areas, across three urban catchments charac
terised by differing levels of land-use intensity: Itä-Pasila (high), Pihla
jamäki (intermediate), and Veräjämäki (low). Validation was conducted 
using the Regional Land Cover reference dataset 2014 provided by the 
Helsinki Region Environmental Services Authority (HSY, 2014). To 
support a statistically robust evaluation, 1000 random sampling points 
were generated independently for each catchment using ArcGIS version 

10.8. For each point, corresponding values representing green spaces (1) 
and non-green areas (0) were extracted from both the classification 
outputs and the reference dataset. These data were used to construct 
confusion matrices and calculate six standard accuracy metrics: Overall 
Accuracy, Kappa Coefficient, User’s Accuracy (green space), Producer’s 
Accuracy (green space), User’s Accuracy (non-green area), and Pro
ducer’s Accuracy (non-green area). Together, these metrics offer a 
comprehensive evaluation of classification accuracy for both land cover 
classes across different differing levels of land-use intensity urban 
environments.

Fig. 3. Flowchart of the green space analysis and mapping processes.
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2.5. Map algebra comparison of green spaces and non-green areas with 
reference data

Classification accuracy for the green space and non-green area maps 

for three urban catchments were further evaluated with map algebra 
against HSY reference data with binary raster layers. The analysis was 
conducted by comparing the classified raster outputs for each cathment 
to HSY reference raster data set, where pixel values of 1 indicated green 

Fig. 4. Green space classification maps (A1, A2 and A3) and areal percentage of green spaces for grass, bush, small trees, tall trees and non-vegetated areas (B1, B2 
and B3) of Itä-Pasila, Pihlajamäki and Veräjämäki.
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space presence and 0 indicated non-green areas. A difference raster was 
generated by subtracting the reference raster from the classified raster. 
This resulted in three possible pixel values: 0 (no difference), 1 (non- 
green area as green space), and − 1 (green space as non-green area).

2.6. Landscape pattern analysis of green spaces and non-green areas

To evaluate the structure and composition of urban green spaces and 
non-green areas across varying levels of land-use intensity, we analyzed 
three urban water catchments representing distinct urban forms: Itä- 
Pasila (urban, high-intensity land-use), Pihlajamäki (residential suburb, 
intermediate-intensity land-use), and Veräjämäki (peri-urban fringe, 
low-intensity land-use). We applied a landscape metrics approach using 
FRAGSTATS v4.3 (McGarigal et al., 2023), a specialized tool for calcu
lating spatial patterns in landscapes. Binary-classified land cover maps 
were created for each catchment, distinguishing between green space 
and non-green areas. For each class in every catchment, we computed a 
suite of 19 class level metrics: Percent of Landscape (PLAND), Number of 
Patches (NP), Patch Density (PD), Largest Patch Index (LPI), Edge 
Density (ED), Landscape Shape Index (LSI), Mean, Standard deviation 
and Coefficient of Variation of Patch Area (AREA_MN; AREA_SD, 
AREA_CV), ENN_MN (Mean Euclidean Nearest Neighbor Distance), 
ENN_SD (Standard Deviation of ENN), ENN_CV (Coefficient of Variation 
of ENN), CLUMPY (Clumpiness Index), PLADJ (Percentage of Like Ad
jacency), COHESION (Patch Cohesion Index), DIVISION (Landscape 
Division Index), MESH (Effective Mesh Size), AI (Aggregation Index) 
and PAFRAC (Perimeter-Area Fractal Dimension). These metrics were 
chosen for their capacity to quantify spatial heterogeneity, fragmenta
tion, configuration, and connectivity, all of which are critical factors in 
understanding landscape structure and composition. Additional details 
on landscape metric definitions and their computational procedures are 
provided in Supplementary Materials 1. This methodological framework 
facilitated a systematic evaluation of the spatial patterns of the model
ling method versus reference data, enabling a robust assessment of 
conflict risk classification. Fig. 3 illustrates the proposed method for 
green space mapping, which integrates vegetation classification based 
on LiDAR-derived height data with the accuracy assessment of green 
space and non-green areas, as well as the analysis of landscape metrics.

3. Results

3.1. Vegetation classification results

As expected, Itä-Pasila had the smallest green space coverage (7 ha, 
30 %) compared to the other catchments of Pihlajamäki (16.5 ha, 43 %) 
and Veräjämäki (9.5 ha, 65.5 %) (Fig. 4). In Itä-Pasila, green spaces are 
fragmented into many small patches and mostly consist of urban parks 
and individual planted trees. green spaces are planted along the streets 
which can be easily seen on the classification map (Fig. 4 A1). 70 % is 
classified as non-vegetation which indicates the urban characteristics of 
the Itä-Pasila catchment; intense land use, impervious areas, roads, 
buildings, and parking lots (Fig. 4 A2 and Fig. 2). The northern and 
southern parts of the catchment are characterized by forest-like urban 
parks with taller trees. In the middle of the catchment, green spaces are 
scarce and consist mostly of modest vegetation and grass.

In Pihlajamäki, almost half of the area consists of green spaces. 
Approximately one quarter is over 7 m high forest. A larger forested area 
can be seen at the western end of the catchment, but there are also many 
forest-like lawns within the area (Fig. 4 B1 and B2). Non-vegetated areas 
consist mostly of roads and tall, long buildings. Additionally, long 
shadows casted by these buildings increased the amount of classified 
non-vegetation areas. It is likely that these shadows decrease the clas
sification accuracy. green spaces are fragmented equally around the 
catchment, only the western side of the catchment consists of a larger 
patch of continuous forest.

