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ABSTRACT

Trees in urban landscapes (also termed trees outside forests [TOF]) are
perennial woody plants designed to sustain biodiversity, improve environ-
mental quality, beautify the landscape, mitigate urban heating, provide shade,
and reduce pollution. In India, the Forest Survey of India (FSI) conducts the
national assessment of TOF in urban areas by employing extensive ground
data. This technical note highlights the potential of the latest remote sensing
data and machine learning techniques to rapidly monitor TOF and their struc-
tural attributes with limited ground data and satellite-data-derived products.
The current study was conducted in the Pune Municipal Corporation (PMC)
area. Publicly available Sentinel-1 microwave and Sentinel-2 optical data were
used to predict tree height using Global Ecosystem Dynamics Investigation
(GEDI) Light Detection and Ranging (LiDAR) data as the ground truth. The
Random Forest (RF) machine learning model was applied for image classifica-
tion and regression analysis. Sentinel-2 optical data were also used for land
use land cover (LULC) change mapping, which shows 620 ha of tree cover
loss from 2016-17 to 2019-20. The regression analysis indicated reliable tree
height estimates (R?= 0.74 and RMSE = 2.85 m). This study, with an acceptable
accuracy level for many city-level uses, represents a reliable methodology

for rapid TOF change and canopy height assessment using publicly available
data, which can be useful for city planning in Pune. The methodology used in
the current study can be scaled up to other urban landscapes.
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INTRODUCTION

Trees outside forests (TOF) are trees in cropland, urban areas, or
other lands outside the Recorded Forest Area (RFA) boundary
(FSI2019). TOF consist of trees in block plantations (patches
of tree cover > 0.1 ha), scattered in farmland and home gardens,
and in linear plantations along boundaries, roads, streams, com-
munity lands, and so on. Increasing TOF can help meet India’s
commitments, such as restoring degraded land, its Nationally
Determined Contribution, the goals of the sub-mission on
agroforestry, and net zero carbon emissions by 2070. Similarly
to forests, TOF provide various social, economic, environmental,
and ecological benefits, such as soil enrichment, provisioning

of fuelwood and fodder, non-timber forest products for local
communities, and mitigating on of climate change (Jose 2009).
TOF constitute a significant proportion of tree cover in urban
areas and provide essential ecosystem services, such as sequester-
ing carbon, improving air quality, regulating urban hydrology
and micro-climate conditions, and enhancing recreational and
cultural values (Bolund and Hunhammar 1999; Dobbs et al.
2011; Dwyer et al. 1992). The latest Intergovernmental Panel on
Climate Change (IPCC) Sixth Assessment Report (AR6) has
reiterated that tree cover loss and urbanization cause heatwave
generation and regional temperature rise, creating the urban heat
island effect. Assessing tree cover dynamics and their interaction
with the other LULC categories is essential for highlighting

the ongoing land-use planning activities and prescribing climate
change adaptation measures. WRI India’s Restoration Oppor-
tunities Atlas estimates a restoration potential of more than 80
million ha (Mha) in India through mosaic restoration, which
primarily involves the integration of TOF in different land uses,
including cropland and other lands (Chaturvedi et al. 2018).

Effective urban planning in accordance with green infrastructure
development requires suitable data on existing green spaces and
their changes in recent years. In India, the FSI conducts the
national assessment of TOF. The FSI classifies tree cover patches
with an area 21 ha as forest, and tree cover patches found
outside the RFA with an area <1 ha are classified as TOF (FSI
2019). The total TOF recorded in India in 2019 covered 29.38
million ha (36.40 percent of the total forest and tree cover area)
(FSI 2019). The FSI follows a grid-based inventory approach

to mapping TOF and estimating their growing stock, in which
sampling is carried out in selected grids for a particular year. The
FSI digitally classifies Sentinel-2 multispectral data, followed by
manual editing and refinement for TOF mapping in rural areas.
In comparison, the tree cover mapping scheme used in urban
areas entirely relies on ground-based observation. The FSI uses
Urban Frame Survey blocks (comprising areas of 600 to 800
population or 120-160 households) with well-defined
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boundaries provided by the National Sample Survey Orga-
nization as the sampling frame for urban TOF assessment.

