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Abstract: Percent tree cover maps derived from Landsat imagery provide a useful data source for 
monitoring changes in tree cover over time. Urban trees are a special group of trees outside forests 
(TOFs) and occur often as solitary trees, in roadside alleys and in small groups, exhibiting a wide 
range of crown shapes. Framed by house walls and with impervious surfaces as background and in 
the immediate neighborhood, they are difficult to assess from Landsat imagery with a 30m pixel 
size. In fact, global maps based on Landsat partly failed to detect a considerable portion of urban 
trees. This study presents a neural network approach applied to the urban trees in the metropolitan 
area of Bengaluru, India, resulting in a new map of estimated tree cover (MAE = 13.04%); this ap-
proach has the potential to also detect smaller trees within cities. Our model was trained with 
ground truth data from WorldView-3 very high resolution imagery, which allows to assess tree 
cover per pixel from 0% to 100%. The results of this study may be used to improve the accuracy of 
Landsat-based time series of tree cover in urban environments. 
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1. Introduction 
Trees, especially when of larger dimensions, are considered key ecological elements 

in many non-forest land use systems, including urban areas [1,2]. There they serve mani-
fold functions including ecological, environmental and economic. Urban trees are one 
type of what has been termed “trees outside forests” (TOF; e.g., [3–5]), a concept that is 
currently receiving increasing attention when devising measures for mitigation of climate 
change, for conservation of biodiversity and for Forest Landscape Restoration (FLR) [6]. 
India is among the earliest countries, if not the first, that has integrated the assessment of 
TOF and urban trees into its National Forest Monitoring Program [7]. 

The assessment of tree cover, including the generation of maps [8], yields basic in-
formation that supports the monitoring of ecosystem services provided by trees [9]. In 
this context, remote sensing data are essential components of large area tree monitoring 
systems, as they can provide observations on a spatially continuous scale over larger ar-
eas. Rapid developments in computational performance have made it possible to observe 
tree cover and forest changes [10,11], even at a global level. When it comes to mapping 
individual TOF, however, these global maps are often not sufficient, as the highly frag-
mented pattern of tree cover is hardly captured, and this holds also for urban trees which 
mainly come in three basic spatial patterns: (1) solitary and scattered trees (for example, 
in home gardens), (2) groups of trees (patches) that may form closed canopies (for exam-
ple, in parks) and (3) alleys along streets whose crowns, depending on the development 
stage, can cover large areas. 

In and around emerging megacities, rapid changes in land-use and land-cover are 
taking place, which result in a highly diverse and fragmented landscape [12] and a dra-
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matic change in tree density and tree crown cover [13]. With a comparatively coarse reso-
lution of 30 meters, Landsat images over such urban landscapes contain a high proportion 
of mixed pixels so that, per pixel, the spectral response of more than one class is recorded, 
and this reduces the chance of accurate classification in the resulting maps. To neverthe-
less produce satisfactorily accurate results, additional pre-processing steps are required 
on a sub-pixel level, such as spectral unmixing techniques (e.g., spectral mixture analysis) 
[14–16] or the use of soft or fuzzy classification methods [17]. Although classification ac-
curacy increased in the studies utilizing sub-pixel analyses, there is still a gap when it 
comes to the detection of isolated, individual tree crowns below the Landsat pixel size of 
900 m2. Then, the spectral response of tree crowns is mixed with the spectral response of 
various other objects and usually spread over more than one pixel. This is of particular 
relevance in complex urban environments, where objects with very different reflection 
characteristics are close together. The very frequent occurrence of mixed pixels makes 
classification and mapping of scattered urban tree covers challenging. Systematic over– 
and underestimation of tree crown cover are reported in the literature [11]. 

Advances in machine learning, and particularly deep neural networks, have recently 
attracted much attention and already have a high impact on remote sensing in general 
because of their performance in image classification [18,19]. The often-reported superior-
ity of machine learning based image classification has to do with the ability of these ap-
proaches to learn complex relationships with a high level of abstraction. Such complexity 
is also what we encounter in this study, where it comes from the large variability in spec-
tral reflectance when tree cover of isolated trees in a Landsat pixel shall be predicted while 
a large proportion of the pixels are mixed pixels. 