Veräjämäki had the highest proportion (65 %) of green spaces and 

higher proportion of tall vegetation than the other catchments: more 
than 25 % of catchment is classified as over 7 m vegetation The southern 
part of the catchment has a large forest patch consisting of tall trees 
(Fig. 4 C1). Furthermore, a clear-cutting area from lower to the middle 
part of the catchment can be distinguished in the classification map as a 
large patch of < 0.5 m height vegetation. A base rock formation can be 
seen as non-vegetation area in the northeastern corner of the catchment. 
green spaces in the northern side of the catchment mostly consist of 
gardens with some taller trees and short vegetation such as grass and 
turf. Gardens with tall vegetation were detected in the northern side. A 
detailed summary of the classification results for each catchment region 
is provided in Table 1.

3.2. Accuracy assessment of green space and non-green areas across 
study sites

Green space and non-green area classification performance was 
evaluated across three urban catchments, reflecting a gradient from high 
to low land-use intensity. Each site was assessed using six metrics, 
allowing for a detailed evaluation of classification reliability and con
sistency (Table 2). Veräjämäki, the least urbanized catchment, delivered 
the most accurate classification outcomes with an Overall Accuracy of 
0.894 and a Kappa of 0.788. green spaces were well captured, with 
Producer’s Accuracy reaching 0.922 and User’s Accuracy at 0.873. 
Similarly, non-green areas showed strong agreement with the reference 
data, achieving User’s Accuracy of 0.917 and Producer’s Accuracy of 
0.866. Pihlajamäki, representing intermediate land-use intensity, also 
performed well. The classification achieved an Overall Accuracy of 
0.888 and a Kappa of 0.776. Notably, the User’s Accuracy for Green 
areas was the highest among the sites (0.898), suggesting that green 
spaces in this area were particularly distinguishable. non-green areas 
also displayed balanced accuracy (User’s Accuracy: 0.878; Producer’s 
Accuracy: 0.896). In contrast, Itä-Pasila’s more complex and densely 
built environment posed greater challenges. It recorded the lowest 
Overall Accuracy (0.859) and Kappa (0.718). While Producer’s Accu
racy for Green areas remained high (0.920), User’s Accuracy dropped to 
0.786, indicating difficulties in confidently identifying vegetation at the 
user level. For non-green areas, high User’s Accuracy (0.932) was offset 
by lower Producer’s Accuracy (0.813), reflecting minor under-detection 
of built-up features.

3.3. Class level landscape patterns for green spaces and non-green areas 
in three catchment areas

In addition to assessing the classification accuracy of green and non- 
green vegetation classes across the study catchments, further spatial 
pattern analysis was conducted to evaluate the structural configuration 
of the modelled landscapes. Using FRAGSTATS v4.3, a suite of 19 class- 
level landscape metrics was computed to quantitatively characterise the 
spatial composition and configuration of green and non-green areas. 
Each class, green space and non-green space, was evaluated indepen
dently across the three catchments using key metrics such as Percent of 
Landscape (PLAND), Number of Patches (NP), Patch Density (PD), Edge 
Density (ED), Largest Patch Index (LPI), and others. These metrics offer a 
robust quantitative basis for understanding the extent, fragmentation, 
connectivity, and shape complexity of the spatial patterns resulting from 
the classification models (Table 3).

3.3.1. Itä-Pasila catchment landscape patterns
The Itä-Pasila catchment, characterised by high-density urban 

development, exhibits a markedly fragmented green space structure. 
The Percentage of Landscape (PLAND) for green space is only 29.95 %, 
substantially lower than that of non-green surfaces (70.05 %), indicating 
green space scarcity in the area. Green patches are numerous but small, 
as seen in the high Patch Density (PD) of 1143.46 and Number of Patches 
(NP) of 276, accompanied by a low Mean Patch Area (AREA_MN) of 
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0.0262 ha. The Largest Patch Index (LPI) for green space is just 5.99, 
signifying the absence of a dominant green area. The Landscape Shape 
Index (LSI) for green is 20.96, which, although higher than non-green, 
still indicates relatively simple patch shapes. High Edge Density (ED) 
values (888.50 for both classes) point to complex and fragmented 
boundaries. The Clumpiness Index (CLUMPY) for green is relatively high 
(0.8936), yet the Effective Mesh Size (MESH) is very low (0.1816), 
reflecting poor landscape connectivity. This fragmentation is confirmed 
by the very high Landscape Division Index (DIVISION) of 0.9925. Con
nectivity metrics such as Mean Euclidean Nearest Neighbor Distance 
(ENN_MN) for green space (3.92) and a high ENN_CV (103.29) further 
indicate isolation among green patches. However, the green space 
demonstrates moderate aggregation (Aggregation Index (AI) = 92.55), 
albeit significantly lower than for non-green (96.79).

3.3.2. Pihlajamäki catchment landscape patterns
Pihlajamäki, an intermediate land-use intensity residential area with 

interspersed forested zones, shows a more balanced distribution be
tween green (42.96 %) and non-green (57.04 %) surfaces. Green areas 
are considerably more numerous (NP = 425) than in Itä-Pasila, and 

fragmentation remains high (PD = 1108.62), though green patches are 
slightly larger on average (AREA_MN = 0.0388 ha). The LPI is 10.81, 
indicating some presence of dominant green patches, likely reflecting 
forested segments. Edge complexity is higher in Pihlajamäki than in Itä- 
Pasila (ED = 1295.05), with complex patch shapes (LSI = 31.70). The 
Patch Cohesion Index (COHESION) is very high (99.16), implying better 
structural connectivity despite fragmentation. The DIVISION index is 
0.9775 and MESH remains low (0.8612), though significantly higher 
than in Itä-Pasila. The isolation metric ENN_MN is 3.66, suggesting 
slightly better proximity between green patches. The PAFRAC value for 
green patches (1.3173) implies moderate shape complexity. Interest
ingly, the CLUMPY index is slightly lower than in Itä-Pasila (0.8670), 
pointing to more disaggregated patch formations.