'The ground data on tree count, crown cover, and Culturable
Non-Forest Area (CNFA) of the selected grids are used to

estimate the total TOF area and growing stock in urban

areas (FSI2019).

Multi-temporal systematic tree cover mapping and change
monitoring are useful for several reasons, such as assessing forest
cover resources, biodiversity, and various ecosystem services,
including carbon sequestration potential, contribution to
regulating the hydrological cycle, micro-climatic conditions, and
mitigation of urban heat islands; estimating tree cover loss and
gain; and urban planning for improving green cover spaces. Tree
canopy height estimation is essential for assessing the ecosys-
tem structure and growth, estimating the aboveground plant
biomass and carbon stock, and so on. Although several public
national and global datasets are available, they have regional

and local biases and are generally unsuitable for urban green
space assessment and planning within a city (Ghosh et al. 2022;
Nandy et al. 2021).

Advances in satellite remote sensing and data processing
methods and platforms allow tree cover to be monitored and
canopy height to be estimated. Although tree cover map-

ping and change assessment using remote sensing data are

well established, tree canopy height estimation is challenging
owing to the lack of suitable satellite data. At the same time,
ground-based assessments are costly, labor intensive, and

time consuming. The latest remote sensing data and advanced
data processing approaches are employed for rapid tree cover
mapping and structural attribute characterization. The publicly
available Sentinel-1 C-band synthetic aperture radar (SAR)
data and Sentinel-2 optical data enable tree height estimation
at finer spatial and temporal scales (Ghosh et al. 2020; Fagua et
al. 2019). The SAR backscatter integrated with optical remote
sensing data enables improved tree stand height estimation
using regression-based techniques (Roy et al. 2021; Lee and
Lee 2018). Light Detection and Ranging (LiDAR) data enable
tree height estimation at the plot level (representing circular
plots) and is used as a surrogate for field observations (Potapov
et al. 2021). Many studies have used the Global Ecosystem
Dynamics Investigation (GEDI) LiDAR tree height data in
combination with various multispectral and microwave data
for tree canopy height estimation (Qi et al. 2019; Potapov et al.
2021). Several machine learning techniques are used in image
classification and regression, among which the Random Forest
(RF) has shown high accuracy in estimating tree canopy height
by integrating Sentinel-1 SAR backscatter and Sentinel-2 data
and derived proxies (Ghosh et al. 2020; Roy et al. 2021). Many
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studies have estimated tree canopy height from a landscape level
to a global scale (Potapov et al. 2021). However, satellite-data-
based canopy height estimation in urban landscapes is scarce,
especially in India. The current study employs Sentinel-2 optical
data for urban green space monitoring from 2016 to 2020 in the
Pune Municipal Corporation (PMC) area, Maharashtra, India.
Moreover, the study uses GEDI LiDAR data for tree height
estimation by employing Sentinel-1 (microwave) and Sentinel-2
(optical) data as determinant variables.

OBJECTIVES

B Monitor and summarize change patterns between tree cover
and other LULC classes in the period 2016-17 to 2019-20
within the PMC boundaries.

B Estimate tree canopy height with Sentinel-1 and Sentinel-2
data in the PMC area for 2019-20 using machine learning
techniques, with GEDI LiDAR data as the ground truth.

Figure 1 | Location map of the PMC and post-monsoon SFCC

STUDY AREA

'The study was conducted in Pune, the second-largest metro-
politan city in Maharashtra, India (see Figure 1). The PMC area
is 35,637 ha, and the average altitude is 560 m above the mean
sea level. Pune, a tropical city situated in the Western Ghats
region of India, is classified under the tropical climate zone. It

is one of India’s fastest-growing cities and has shown an overall
increase in built-up area from 11,660 ha in 1990 to 16,690 ha in
2019 at the expense of cropland, scrubland, fallow land, and so
on (Gohain et al. 2021). According to the 2011 Census of India
(Census of India 2011), the population of Pune city is above 3
million. Maps of the PMC and its administrative boundaries
were downloaded from the PMC GIS portal (PMC n.d.a). The
deciduous broadleaf forest is the dominant forest type, which

sheds leaves (leaf-fall period) from January to February.
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DATA AND METHODOLOGY