This study seeks to contribute to the further development of approaches to produce 
continuous tree cover maps on a regional scale from Landsat-type satellite imagery using 
a deep learning approach, where the focus is on urban tree cover. We compared the pre-
diction of tree cover per pixel in the complex urban environment of the emerging megacity 
Bengaluru (India) with tree cover derived from the published Global Tree Canopy Cover 
Version 4 product [11]. We scrutinized whether our neural network approach provides a 
more accurate estimation of urban tree cover. Our study may also contribute to improving 
the accuracy of remote sensing based urban tree monitoring. It may thus support city 
planning and help raise public awareness for urban tree cover and loss. 

2. Materials and Methods 
2.1. Study Area 

Bengaluru, the capital of the Indian State of Karnataka, is located at 12°58′N, 77°35′E, 
and lies on Southern India’s Deccan plateau at about 920 m above sea level [20]. Founded 
around the year 890, Bengaluru has recently become a rapidly growing megapolis with 
concomitant increases in population (e.g., from 6,537,124 in 2001 to 12,326,532 in 2020) 
[21]. Before this expansion, Bengaluru was considered the “Garden City” of India, widely 
known for its beautiful, roadside, large-canopied flowering trees as well as for two large 
historic parks and botanical gardens [22,23]. Today, Bengaluru has India’s second-fastest 
growing economy [24], and such economic development triggers a significant influx of 
population into Bengaluru, which in turn results in comprehensive construction activities. 
The rapid urban expansion into transition and rural areas has already caused significant 
losses of tree and vegetation cover in the Bengaluru Metropolitan Region [22,25]. 

In the framework of a larger Indian-German collaborative research project 
(FOR2432/2), a 5 km × 50 km research transect was defined in the northern part of Benga-
luru (Figure 1). This transect contains different land-use categories; it extends over rural, 
transition and urban areas and is representative for the urban–rural gradient of the 
emerged megacity Bengaluru. 
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Figure 1. Location of the study area in the northern part of Bengaluru District, Karnataka, India, 
showing a 5 km × 50 km transect. The transect is enlarged here as a WorldView-3 false-color com-
posite. 

2.2. Satellite Imagery 
Remote sensing data from WorldView-3 and Landsat 8 from November 2016 were 

used. Both image sets were cloud-free and covered the same extent of 250 km2 (Figure 1). 
The high-resolution, pan-sharpened WorldView-3 imagery with 30 cm spatial resolution 
was used as the reference data set and served as a substitute for wall-to-wall “ground 
truthing.” Landsat 8 Surface Reflectance Tier 1 with a spatial resolution of 30 m served as 
input for the pixelwise tree cover prediction. To ensure the best possible spatial alignment, 
an image-to-image co-registration was done by automatic tie point extraction in PCI Geo-
matica® Banff (PCI Geomatics Enterprises, Inc., Markham, Ontario, Canada). 

In addition, tree canopy coverage data were retrieved from the NASA Land-
Cover/Land-Use Change Program. The ready-to-use Global Tree Canopy Cover product 
[11] with 30 m resolution was announced in May 2019 in Version 4 and was processed 
from the Landsat image archive. It shows the tree canopy coverage per pixel in the range 
between 0% and 100%. 

2.3. Training Data 
The training data were collected as values between 0% and 100% tree cover per pixel 

(Table 1). A systematic sample of n = 108 square plots of 1 ha area was established on the 
WorldView-3 imagery within the research transect to generate reference data as “ground 
truth.” In these square plots, only Landsat pixels completely inside the plot boundary 
were collected. The total of 970 training pixels constituted a good balance between time 
taken for collecting the training data and the large number of training data required as 
input for neural network based image classification. The systematic sampling approach 
ensured that the variability in tree cover within the study region was well represented. 
The systematic sample also produced an estimate of tree cover. 



Forests 2021, 12, 220 4 of 11 
 

 

Table 1. Distribution of training pixels over the 10% tree cover classes. 