3.3.3. Veräjämäki catchment landscape patterns
Veräjämäki, a peri-urban or suburban area with lower development 

intensity, presents the most favourable green space characteristics. 
Green areas dominate the landscape (PLAND = 65.31 %) compared to 
non-green (34.69 %). Fragmentation is considerably lower than in the 
other catchments, evidenced by a lower NP (91) and PD (626.68), 

Table 1 
Classification results for the three catchment areas.

Class Itä-Pasila (ha) Itä-Pasila (%) Veräjämäki (ha) Veräjämäki (%) Pihlajamäki (ha) Pihlajamäki (%)

Grass (<= 0.5 m) 1.6 6.7 1.0 7.1 3.0 7.9
Bush (> 0.5 m and < 2.5 m) 1.3 5.3 2.0 13.5 3.7 9.6
Small tree (>= 2.5 m and < 7 m) 2.4 9.9 2.8 19.1 5.5 14.4
Tall tree (>= 7 m) 2.0 8.1 3.7 25.7 4.3 11.1
Non-vegetation 16.9 70.0 5.0 34.7 21.9 57.0
Total 24.1 100.0 14.5 100.0 38.3 100.0

Table 2 
Classification accuracy assessment for high (Itä-Pasila), intermediate (Pihlajamäki), and low (Veräjämäki) land-use intensity study catchment sites.

Catchment Overall 
Accuracy

Kappa 
Coefficient

User’s Accuracy 
(Green area)

Producer’s Accuracy 
(Green area)

User’s Accuracy (non- 
green area)

Producer’s Accuracy (non- 
green area)

Itä-Pasila 0.859 0.718 0.786 0.920 0.932 0.813
Pihlajamäki 0.888 0.776 0.898 0.880 0.878 0.896
Veräjämäki 0.894 0.788 0.873 0.922 0.917 0.866

Table 3 
FRAGSTATS-based risk class level landscape index analysis for nine metrics classified into four risk classes.

Metric (Full Name) Itä-Pasila green 
space

Pihlajamäki green 
space

Veräjämäki green 
space

Itä-Pasila non- 
green

Pihlajamäki non- 
green

Veräjämäki non- 
green

PLAND (Percentage of Landscape) 29.95 42.96 65.31 70.05 57.04 34.69
NP (Number of Patches) 276 425 91 59 220 111
PD (Patch Density) 1143.46 1108.62 626.68 244.44 573.87 764.41
LPI (Largest Patch Index) 5.99 10.81 50.20 68.84 52.74 19.50
ED (Edge Density) 888.50 1295.05 1072.65 888.50 1295.05 1072.65
LSI (Landscape Shape Index) 20.96 31.70 14.03 14.15 27.80 18.46
AREA_MN (Mean Patch Area) 0.03 0.04 0.10 0.29 0.10 0.05
AREA_SD (Standard Deviation of Patch 

Area)
0.12 0.28 0.76 2.14 1.36 0.28

AREA_CV (Coefficient of Variation of 
Patch Area)

470.60 712.22 731.60 748.28 1368.10 613.67

ENN_MN (Mean Euclidean Nearest 
Neighbor Distance)

3.92 3.66 3.08 3.99 3.36 4.97

ENN_SD (Standard Deviation of ENN) 4.05 2.61 1.83 2.81 2.44 5.47
ENN_CV (Coefficient of Variation of 

ENN)
103.29 71.47 59.48 70.52 72.85 110.12

CLUMPY (Clumpiness Index) 0.89 0.87 0.88 0.89 0.87 0.88
PLADJ (Percentage of Like Adjacency) 92.20 92.19 95.44 96.56 94.05 91.77
COHESION (Patch Cohesion Index) 98.04 99.16 99.65 99.93 99.88 99.26
DIVISION (Landscape Division Index) 0.99 0.98 0.74 0.53 0.72 0.96
MESH (Effective Mesh Size) 0.18 0.86 3.71 11.44 10.67 0.61
AI (Aggregation Index) 92.55 92.41 95.75 96.79 94.25 92.18
PAFRAC (Perimeter-Area Fractal 

Dimension)
1.27 1.32 1.31 1.36 1.36 1.31
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combined with the highest AREA_MN (0.1042 ha) and LPI (50.20), 
showing the dominance of a single expansive green patch. Spatial 
cohesion and connectivity are strongest in Veräjämäki, with CLUMPY 
= 0.8776, AI = 95.75, COHESION = 99.65, and the lowest DIVISION 
index (0.7444) among the three catchments. The MESH value of 3.71 
confirms a less fragmented, more contiguous green landscape. Although 
ED is moderately high (1072.65), the LSI (14.03) and PAFRAC (1.3144) 
suggest simpler, less convoluted shapes than in more urbanised zones. 
ENN_MN (3.08) and ENN_CV (59.48) indicate that patches are not only 
larger but also more closely located, suggesting improved ecological 
connectivity.

3.4. Map algebra comparison results

Fig. 5 presents the vegetation classification and validation results for 
the three study catchments: Itä-Pasila (A), Pihlajamäki (B), and 
Veräjämäki (C). For each catchment, three panels are displayed: the 
OBIA-classified vegetation and non-vegetation areas (A1, B1, C1), the 

corresponding HSY reference datasets (A2, B2, C2), and the resulting 
difference maps (A3, B3, C3), generated by subtracting the reference 
raster from the classification output. While visual comparisons between 
the OBIA classification and the HSY reference data show generally good 
agreement (Fig. 5 panels 1 and 2), the difference maps offer a more 
precise representation of spatial mismatches (Fig. 5 panels 1). Notably, 
the most prominent discrepancies occur in areas where the reference 
data applied road masks to refine classification accuracy, a step not 
included in the OBIA–LiDAR framework used in this study. This meth
odological difference accounts for several areas of disagreement, 
particularly along road edges. The application of map algebra tech
niques proves effective in revealing classification inconsistencies that 
may not be evident through visual or conventional statistical validation 
alone. These results demonstrate the added value of spatial overlay 
analysis in enhancing classification assessment and identifying system
atic sources of error. A more detailed analysis of these discrepancies, 
along with their potential causes and implications, is provided in the 
Discussion section.