Publicly available optical Sentinel-2 satellite data were classified
for LULC and change identification between two time periods
(2016-17 and 2019-20). Sentinel-2 optical and Sentinel-1
microwave satellite data were also used as proxy variables to
generate a wall-to-wall canopy height map using GEDI canopy
height data as a reference. The tree canopy height was estimated
for the tree cover area identified in the 2019-20 LULC map.
'The RF machine learning model was employed for the LULC
classification and regression analysis for the tree canopy height
estimation. The input data and methodology used in the study
are described in the following sections.

Data used

Satellite data
LULC MAPPING

Multi-temporal Sentinel-2 multispectral images were used

for LULC mapping. Sentinel-2 top of atmosphere (TOA)
reflectance data (10 m and 20 m bands) were accessed from
the Google Earth Engine (GEE) platform for three seasons
(post-monsoon, leaf-fall, and driest season) for two periods:
201617 and 2019-20. The average TOA reflectance of all the
cloud-free images in a season was used. Cloud-free images
available from November to January were used to compute the
average TOA reflectance image of 2016 after the monsoon;

Table 1 | Data used in the study

similarly, cloud-free images from February to April were used
for the leaf-fall period, and those from May to June were used
for the driest season.

CANOPY HEIGHT MAPPING

This technical note aims to present how well a combination of
Sentinel-2 (optical) and Sentinel-1 (radar) data can estimate
tree canopy height.

GEDI LiDAR tree height data were used as the ground truth
for the height estimation. The GEDI LiDAR sensor provides
the canopy height metric at a footprint level (circular plot) with
a 25 m diameter. The distance between the two footprints is 60
m in the along-track direction and 600 m in the across-track
direction. GEDI data were downloaded from the Earthdata
Search portal (Earthdata n.d.). GEDI data points for the
study area, collected from November 2019 to June 2020, were
used in the current study. GEDI data represent the maximum
tree canopy height within a circular plot (with a footprint

of radius 25 m).

In addition to using the 2019-20 Sentinel-2 optical data for
LULC classification, these data were also used to generate
predictor variables for tree height estimation. The seasonal
(post-monsoon, leaf-fall, and driest seasons) mean TOA
reflectance bands were used in addition to the four vegetation
indices derived from these average reflectance bands: Enhanced
Vegetation Index (EVI), Fraction of Vegetation Cover (FVC),
Leaf Area Index (LAI), and Normalized Difference Vegetation

DATA RESOLUTION

10mand20m

Sentinel-2

Vector data (25 m footprint data)
SRTM DEM 30m

YEAR SOURCE

2016-17: Post-monsoon Google Earth Engine

(November-January)

2017: Leaf-fall period (February-
April), driest period (May-June)

2019-20: Post-monsoon
(November-January)

2020: Leaf-fall period (February-
April), driest season (May-June)

November 2019-June 2020
November 2019-June 2020

Earth Data Search

20m Google Earth Engine

Notes: GEDI = Global Ecosystem Dynamics Investigation; SRTM DEM = Shuttle Radar Topographic Mission-Digital Elevation Model.

Sources: WRI India authors.
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Index (NDVI). In addition, the Sentinel-1 backscatter (0°0)
values in the vertical-vertical (VV') and vertical-horizontal (VH)
polarization bands were used as input variables for tree height
estimation. The pre-processed Sentinel-1 data were accessed
from the GEE platform. The mean seasonal (post-monsoon,
leaf-fall, and driest season) backscatter values were employed as
additional input variables for tree height estimation. The Shuttle
Radar Topographic Mission (SRTM)-derived Digital Elevation
Model (DEM) was employed to derive topographic variables,

which were also used as an input variable.

Methodology

LULC mapping

'The RF machine learning algorithm was employed for LULC
classifications performed in 2016-17 and 2019-20. A minimum
of 100 reference data points for each LULC class (bare land,
built-up, cropland, grassland, tree cover, and waterbodies) were
generated using visual image interpretation of Sentinel-2 and
high-resolution Google Earth imagery. The same reference data
points (taken from their respective image dates) were used for
training in image classification for 2016—17 and 2019-20 to
avoid biases in training and data validation. This was achieved by
carefully creating the training data points based on the multi-
temporal satellite images and Google Earth images. Only those
reference points were considered where no LULC change was
observed in the images between 2016-17 and 2019-20.