Tree Cover [%] Training Pixels  
per 30 m Landsat Pixel Number Area (km2) Proportion 

0–10 420 0.39 0.4342 
10–20 72 0.06 0.0741 
20–30 51 0.05 0.0525 
30–40 30 0.03 0.0309 
40–50 18 0.02 0.0185 
50–60 22 0.02 0.0226 
60–70 19 0.02 0.0195 
70–80 22 0.02 0.0226 
80–90 52 0.05 0.0535 

90–100 264 0.24 0.2716 
On each square plot, tree crowns were visually identified and delineated in the 

WorldView-3 imagery. Then, the tree crown shapefile was overlaid onto the vectorized 
Landsat-8 imagery. The latter step transformed each 30 m × 30 m Landsat pixel into a 30 
m × 30 m single polygon. Using the geoprocessing tool “intersection” in Quantum GIS 
3.10, the tree crown polygons within the borders of each pixel were cut out. For each pixel 
polygon, the corresponding percent tree cover was then calculated from this overlay. To 
complete the training data set, the spectral reflectance values from six Landsat 8 bands 
were assigned to each tree cover polygon. An overview of the variables of the training 
data set is given in Table 2. 

Table 2. List of variables used for the training data set. 

Type Variable Description 

Response tree cover 
0% to100 %: Percent coverage of tree crowns within a Landsat 
pixel (900 m2) 

Predictor B2 Band 2 (blue): 0.452–0.512 µm 
Predictor B3 Band 3 (green): 0.533–0.590 µm 
Predictor B4 Band 4 (red): 0.636–0.673 µm 
Predictor B5 Band 5 (near-infrared): 0.851–0.879 µm 
Predictor B6 Band 6 (shortwave infrared 1): 1.566–1.651 µm 
Predictor B7 Band 7 (shortwave infrared 2): 2.107–2.294 µm 

2.4. Tree Cover Prediction 
To predict continuous tree cover between 0 and 1 (corresponding to 0%–100%), we 

used a Multilayer Perceptron (MLP) network; the workflow was implemented in Python 
using the TensorFlow package. MLP is a simple deep learning model that is trained via 
backpropagation and used for classification. In addition to the advantage that such neural 
networks can handle complexity well [26], the main reasons for using it were (1) the great 
variations in spectral reflectance for the tree cover per pixel, particularly for a tree cover 
smaller than 30%; and (2) the fact that we faced a non-linearity problem. 

The structure of our fully connected network model consisted of two hidden layers 
with 16 neurons each. As we faced a regression problem, we used the root-mean-square 
error (RMSE) as a loss function together with the Adam optimizer [27] and the mean ab-
solute error (MAE) as an accuracy metric. To monitor the performance and evaluate the 
model, we split our data into a training and validation dataset with 880 samples for the 
training, and we performed a 10-fold cross-validation. In each run, the network was fed 
another combination of training samples and was trained for 600 epochs, wherein a ma-
chine learning epoch means the number of cycles through the full training dataset. 
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3. Results 
3.1. Spectral Reflectance Values 

At first, we analyzed the range of spectral values and their relationship to tree cover 
percentage per pixel. Figure 2 shows the Pearson correlation coefficient for each one of the 
Landsat bands that were used as predictors. On the first visual assessment, the spread of 
spectral values (Figure 2) very well illustrated the inherent challenge we face when pre-
dicting continuous tree cover, particularly when it comes to lower tree cover percentage 
per pixel. Here, depending on the Landsat band, the ranges of spectral values varied, for 
example, between 200 to 800 (Band 2) and 1000 to 3000 (Band 6). For tree cover per pixel 
larger than 50%, however, the range of the spectral reflectance decreased more and more, 
as the land cover type “Trees” is the cover type that predominantly determines the spec-
tral response. Landsat band 5 (the near-infrared band commonly used in vegetation anal-
yses) showed the highest spectral variability over all values of tree cover percentage per 
pixel and no noticeable correlation (r = −0.01, p > 0.5). The highest correlation (r > 0.75) 
with tree cover percentage can be found for Landsat bands 3, 4 and 7. 