Fig. 5. Validation of OBIA-based binary vegetation classifications (green space and non-green area) against HSY reference data in Itä-Pasila (A), Pihlajamäki (B), and 
Veräjämäki (C). The figure shows classified outputs (1), reference layers (2), and difference maps (3), and (4) color-infrared (CIR) orthophotographs. Data sources: 
City of Helsinki, 2013 and Helsinki Region Environmental Services Authority (HSY).
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4. Discussion

This study assessed the effectiveness of an OBIA–LiDAR fusion 
framework for mapping urban green spaces across three Helsinki 
catchments with varying land-use intensities. The results demonstrate 
high classification accuracy overall, but reveal challenges in densely 
built environments where structural complexity and shading reduce the 
reliability of spectral data.

4.1. Vegetation classification using Object-Based Image Analysis (OBIA) 
and LiDAR fusion

The object-based classification of vegetation using NDVI thresholds 
and LiDAR-derived height data proved effective in capturing general 
patterns of urban greenery, yet varied in performance across urban 
forms. The stratification into four vegetation height classes added 
valuable ecological nuance, particularly in distinguishing tree canopy 
from low-lying vegetation (see Fig. 4.) Veräjämäki displayed the most 
diverse and evenly distributed vegetation height profile, with a notable 
presence of high vegetation (≥7 m), which is typical of less densely built 
urban peripheries (Fig. 4 C1 and C2). By contrast, Itä-Pasila’s green 
space was dominated by lower vegetation classes (<2.5 m), indicative of 
landscaped but ecologically simpler environments (Fig. 4 A1 and A2). 
These differences corroborate prior work indicating that urban density 
inversely correlates with both the quantity and structural complexity of 
vegetation (Gill et al., 2007; Strohbach and Haase, 2012). This study 
highlights the importance of incorporating vegetation height stratifica
tion into urban green space mapping, particularly in complex urban 
environments. By combining OBIA with LiDAR-derived structural data, 
vegetation was classified into four height categories ranging from less 
than 0.5 m to greater than or equal to 7 meters. This stratification adds 
value to spatial pattern analysis by enabling more nuanced in
terpretations of urban vegetation structure. In the present study, land
scape metrics were applied only to a binary classification of green and 
non-green areas. However, the height-based classification framework 
provides a strong basis for future analyses of landscape patterns across 
different urban morphologies. The accuracy of the classification was also 
evaluated across areas with varying levels of urban intensity, supporting 
the robustness of the method in heterogeneous settings. Across all three 
study catchments, green space typologies varied both in area and 
structural height. Notably, Veräjämäki exhibited the greatest proportion 
of tall tree cover (≥7 m, 25.7 %), aligning with its higher green space 
coverage (PLAND = 65.31 %) and lower fragmentation. These findings 
are consistent with prior research demonstrating that mature urban 
forests in suburban areas offer superior carbon sequestration, thermal 
regulation, and ecological habitat (Strohbach and Haase, 2012). 
Conversely, Itä-Pasila displayed predominantly low vegetation (<2.5 m) 
and sparse tall trees, further supporting the relationship between 
land-use intensity and vertical vegetation complexity. The User’s Ac
curacy for green areas was notably low in Itä-Pasila (0.786), likely due to 
misclassification from building shadows and spectral confusion with 
impervious surfaces, a common challenge in dense urban typologies (Lu 
and Weng, 2007). The OBIA approach, when calibrated with 
LiDAR-derived height thresholds, offered considerable advantages in 
vertical differentiation of green structures. As other studies have shown, 
combining spectral and structural metrics significantly improves vege
tation class separation and thematic accuracy, especially in 
multi-layered urban contexts (Nichol and Wong, 2005; Heiden et al., 
2012). However, shadow effects, especially from tall buildings in Pih
lajamäki and Itä-Pasila, introduced artefacts, increasing non-vegetation 
misclassification, a limitation also recognised by Ghamisi et al., 2019. In 
order to further assess the accuracy of the OBIA method in comparison 
to manual mapping approaches, we conducted a comparative analysis 
with Lundberg’s (2011) study, which evaluated habitat diversity and 
fragmentation in the same three catchments. Lundberg’s methodology 
involved the manual digitization of green spaces from aerial 

photographs, in contrast to our vegetation classification mapping 
approach. As a result, Lundberg’s study reported a higher proportion of 
green spaces and trees for all three catchments, indicating that the 
method employed in our study may, to some extent, underestimate 
green space coverage. The most significant disparity was observed in the 
catchment with intermediate land-use intensity (Pihlajamäki), where 
Lundberg (2011) recorded a green space proportion 10 % higher and a 
tree proportion almost 20 % higher. This discrepancy may be attributed 
to the influence of shadows in the aerial imagery.

4.2. Accuracy assessment of green space and non-green areas across 
study sites

Classification accuracy varied substantially by catchment, with 
Veräjämäki achieving the highest agreement with reference data 
(Overall Accuracy = 0.894; Kappa = 0.788) and Itä-Pasila the lowest 
(Kappa = 0.718). Higher User’s Accuracy for green areas in Veräjämäki 
(0.936) and Pihlajamäki (0.898) suggests that larger, contiguous green 
patches facilitated better object delineation and spectral separation. In 
contrast, the lower accuracy observed in Itä-Pasila is likely due to 
spectral confusion between built-up surfaces and ornamental vegeta
tion, as well as significant shadowing effects from tall buildings, well- 
documented challenges in OBIA applications to complex urban envi
ronments (Lu and Weng, 2007; Blaschke, 2010). The reliance on NDVI 
may have further limited detection of sparsely vegetated or heavily 
shaded areas, as NDVI can underestimate vegetation presence in het
erogeneous surfaces (Myint et al., 2011).