Tree height estimation

The tree canopy height was estimated using a regression-based
approach. GEDI canopy height data were used as the observed
or dependent variable. Among the various relative height (RH)
indicators, RH95 of GEDI data was adopted here because it

is considered the most accurate metric (GEDI n.d.; Potapov

et al. 2020). The total number of available GEDI data points
for 2019 and 2020 was 42,568. The GEDI data points were
overlaid on the LULC map of 2019-20. We found 3,570 GEDI
data points overlapping with the identified tree cover class in
the LULC map of 2019-20 and considered them for further
analysis (Figure 2). The predictor variables included seasonal
mean leaf-off (January-February), pre-monsoon (March-May),
and post-monsoon (October—December) Sentinel-1 backscat-
ter images (VV and VH bands); seasonal mean Sentinel-2

data TOA reflectance bands (10 m and 20 m) and the derived
vegetation indices (EVI, FVC, LAI, and NDVI); and the DEM
(their relative importance in prediction in the final model is
shown in Appendices A and D). The NDVI and EVI were
calculated using Equations 1 and 2, in which the FVC and LAI
were estimated using the SNAP tool (ESA n.d.) and employing
Sentinel-2 TOA reflectance bands.

NDVI = (NIR-Red)/(NIR+Red) ... (Eq.1)
EVI =2.5*(NIR-Red)/(NIR+6*Red-7.5*Blue+1) ... (Eq. 2)

Figure 2 | The GEDI data points: (i) original and (ii) 3,570 points (overlapped with tree cover) selected for canopy

height estimation
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'The RF machine learning algorithm was applied for regres-
sion analysis, in which a randomly selected 70 percent of the
reference data was used for model building or training and the
remaining 30 percent for validation (see Figures Al and A2 in
Appendix A). Two important input model tuning parameters

and the model developed with all the predictor variables (mtry =
6) indicated the best accuracy (the lowest error). The developed
RE model was then used to create tree canopy height maps of
the study site based on the identified tree cover in the LULC
map. The overall methodological flow diagram used in LULC

are used in RF regression: mtry and ntree. The parameter mtry mapping and tree canopy height estimation in the current study

denotes the number of independent variables sampled to each is shown in Figure 3.
predictor tree, and ntree denotes the number of regression trees

grown. The maximum number of trees (ntree) was fixed as 1,000,

Figure 3 | Overall methodological flow diagram used in LULC mapping and tree height estimation

SRTM DEM
Elevation

Sentinel-2 Sentinel-1

(Optical)

GEDI (LiDAR)
Canopy Height

(Microwave)

Visual Image Interpretation

of high_-resolution Google Indices Random Segregation
Earth imagery to create (EVI, LAI, FVC, NDVI) (Training and Validation)
training data
s Regression Analysis

(Random Forest)

Classification
(Random Forest) l
Validation
(Accuracy Matrices)

LULC
Classification

l

Mask Tree Cover

Tree Canopy

Height Map

Notes: EVI = Enhanced Vegetation Index; FVC = Fraction of Vegetation Cover; GEDI = Global Ecosystem Dynamics Investigation; LAl = Leaf Area Index; LiDAR = Light Detection and
Ranging; LULC = land use land cover; NDVI = Normalized Difference Vegetation Index; SRTM DEM = Shuttle Radar Topographic Mission-Digital Elevation Model.

Source: WRI India authors.
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RESULTS
Assessment of LULC changes with a
focus on the tree cover class

'The RF machine learning model achieved an overall classifica-
tion accuracy of 89.22 percent (Kappa: 0.86) for 201617 and
92.65 percent (Kappa: 0.91) for 2019-20. A few misclassifica-
tions were found between a few classes, such as grassland, tree
cover, cropland, and bare land (see Tables B1 and B2 in Appen-
dix B). The lowest User’s Accuracy was obtained for grassland
(~73 percent), whereas it was more than 87 percent for the rest
of the classes in 2016—17 and 2019-20. The lowest Producer’s
Accuracy in 2016-17 was obtained for grassland (76 percent),
followed by bare land (76 percent), which was seen for bare land
and cropland (79 percent) in 2019-20.