 
Figure 2. Scatterplot of band-wise Landsat surface reflectance values (scale factor 0.001) against tree cover per pixel, where 
0 equals 0% and 1 equals 100%. 

Figure 3 illustrates the variation in the spectral response for a single Landsat pixel. 
Upon comparing the high-resolution WorldView-3 subsets (Figure 3a–c), we found that 
what all three examples had in common is that the percentage tree cover for the overlaid 
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30 m × 30 m Landsat pixel was within a range of 40%–50%, in contrast with the surround-
ing landscape, which can cover impervious surfaces, agricultural land, barren land, etc. 
The resulting mixed pixels were strongly influenced by the varying land-cover conditions 
and led to different spectral signatures (Figure 3), which still had a similar percentage tree 
cover, a challenging situation for the classifier. 

 
Figure 3. (a–c) WorldView-3 imagery with overlaying 30 m × 30 m Landsat pixel with 40% to 50% tree cover and (on top) 
the corresponding spectral signature. 

3.2. Continuous Map of Tree Cover 
To produce the continuous tree cover map, the Landsat 8 satellite image was classi-

fied using a fully connected neural network classifier. Figure 4 shows the high-resolution 
WorldView-3 reference image, the tree cover density from the Global 30m Landsat Tree 
Canopy Version 4, the predicted tree cover and the difference map side by side, and thus 
allows for a visual examination of the differences. We did a preliminary visual assessment 
of the map (Figure 4c), which suggested the densest tree cover mapped per pixel, for ex-
ample, was in the historical Lalbagh Botanical Garden (Figure 4; red arrow). At the other 
end, the lowest tree cover was found in purely built-up areas. The 10-fold cross-validation 
indicated a mean absolute error (MAE) of 13.04% (±0.87%) as a measure of matching ac-
curacy of the observed tree cover with the predicted tree cover. 
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Figure 4. (a) WorldView-3 false color composite (near infrared-red-green) from a subset of the study area. (b) Percent tree 
cover per pixel from the Global 30 m Landsat Tree Canopy Version 4 [13]. (c) Percent tree cover per pixel from Landsat-8 
in our study. Legend is the same for (b) and (c). (d) Difference map: “global tree cover” (b) minus “our predicted product” 
(c). 
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Differences in tree cover become particularly visible when the saturation of green-
ness is compared. Results from the difference map (Figure 4d) show that there was an 
average underestimation of about 17.16% for the whole research transect. Areas which are 
characterized by solitary trees, roadside trees and groups of trees showed an underesti-
mation of around 20%–30%. A deviation in the range of 0 to 10% compared to our predic-
tion was found in purely built-up areas where there was hardly any tree cover. 

The overall systematic underestimation can be observed over the whole study area. 
The subset in Figure 5 gives a more detailed view of the differences. If focus is on the 
solitary and roadside trees, the global map that we used for comparison failed to predict 
low tree covers per pixel, so that these quite-abundant urban trees are not represented in 
the global map (Figure 5b). The neural network model, however, detected and predicted 
these types of urban trees, as well, which is indicated in Figure 5a by the white to light 
green pixels; the darker green pixels point to a higher percentage of tree cover, which 
indicates the presence of larger alley trees. The global tree canopy map predicted either 
no tree cover or an extremely small tree cover per pixel for the same area. Thus, the re-
sulting map predicted by the neural network classifier also exhibited a much better local 
accuracy when applied at a regional level than the global map with which we compared 
our results. 

 
Figure 5. 600 m × 600 m subset of the WorldView-3 image from the urban parts of our study area, with alleys and solitary 
trees of varying crown size overlaid with (a) our predicted Landsat tree cover per pixel and (b) the Global 30 m Landsat 
Tree Canopy Version 4. The bright green pixels in (b) show a very low canopy cover, which obviously should be much 
higher when looking at the WorldView-3 image. Our prediction (a) shows a more reasonable canopy cover. 