4.3. Class-level landscape patterns for green spaces and non-green areas 
in three catchments

The Itä-Pasila catchment, typified by high land-use intensity and 
built environments, exhibited the most fragmented and least connected 
green areas. The landscape metrics for Itä-Pasila highlight a highly 
fragmented and disaggregated green space structure. Despite a rela
tively high Patch Density (PD = 1143.46) and Number of Patches (NP =
276), the Largest Patch Index (LPI = 5.99) and Mean Patch Area 
(AREA_MN = 273.81 m²) indicate that green spaces are small and 
spatially dispersed. These patterns are characteristic of highly urbanised 
areas where impervious surfaces dominate and greenery is relegated to 
interstitial spaces or ornamental uses (Chiesura, 2004). These findings 
are consistent also with La Rosa et al. (2014), who emphasise the 
degrading effects of intense urban fabric on landscape cohesion. Pihla
jamäki, characterised by intermediate land-use intensity, presented a 
more balanced spatial configuration. The green space covered over 50 % 
of the area, with moderate patch size (AREA_MN = 566.52 m²) and high 
Clumpiness (CLUMPY = 0.92). The Aggregation Index (AI = 92.41) and 
Cohesion (99.16) imply that green areas, while fragmented (NP = 425), 
remain relatively connected. These results suggest that even in inter
mediate land-use intensity urban areas, landscape planning, such as the 
inclusion of adjacent forest stands and open spaces, can foster higher 
spatial integrity (Haase et al., 2014). The presence of larger vegetated 
patches and tree clusters is likely responsible for improved landscape 
metrics and classification accuracy. Pihlajamäki serves as a case in point 
for how built form typology interacts with green space configuration 
(Herold et al., 2002). Veräjämäki exhibited the most favourable land
scape metrics for green space: a high percentage of landscape (PLAND =
65.31), low fragmentation (PD = 634.06), and substantial Largest Patch 
Index (LPI = 50.20). These values are indicative of well-preserved or 
planned natural elements integrated within the suburban fabric. The 
high Effective Mesh Size (MESH = 3.71) and Clumpiness Index 
(CLUMPY = 0.88) underscore a structurally robust green space network, 
conducive to both ecological functioning and recreational uses. This 
configuration aligns with best-practice urban ecological planning that 
prioritises patch size, shape, and connectivity for optimal service pro
vision (Tzoulas et al., 2007; Benedict and McMahon, 2006). Moreover, 
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the high classification accuracy in Veräjämäki confirms the methodo
logical robustness of OBIA when applied to less complex, 
vegetation-dominated landscapes. These areas serve as critical refer
ences for interpreting landscape fragmentation in more urbanised 
catchments.

4.4. Validation of green and non-green land cover classification against 
reference landscape metrics

The accuracy of the green space classification was evaluated not only 
through confusion matrix statistics but also through an in-depth land
scape pattern comparison with the Helsinki Region Environmental 
Services Authority (HSY, 2014) land cover reference dataset. The use of 
FRAGSTATS metrics enabled a multiscale comparative analysis of 
landscape structure, patch composition, and spatial configuration. 
Overall, results suggest that while the OBIA-based green space model
ling captured many key structural patterns, the degree of alignment with 
the reference dataset varied significantly between catchments and land 
cover classes Table 4.

In Itä-Pasila, the modelled green space (PLAND = 29.95 %) moder
ately overestimated green area compared to the HSY reference 
(26.87 %). Despite the relative agreement in total coverage, stark dis
crepancies emerged in structural metrics. The modelled green space 
exhibited significantly higher patch density (PD = 1143.46 vs. 932.17) 
and number of patches (NP = 276 vs. 225), which may be attributed to 
over-segmentation or misclassification of small vegetated elements such 
as green roofs or shrubs in shadowed areas, a known limitation in high- 
density urban environments (Lu and Weng, 2007). This fragmentation is 
further evidenced by a considerably lower Largest Patch Index (LPI =
5.99 %) in the modelled data than in the reference (2.13 %), suggesting 
that while many small green patches were captured, fewer large cohe
sive areas were detected. Landscape Shape Index (LSI) and Edge Density 
(ED) were relatively consistent between datasets, but mean patch size 
(AREA_MN) was smaller in the modelled green space, indicating 
finer-grained and possibly more fragmented outputs. 
Connectivity-related metrics, such as Clumpiness (CLUMPY = 0.89 vs. 
0.90), Aggregation Index (AI = 92.55 vs. 92.42), and Cohesion (98.04 
vs. 96.29)—were broadly similar, pointing to some spatial agreement in 
overall configuration. However, the Division Index (0.993 vs. 0.998) 
and Effective Mesh Size (MESH = 0.18 vs. 0.046) suggest the modelled 
green space was somewhat more ecologically connected than the 
reference, though this may be an artefact of small green patches being 
treated as individual functional units. Overall, while structural realism is 
modest, the ecological interpretation of connectivity may be optimistic 
for this dense urban core.

In the intermediate land-use intensity Pihlajamäki catchment, the 
classification slightly underestimated green space extent (PLAND =
42.96 % vs. 45.55 %), with a higher number of green patches (NP = 425 
vs. 250) and greater patch density (PD = 1108.62 vs. 652.13) than the 
HSY reference. These discrepancies are likely due to fragmentation 
induced by shadows, mixed pixels at vegetation edges, and limitations of 
the NDVI threshold in distinguishing sparse vegetation. Importantly, the 
modelled data recorded a larger Largest Patch Index (LPI = 10.81 %) 
than the reference (6.90 %), suggesting some large green elements were 
more accurately or extensively captured. Edge complexity, as indicated 
by LSI and ED, was greater in the modelled output (LSI = 31.70 vs. 
25.34), consistent with a finer spatial resolution of classified vegetation 
patches. Connectivity metrics showed higher CLUMPY (0.867 vs. 0.893) 
and slightly lower Aggregation Index (92.41 vs. 94.16), indicating 
marginally less spatial cohesion. Nonetheless, Effective Mesh Size 
(MESH = 0.86 vs. 0.54) and Division Index (0.978 vs. 0.986) suggest 
slightly higher connectivity in the modelled green space. These values 
could reflect effective detection of adjacent forest patches or green 
corridors in OBIA, albeit potentially fragmented into smaller units. 
Despite these structural differences, spatial aggregation and cohesion in 
Pihlajamäki were generally comparable between modelled and 

reference data, supporting the reliability of the model for areas of 
moderate urban density.