'The built-up area was found to be the dominant class, cover-
ing 35.91 percent of the total study area, followed by tree cover
(30.54 percent) and grassland (16.56 percent) in 2016-17 (see

Figure 4 and Table 2). The maximum increase in area from
2016-17 to 2019-20 was observed for the built-up area (2.35
percent; 839.09 ha), followed by cropland (0.84 percent; 298.96
ha) (see Table 2). On the contrary, a decrease in the area was
observed for tree cover (1.74 percent; 619.94 ha), and grassland
(1.39 percent; 497.01 ha), and a minor decrease was observed
for bare land (0.1 percent; 34.45 ha) (see Table 2 and Figure

4). In comparison, a minor increase in waterbody area (13.18
ha; 0.04 percent) was seen during the study period. Most of the
observed built-up area expansion replaced tree cover, grassland,
and bare land. A few examples of various LULC changes are
shown, which indicated tree cover and grassland loss due to
various developmental activities and tree cover management (see
Appendix C). In Appendix C, Figure C1 shows the conversion
of cropland, grassland, and tree cover to built-up areas (con-
struction of Metro Range Hill Depot), Figure C2 shows the
conversion of bare land to built-up areas (between Bharat Mata
Road and Tingre Park Road), and Figure C3 shows tree cover
loss on the Mhatoba Tekdi hill.

Table 2 | Area in hectares (and percentage change) of LULC classes in 2016-17 and 2019-20

LULC CLASS

Bare Land 3,985.98 (11.18)

EC R -
10,882.72 (30.54)

Notes: LULC = land use land cover.

Sources: WRI India authors.

CHANGE

3,95153 (11.09) -34.45 (-0.1)
13,638.1(38.27) 839.09 (2.35)
1,959.09 (5.5) 298.96 (0.84)
540411 (15.16) -497.01 (-1.39)
10,262.78 (28.8) —619.94 (-1.74)
421,84 (118) 1318 (0.04)
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Figure 4 | LULC maps of PMC: (i) 2016-17 and (ii) 2019-20

(i) LULC map 2016/17
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Notes: LULC = land use land cover; PMC = Pune Municipal Corporation.

Source: WRI India authors.

Tree height estimation

The RF regression model was built using 70 percent of the

total GEDI data points overlapping with the tree cover. A
comparison with the validation data (30 percent of the total
observations) indicated reliable accuracy (R* = 0.74; RMSE =
2.85 m) (Figure 5). The variable importance plot identified the
relative importance of various input or determinant variables in
canopy height estimation (see Figure D1 in Appendix D). The
highest contribution was identified for TOA reflectance in the
NIR bands (Sentinel-2 bands 8 and 8A), followed by the Red
Edge spectral band (B5) and VV backscatter of the leaf-off sea-
son. Moderate importance was recorded for the EVI, microwave
backscatter values, and elevation; lower importance was recorded
for the rest of the spectral bands, vegetation indices, and micro-
wave backscatter values.

The GEDI data-derived observed canopy height ranges between
1.98 m and 51.8 m. However, 90 percent and 99 percent of the
total observations indicated a canopy height < 18 m and < 24

m, respectively (see Figure E1 in Appendix E). The estimated
canopy height values varied between 2.75 m and 42.78 m, with a
mean of 11.57 m (see Figure 6(3)). The result indicated that the
estimated canopy height for most of the trees (98.92 percent)
varied between 6 m and 18 m, whereas trees with a height < 6

m and > 18 m represent less than 0.11 percent and 0.97 per-
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(if) LULC map 2019/20
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cent of the total tree cover, respectively (see Figure 6(ii)). The
spatial trend indicated a lower canopy height in larger tree cover
patches than in scattered tree cover patches.