4. Discussion 
We use and present an easy-to-implement neural network model to predict continu-

ous tree cover percentage per pixel on Landsat imagery of urban tree cover. With the abil-
ity of neural networks to generalize well on the input data source, one can use the pre-
trained weights and fine-tune one’s own neural network model to predict urban tree cover 
from Landsat imagery in another region. Fine-tuning is an approach to transfer learning 
where a developed model is reused for a similar task: here, tree cover estimation in a dif-
ferent region. This method allows one to take advantage of what the model has already 
learned, which would considerably reduce the need to generate one’s own large training 
data set based on high-resolution images and to train a network from scratch. 

The results show that there is considerable difference between the global product 
(Global 30 m Landsat Tree Canopy Version 4) and the predicted tree cover map from the 



Forests 2021, 12, 220 9 of 11 
 

 

neural network model, which outperforms the global map in terms of isolated trees, at 
least for our example of the study area of Bangalore (Figure 5). The global product, though 
also based on Landsat imagery, systematically and considerably underestimated the tree 
cover in this urban environment. Previous studies [11,28] have already shown that Land-
sat-derived tree cover estimates tend to systematically produce underestimations, partic-
ularly in areas with sparse tree cover. Even large parks with a closed canopy layer are not 
accurately predicted, with an actual tree cover per pixel of about 100%. The tree cover and 
the change map for Bengaluru provided by Global Forest Watch [29] also seem to leave 
out a lot of areas (formerly) covered by trees despite offering canopy categories down to 
10%. Only some scattered pixels are displayed within the city. It is obvious that there is 
still research as well as method development to be done in order to reliably map the urban 
tree cover of entire cities based on Landsat imagery. 

The extreme differences found for the densely treed parks in Bangalore may be ex-
plained by the image selection used for creating the global map and hence the seasonal 
and phenological effects that cause the trees to be recognized differently. Because both 
our data sets were acquired in the same month, we did not need to consider this aspect 
further. Besides technical and processing reasons, the focus of the global maps tends to be 
on clusters of trees and patches of tree cover, like large forest areas, and takes less account 
of individually occurring trees that are typical in many rapidly urbanizing regions. 

One aspect briefly mentioned in this study (Figure 3) is the object composition of a 
pixel and how this affects its spectral values. The same tree cover area might have very 
different spectral values depending on the distribution of the contained trees and their 
distances to each other and other objects. It is furthermore conceivable that neighboring 
buildings affect the spectral signature of trees differently compared to lower vegetation. 
That lower vegetation can influence the top-of-canopy reflectance was shown in a study 
looking at canopy cover estimation and the impact of understory reflectance [30]. In turn, 
a similar finding can be anticipated for urban trees, but with the difference that an over-
exposure from strongly reflecting roof materials can be expected. Further research should 
be conducted here to better understand how this influences the tree cover estimation. 

An intrinsic problem, of course, with the use of images of different data sets and spa-
tial resolutions is their geometrical misalignment [31]. Although the data sets have the 
same projection and coordinate reference system, misalignments between the Landsat-8 
and WorldView-3 imagery are still to be expected and affect the accuracy of the model 
[32]. The problem is pervasive and hard to solve even though we used state-of-the-art 
processing in PCI Geomatica® Banff in this study. Consequently, we may still expect a 
systematic deviation of unknown size in the spectral values assigned to the tree cover per 
pixel. Such deviation will then also be reflected in the predicted tree cover. Without per-
fect co-registration, the location of the digitized canopies does not exactly match the extent 
of the pixel, and in turn, erroneous spectral values will be assigned. 

5. Conclusions 
Our continuous tree cover assessment from a fully connected network yielded a more 

plausible tree cover product for our study area on a regional scale (250 km2 in the Northern 
parts of the Bangalore Metropolitan Region) than a global map with which we compared 
our results. The new map of tree cover may provide a starting point for further research 
on larger area assessment and mapping of non-forest tree cover, as required, for example, 
for modelling biodiversity or researching the role of urban trees for mitigation of climate 
change. Among the immediately emerging topics for further research are (1) to compare 
the Landsat classification with WorldView-3 imagery and then derive a kind of “calibra-
tion function”; and (2) to apply our approach to historical Landsat imagery with the aim 
to monitor long-term changes of tree cover in urban environments and thus enhance data 
sets in monitoring programs. 
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