In Veräjämäki low land-use intensity catchment, the modelled green 
space coverage (PLAND = 65.31 %) closely matched the reference 
dataset (64.47 %), demonstrating the strongest agreement across all 
three catchments. The number of patches (NP = 91 vs. 67) and patch 

Table 4 
Summary of key differences between modelled and reference green space met
rics in three urban catchments.

Metric Catchment Modelled 
Value

Reference 
Value

Key Difference / 
Observation

PLAND Itä-Pasila 29.95 % 26.87 % Slight 
overestimation; 
good agreement

​ Pihlajamäki 42.96 % 45.55 % Slight 
underestimation

​ Veräjämäki 65.31 % 64.47 % Strong agreement
NP Itä-Pasila 276 225 Over-fragmentation 

(overdetected 
patches)

​ Pihlajamäki 425 250 Significant over- 
fragmentation

​ Veräjämäki 91 67 Moderate over- 
fragmentation

PD Itä-Pasila 1143.46 932.17 Inflated patch 
density

​ Pihlajamäki 1108.62 652.13 Highly inflated 
density

​ Veräjämäki 626.68 461.4 Mild inflation
LPI Itä-Pasila 5.99 2.13 Larger dominant 

patch detected than 
actual

​ Pihlajamäki 10.81 6.9 Over-dominance in 
model

​ Veräjämäki 50.2 30.26 Strong 
overestimation of 
patch dominance

ENN_MN Itä-Pasila 3.92 5.62 Underestimated 
inter-patch distance

​ Pihlajamäki 3.66 4.52 Underestimated
​ Veräjämäki 3.08 4.17 Underestimated
COHESION Itä-Pasila 98.04 96.29 Close agreement; 

slightly higher 
cohesion in model

​ Pihlajamäki 99.16 98.88 Good agreement
​ Veräjämäki 99.65 99.19 Excellent match
DIVISION Itä-Pasila 0.993 0.998 Lower division → 

model shows less 
fragmentation

​ Pihlajamäki 0.978 0.986 Model detects 
slightly more 
connected 
landscape

​ Veräjämäki 0.744 0.893 Model 
underestimates 
fragmentation 
significantly

MESH Itä-Pasila 0.18 0.046 Larger effective 
mesh in model (false 
continuity)

​ Pihlajamäki 0.86 0.54 Moderate 
overestimation

​ Veräjämäki 3.71 1.55 Strong 
overestimation of 
connectivity

CLUMPY All ~0.87–0.89 ~0.89–0.90 Good agreement 
across all 
catchments

AREA_CV Itä-Pasila 470.6 221.1 Much higher 
variation → noisy 
classification

​ Pihlajamäki 712.22 400.24 Strong over- 
fragmentation

​ Veräjämäki 731.6 402.51 Over-fragmentation 
evident
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density (PD = 626.68 vs. 461.40) were also much closer, indicating 
lower segmentation errors. The modelled Largest Patch Index (LPI =
50.20 %) significantly exceeded that of the reference (30.26 %), sug
gesting that major green infrastructure was not only captured but 
possibly overgeneralised into fewer, larger entities, perhaps due to 
spectral homogeneity in extensive vegetated areas. Edge Density (ED) 
and Shape Index (LSI) were also similar, confirming consistency in 
spatial delineation. Connectivity metrics were particularly strong in 
Veräjämäki: modelled green space showed a higher MESH (3.71 vs. 
1.55), lower Division Index (0.744 vs. 0.893), and comparable CLUMPY 
and AI values. These results indicate that the OBIA approach was 
effective in preserving the spatial continuity and functional connectivity 
of green networks in suburban settings. The high congruence between 
modelled and reference datasets in Veräjämäki supports the robustness 
of the classification method in low-density areas with larger and more 
cohesive green patches, conditions that favour object-based analysis due 
to lower spectral noise and clearer boundary definition.

4.5. Map algebra comparison

The map algebraic difference raster analysis revealed spatially 
explicit discrepancies between OBIA-derived green space and the Hel
sinki Region Environmental Services (HSY) reference data (Fig. 5). The 
greatest discrepancies were observed at the boundaries of vegetation 
patches, in shadowed areas, and along narrow linear features such as 
hedges and grass strips. A key source of disagreement stems from dif
ferences in preprocessing: the reference dataset employs road masks to 
refine classification accuracy, whereas the OBIA–LiDAR framework 
developed in this study does not incorporate such masking. These dis
crepancies are especially prominent along road edges. To improve future 
classification outcomes, it is recommended to integrate available 
ancillary masks, such as those for roads, buildings, rocky outcrops, and 
bogs, into the classification workflow. In Itä-Pasila, misclassification 
was pronounced in densely built zones with artificial landscaping, likely 
due to spectral mixing and height ambiguity. These errors are consistent 
with known limitations of NDVI in capturing vegetation under complex 
lighting and structural conditions (Heiden et al., 2012). By contrast, in 
Veräjämäki, disagreement was largely constrained to edge pixels, sug
gesting better alignment with HSY datasets. While map algebra offers an 
intuitive and powerful means for visualising agreement, it is sensitive to 
positional mismatches and registration errors. Small geometric offsets 
can produce exaggerated difference zones. Therefore, its use is best 
complemented by statistical validation.