Figure 5 | Accuracy (R? and RMSE) in estimating tree
canopy height map
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30-

R?2=0.74
RMSE= 2.85 m :

N
S

Predicted Canopy Height (m)

1‘0 2‘0 3‘0 4‘0
Observed Canopy Height (m)
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Source: WRI India authors.
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Figure 6 | (i) Estimated tree canopy height map and (ii) canopy height distribution
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DISCUSSION

Previous studies have mostly employed moderate-resolution
Landsat data (30 m) for urban green space monitoring at
various temporal scales. However, the Sentinel-2 data with

four important spectral bands at 10 m resolution enable more
precise land resource mapping in heterogeneous landscapes,
including urban areas. The RF machine learning algorithm was
used for LULC mapping using multi-temporal optical data.
'The high classification accuracy obtained in the current study
demonstrates the efficacy of the RF machine learning algorithm
in LULC classification (Das and Pandey 2019; Talukdar et al.
2020; Mishra et al. 2021; Shetty et al. 2021). The tree cover area
identified in the current study was compared with the latest
Esri global LULC map generated using Sentinel-2 data and
employing the artificial intelligence (Al) technique (Karra et al.
2021). A visual comparison of the Esri LULC map and Google
Earth imagery shows that the former map underestimated the
total tree cover, which was accurately captured in the current
study. This could indicate the limitation of the global model or
data at the local scale. The major LULC changes from 2016-17
to 2019-20 were observed as an expansion in built-up area
(839.09 ha) and cropland (298.96 ha) and a reduction in bare
land (34.45 ha), grassland (497.01 ha), and tree cover area
(619.94 ha). Various factors are causing the rapid urban area
enlargement of Pune city, including population expansion, rural-
to-urban migration, inter-state migration, and agglomeration
of peri-urban areas (Link et al. 2021; Singh and Basu 2020;
Lad and Petkar 2022). In addition, infrastructure projects

120000 120
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80000 ' 80 &
[<5)
2 s
S 60000 60 %5
g £
40000 10 E
[&5)

20000 20

0 - . ! ' I I | I R 0
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also contributed to the built-up area expansion (Appendix
C). Bhaskar (2012) studied the urbanization of Pune city and
reported a 4,300 ha growth from 1999 to 2009, with most

of the urban area growth replacing barren and fallow land,
followed by tree cover. Recently, Gohain et al. (2021) studied
the LULC change in Pune city using Landsat data and reported
a nearly 5,000 ha increase in built-up area from 1990-2019
at the expense of agriculture, scrubland, and fallow land. They
also observed a corresponding increase in the land surface
temperature of 1.4°C in summer and winter compared to the
surrounding rural areas.

'The optical and microwave backscatter (GRD) data do not
provide direct canopy height estimates. Instead, these variables
help estimate canopy height as proxy variables. The multi-
temporal TOA reflectance, spectral indices, and microwave
backscatter values are widely utilized in canopy height
estimation. The RF machine learning algorithm was used to
develop the nonlinear relationship between dependent (GEDI
data) and independent variables (Sentinel-1 and Sentinel-2
bands, vegetation indices, and DEM) (Potapov et al. 2020).
GEDI LiDAR tree canopy height data were used here owing
to the unavailability of reliable ground data. The RF regression
model indicated reliable accuracy (R? = 0.74; RMSE = 2.85 m)
in estimating plant canopy height by integrating the optical
and microwave determinants. Fagua et al. (2019) integrated
ALOS-PALSAR (Phased Array type L-band SAR) and
Landsat-8 data as determinant variables for canopy height
estimation using Airborne LiIDAR data as a ground reference.

TECHNICAL NOTE | November 2023 | 9



They applied five regression models (RF, multivariate adaptive
regression splines [MARS], linear regression [Im], Lasso and
Elastic-Net Regularized Generalized Linear Models [GLM.
net], and Support Vector Machine [SVM]) for three forest
types and three predictor groups. They observed an error ranging
from 1.2 to 3.4 m for dry forests and 5.1-7.4 m in the rainforest
and reported the highest accuracy for the RF model. Nandy et
al. (2021) employed Sentinel-1 backscatter bands and derived
indicators to estimate canopy height using ICESat-2 LiDAR
data in Dehradun district, which is located in the western Indian
Himalayan foothills. They applied the RF regression model and
reported a very high accuracy (R? = 0.89 and RMSE = 1.11

m). The global tree canopy height map generated by Potapov

et al. (2020) for 2019 was compared with the current study
outcome. A comparison with validation data (30 percent of the
total GEDI observations) shows erroneous tree canopy height
estimation (R? < 0.01; RMSE > 9 m) using the global model
(see Figure F1 in Appendix F) (Potapov et al. 2020). This could
indicate the limitations of global or continental models at a local
scale.