4.6. Interpretation and implications

These findings indicate that land-use intensity has a strong influence 
on green space structure. Highly urbanised Itä-Pasila is dominated by 
fragmented, isolated green patches, while Pihlajamäki represents a 
transitional form with improved but still limited cohesion. In contrast, 
Veräjämäki demonstrates a more continuous and dominant green 
infrastructure with better spatial connectivity. These structural varia
tions are not merely aesthetic but critically influence urban biodiversity, 
ecosystem service delivery, and climate adaptation capacity. The im
plications are particularly salient for urban planning and green infra
structure policy.

4.7. Study limitations

Firstly, LiDAR data tends to underestimate tree heights, as the signal 
may not reach the highest point of a tree, or in some cases, the signal 
may not be strong enough to produce a detectable echo (Yu et al., 2004). 
Additionally, dense vegetation beneath the canopy layer may lead to an 
overestimation of the digital terrain model (DTM), consequently 
resulting in an overestimation of the canopy height model (Holopainen 
et al., 2013). Various factors can contribute to the underestimation of 

vegetation height, including the choice of algorithm for digital terrain- 
and canopy height model generation, the extent and height of under
growth, the algorithm for digital terrain model calculation, laser system 
sensitivity, signal processing thresholding algorithms, pulse penetration 
into the canopy, and the shape and species of trees (Holopainen et al., 
2013).

Secondly, the presence of shadows significantly affected the accu
racy of green space classification. This challenge has been reported in 
previous studies (Dare, 2005; Degerickx et al., 2020; Zylshal et al., 
2016), as shadows represent one of the most common sources of error in 
remotely sensed data. Objects cast in shadows experience partial or 
complete spectral information loss (Dare, 2005), rendering the calcu
lation of the normalized difference vegetation index (NDVI) to identify 
live vegetation impossible for these objects. Numerous green spaces 
were incorrectly identified as non-vegetation due to shadow effects. This 
issue was particularly prominent in the Pihlajamäki and Itä-Itä-Pasila 
catchments (Fig. 6A) due to the abundance of tall buildings that cast 
shadows over green areas. In contrast, Veräjämäki demonstrated a 
higher classification accuracy of 92 %, which can be attributed to less 
intense land use and the absence of tall buildings. Low-rise apartments 
in Veräjämäki did not pose the same challenges as the taller buildings. 
The occurrence of shadows is influenced by two main factors: the 
number of elevated objects and the time of image capture. The time of 
capture determines the angle of incoming sunlight and the length of 
shadows cast by elevated objects. While the exact capture time of the 
aerial images was unknown, aerial surveys in Finland are typically 
conducted during spring, and the angle and length of shadows in our 
imagery suggest late afternoon capture, which likely contributed to the 
reduced classification accuracy. Therefore, for improved green space 
detection and classification, it is recommended to capture images at 
midday. Introducing a mechanism to address shaded green spaces could 
enhance classification accuracy in modelling. Several attempts have 
been made to tackle the shadow issue, but recovering and restoring 
shadow-covered information from very high-resolution imagery in 
urban areas has proven challenging (Dare, 2005). For example, Zhou 
et al. (2009) applied object-based techniques to evaluate three alterna
tive algorithms for classifying shaded areas in high spatial resolution 
urban imagery. The most successful approach for shadow classification 
involved multisource data fusion using two different images. However, 
as noted by Zhou et al. (2009) and Dare (2005), using multisource data 
fusion on high spatial resolution images can be problematic due to 
radiometric disparities and spatial misalignment between distinct im
ages, which can result in significant inaccuracies. One alternative so
lution, as suggested by Degerickx et al. (2020), involves collecting 
additional training data specifically for shadow classification. This data 
could be integrated with existing training data or used to train a separate 
model dedicated to shadow classification. In our study, there were in
stances of minor non-vegetation objects being incorrectly classified as 
green spaces. For example, individual streetlamps were erroneously 
identified as elevated vegetation when surrounded by grass lawns 
(Fig. 6B). This misclassification may be attributed to suboptimal seg
mentation parameters, specifically the scale parameter that determines 
the size of objects generated during the segmentation process. A higher 
scale setting might have prevented the classification of smaller elements. 
Previous research has documented this issue, as noted by Chen et al. 
(2018), who reported mis-segmentation of object boundaries during 
image segmentation, which led to the improper amalgamation of small 
land cover patches into neighboring objects. Although these cases 
generally encompass very small areas, their impact on overall accuracy 
is likely minimal. Several classification errors were observed in 
non-vegetated areas, particularly where building roofs were mis
classified as green spaces (Fig. 6C). This effect was more pronounced in 
areas characterized by low land-use intensity, where some building roofs 
exhibited a reddish hue. These roofs displayed spectral properties 
resembling vegetation, causing them to exceed the NDVI threshold and 
be wrongly categorized as vegetation. Similar issues were noted 
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regarding red cars on the streets of Itä-Pasila. The problem could 
potentially be mitigated by adjusting the NDVI threshold value; how
ever, this adjustment may result in the exclusion of true green areas from 
the classification. An alternative method for reducing erroneous classi
fications due to building roofs would involve the pre-filtering of build
ings before the classification process. For instance, Nahhas et al. (2018)
employed a deep learning technique to identify buildings using 
LiDAR-orthophoto fusion, obviating the need for modification of NDVI 
threshold levels. Overall, deep learning techniques has proven to be 
valuable new methodology for very high-resolution urban data classi
fication (see Audebert et al., 2018), however, most resent advancers 
have integrated deep learning techniques into object based image 
analysis (OBIA), and according to Ma et al. (2024), its full potential 
remains largely unexplored and thus it should studied in more detail in 
future.

5. Conclusions

This study assessed the applicability of a hybrid OBIA–LiDAR 
methodology for mapping urban green spaces in three Helsinki catch
ments representing varying levels of land-use intensity. The findings 
underscore the importance of integrating spectral and structural data for 
detailed urban vegetation classification, particularly where vertical 
vegetation complexity influences ecological service delivery.

Vegetation height stratification into four classes provided critical 
ecological granularity. Veräjämäki, a low-density suburban catchment, 
demonstrated the highest classification accuracy (Overall Accuracy =
0.894), substantial tall tree cover (≥7 m), and high spatial cohesion. 
This supports the notion that OBIA performs optimally in less frag
mented, vegetation-dominated landscapes. In contrast, Itä-Pasila’s high- 
density urban core posed significant challenges, including NDVI 

limitations, spectral confusion with impervious surfaces, and extensive 
shadow effects from tall buildings, leading to the lowest classification 
accuracy.

The landscape metrics confirmed a clear gradient in green space 
fragmentation and connectivity, correlating with land-use intensity. The 
OBIA–LiDAR approach proved capable of detecting patch-level struc
tural variation and continuity across urban forms. Veräjämäki’s land
scape showed high connectivity and low fragmentation, while 
Pihlajamäki exhibited intermediate spatial cohesion. Itä-Pasila featured 
fragmented and spatially disaggregated green patches, characteristic of 
highly urbanised environments. Validation against Regional Land Cover 
reference dataset 2014 provided by the Helsinki Region Environmental 
Services Authority (HSY) and map algebra comparison confirmed gen
eral alignment in spatial structure, especially in suburban catchments. 
However, discrepancies in patch count, shape, and classification at 
shadowed boundaries highlight the need for improved segmentation 
tuning, shadow compensation, and multi-source data fusion. Misclassi
fication of elevated non-vegetation features such as rooftops and light 
poles also emphasises the value of pre-classification filtering techniques.

In conclusion, the OBIA–LiDAR fusion framework provides a robust, 
scalable approach to urban green space mapping, particularly when 
augmented with vegetation height metrics. However, classification 
performance remains sensitive to urban form, acquisition timing, and 
segmentation parameters. Future work should prioritise improving 
resilience to shadows, integrating deep learning techniques, and 
enhancing vegetation detection in dense urban settings. This study 
highlights the practical value of high-resolution green space data for 
urban planning, especially in rapidly growing cities. The method sup
ports sustainable land-use strategies, green infrastructure enhancement, 
and urban heat mitigation. Additionally, it enables monitoring of 
greening policy compliance and identification of areas for restoration or 

Fig. 6. Illustration of classification errors: shaded objects (A); Mixed object (B) and color confusion (C). Green indicates actual green spaces, blue represents non- 
vegetated areas, and yellow highlights building roofs that were misclassified as green spaces. Data source: City of Helsinki, 2013.
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afforestation. As a transferable workflow, it offers a valuable resource 
for cities addressing the pressures of rapid urbanisation and environ
mental change.
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Audebert, N., Le Saux, B., Lefèvre, S., 2018. Beyond RGB: very high resolution urban 
remote sensing with multimodal deep networks. ISPRS J. Photogramm. Remote 
Sens. 140, 20–32. https://doi.org/10.1016/j.isprsjprs.2017.05.011.

Benedict, M.A., McMahon, E.T., 2006. Green infrastructure: linking landscapes and 
communities. Landsc. Ecol. 22, 797–798. https://doi.org/10.1007/s10980-006- 
9045-7.

Blaschke, T., Lang, S., Lorup, E., Strobl, J., Zeil, P., 2000. Object-oriented image 
processing in an integrated GIS/remote sensing environment and perspectives for 
environmental applications. Environ. Inf. Plan. Polit. Public 2, 555–570.

Blaschke, T., 2010. Object based image analysis for remote sensing. ISPRS J. 
Photogramm. Remote Sens. 65, 2–16. https://doi.org/10.1016/j.

Blaschke, T., Hay, G.J., Kelly, M., Lang, S., Hofmann, P., Addink, E., Queiroz Feitosa, R., 
van der Meer, F., van der Werff, H., van Coillie, F., Tiede, D., 2014. Geographic 
Object-Based image analysis - towards a new paradigm. ISPRS J. Photogramm. 
Remote Sens. 87, 180–191. https://doi.org/10.1016/j.isprsjprs.2013.09.014.

Casalegno, S., Anderson, K., Hancock, S., Gaston, K.J., 2017. Improving models of urban 
greenspace: from vegetation surface cover to volumetric survey, using waveform 

laser scanning. Methods Ecol. Evol. 8, 1443–1452. https://doi.org/10.1111/2041- 
210X.12794.

Cheng, Y., Wang, W., Ren, Z., Zhao, Y., Liao, Y., Ge, Y., Wang, J., He, J., Gu, Y., Wang, Y., 
Zhang, W., Zhang, C., 2023. Multi-scale feature fusion and transformer network for 
urban Green space segmentation from high-resolution remote sensing images. Int. J. 
Appl. Earth Obs. Geoinf.

Chen, Y., Zhou, Y., Ge, Y., An, R., Chen, Yu, 2018. Enhancing land cover mapping 
through integration of pixel-based and object-based classifications from remotely 
sensed imagery. Remote Sens. 10. https://doi.org/10.3390/rs10010077.

Chiesura, A., 2004. The role of urban parks for the sustainable city. Landsc. Urban Plan. 
68 (1), 129–138. https://doi.org/10.1016/j.landurbplan.2003.08.003.

Dare, P.M., 2005. Shadow analysis in high-resolution satellite imagery of urban areas. 
Photogramm. Eng. Remote Sens. 71, 169–177. https://doi.org/10.14358/ 
PERS.71.2.169.

Degerickx, J., Hermy, M., Somers, B., 2020. Mapping functional urban Green types using 
high resolution remote sensing data. Sustain 12, 1–35. https://doi.org/10.3390/ 
su12052144.

Derkzen, M.L., van Teeffelen, A.J.A., Verburg, P.H., 2015. REVIEW: quantifying urban 
ecosystem services based on high-resolution data of urban Green space: an 
assessment for rotterdam, the Netherlands. J. Appl. Ecol. 52, 1020–1032. https:// 
doi.org/10.1111/1365-2664.12469.
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