We considered using the Pune Tree Census survey, which was
conducted from 2016 to August 2019, as the ground truth (the
exact date of the survey for each point is unavailable [ Hindustan
Times 2022; PMC n.d.b]). The tree census data contains about
4.01 million individual data points within the PMC area.

These data contain every tree’s geographic location (latitude

and longitude) with species information (local and scientific
name), tree height, crown cover, girth size, tree health, and so
on. In the tree census survey, 40,890 dead trees were recorded
within the PMC area. The raintree (Samanea saman), giripushpa
(Gliricidia sepium), gulmohar (Delonix regia), subabul (Leucaena
leucocephala), and banyan (Ficus benghalensis) are found to be the
dominant tree species in the PMC area. From the remaining
data (excluding dead trees), we randomly selected multiple tree
cover patches for visual inspection with respect to the high-
resolution QuickBird imagery (accessed from Google Earth).
'The comparison shows geolocation errors for many data points
in the tree census data, such as false-positive observations in
which many points represent trees in the tree census data but
are absent in the high-resolution Google Earth imagery (see
Figures G1 and G2 in Appendix G). Similarly, false-negative
observations show the presence of tree cover in high-resolution
Google Earth imagery, but this is not recorded in the tree census
data (see Figures G1 and G2 in Appendix G). Moreover, the
number of trees recorded in a patch needs to be rechecked

and revalidated (see Figure G2 in Appendix G). Due to
discrepancies in many geolocations and data records, the tree
census survey data were not employed in the current study for
tree cover mapping and canopy height estimation. We think the
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Pune tree census survey data need to be verified and cleaned.

'The approaches adopted in the current study represent cost-
effective and robust methodologies based on publicly available
satellite data. We could not collect field data due to COVID-
related travel restrictions. A further study could focus on
acquiring ground data and verifying the acquired accuracy

in Pune city. The adopted approach can be tested in other
landscapes (urban and rural) by employing suitable ground
observations. However, future studies may include higher-
resolution data for more accurate urban green space mapping.
Continuous decreases in green cover and increases in impervious
cover in cities are observed globally (Nowak and Greenfield
2020). Improving urban green space can fulfill important urban
needs, including heat-risk mitigation, sequestering atmospheric
CO,, improving air quality, increasing climate resilience, and
providing the benefits of multiple other ecosystem services.
Understanding the LULC dynamics, especially the changes

in tree cover and impervious cover, is essential for evaluating
urban heating, prescribing suitable tree-based interventions,
and selecting sites for such interventions. The spatially explicit
existing tree cover resources and canopy height maps are
important for evaluating the biodiversity, biomass, and carbon
sequestration potential. A significant loss of green cover is
observed in Pune city at the expense of urban area expansion
within this three-year period. We recommend factoring in

the conservation and protection of existing tree cover into
planning. Alternatively, the bare land areas could be utilized to
expand built-up areas. Recently, Balasubramanian et al. (2022)
assessed the existing tree cover and interventions in Kochi city,
Kerala, and suggested protecting and maintaining the existing
tree cover, including mangroves. They have prescribed suitable
tree-based restoration activities for urban landscapes, such as
plantations in vacant areas, home gardens, boundary plantations,
and avenue plantations. Such studies can be conducted in Pune
and other Indian cities to explore the potential for and initiate a
tree cover increase.
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CONCLUSIONS

'The GEE platform was used in most of the data processing

and provided high computational power with minimal system
requirements on the user side. The adopted methodologies were
mostly automated, which enabled monitoring of land cover
dynamics, tree cover and urban green space, and tree height

at the desired temporal intervals. The adopted method can be
extrapolated to other landscapes to rapidly assess TOF, biodi-
versity, biomass, and carbon sequestration potential. Moreover,
these spatially explicit maps would help the urban planners of
the PMC, the Maharashtra State Forest Department, policy
developers, and decision-makers to prioritize the protection and
maintenance of tree cover areas, identify areas and interventions
for tree cover increase, build green infrastructure, increase public
green spaces, develop suitable policies, and so on. Moreover,

the spatially explicit LULC change and canopy height maps
generated in this study can act as important inputs to numerous
applications, including ecosystem service assessment, support
for climate change mitigation, and socioeconomic and human
well-being studies. The adopted approach will assist the national
TOF monitoring carried out by the FSI. The report will be useful
for various national and international institutes such as the Indian
Council of Forestry Research and Education (ICFRE) and the
International Centre for Research in Agroforestry (ICRAF)
and help them strengthen tree cover monitoring, planning, and
implementation activities.
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APPENDIX A

Figure A1 | Training GEDI data points
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Source: Earthdata n.d.; PMC n.d.a.
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Figure A2 | Testing GEDI data points
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APPENDIX B

Table Bl | LULC classification error matrix for 2016-2017

REFERENCE DATA 2019-20 CHANGE

2016-2017 Tree Cover | Bareland | Waterbody Built-up | Cropland | Grassland | Row Total User's Accuracy

Classified Tree Cover
data

Bareland 0 29 0 0 0 4 33 87.88
Waterbody 0 0 16 0 0 0 16 100.00
Built-Up 0 1 0 34 0 0 35 9714
Cropland 0 3 0 0 21 0 24 8750

Grassland 2 3 0 0 2 19 26 73.08
Column Total 65 38 16 36 24 25 204
Producer’s 96.92 76.32 100.00 94.44 87.50 76.00

Accuracy

Notes: Overall Classification Accuracy = 89.22%; Kappa: 0.86. LULC = land use land cover.

Source: WRI India authors.

Table B2 | LULC classification error matrix for 2019-2020

REFERENCE DATA 2019-20 CHANGE

2016-2017 Tree Cover | Bareland | Waterbody Built-up | Cropland | Grassland | Row Total User's Accuracy

Classified Tree Cover
data

Bareland 0 30 0 0 0 1 31 96.77
Waterbody 0 0 16 0 0 0 16 100.00
Built-Up 0 2 0 35 0 0 37 94.59
Cropland 0 1 0 0 19 0 20 95.00
Grassland 0 5 0 0 4 24 33 7273
Column Total 65 38 16 36 24 25 204

Producer’s 100.00 78.95 100.00 97.22 79.17 96.00

Accuracy

Notes: Overall Classification Accuracy = 92.65%; Kappa: 0.91. LULC = land use land cover.

Source: WRI India authors.
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APPENDIX C

Figure C1 | Cropland, grassland, and tree cover conversion to built-up area due to Metro Range Hill Depot construction
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Figure C2 | Cropland, grassland, and tree cover conversion to the built-up area between Bharat Mata Road and Tingre

Park Road
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Source: WRI India authors.
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Figure C3 | Tree cover loss and conversion to grassland on the Mhatoba Tekdi hill
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APPENDIX D

Figure D1 | Variable importance plot in canopy height regression analysis
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APPENDIX E

Figure E1 | GEDI-data-derived tree height distribution
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APPENDIX F

Figure F1 | Estimated global canopy height map (accessed from Google Earth Engine)
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APPENDIX G

Figure G1 | Comparison of Pune tree census survey data with TCC high-resolution Google Earth imagery

73°56'35°E 73°56'40"E 73°56"45"E

18°33'35"N

18°33'30" N1

18°33'25"N44

18°33'20"N

0O 40 80 160 240 Legend

ﬁ = © Pune Tree Census Data Points

Notes: TCC = True Color Composite. Green pixels represent tree cover, and yellow dots represent Pune tree census survey data.

Sources: WRI India authors.

TECHNICAL NOTE | November 2023 | 21



Figure G2 | Inaccurate geolocation, overestimation, and underestimation of trees in tree census data
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