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Abstract 

By 2050, more than two-thirds of the world’s population is estimated to reside in urban areas, leading 

to a rapid increase in the consumption of resources in cities. Depending on factors such as urban 

sprawl and building morphology, this can lead to several adverse effects on the environment and 

public health, such as energy consumption and the Urban Heat Island effect. Rapidly developing 

countries like India have a great degree of unplanned expansion and building construction, with 

significant growth in urban infrastructure expected in the next 15 years. Therefore, it is critical to 

understand the evolution of building morphology in the process of urban development. This study 

examines the evolution of building morphology in 11 major Indian cities over two years: 2018 and 

2023. Remote sensing data was coupled with a deep learning model, Simultaneous building Height 

And FootprinT extraction from Sentinel imagery (SHAFTS), for quantifying building height and 

footprint in these cities. A variability index was defined to quantify the spatial variability, 

demonstrating that height variabilities are more significant than footprint for 2018 and 2023. 

Chandigarh (0.0557 km-1) and Mumbai (0.0351 km-1) have the highest and the lowest footprint 

variability, while Bangalore (0.0739 km-1) and Mumbai (0.0441 km-1) have the highest and lowest 

height variability in 2023. Barring a few cities, the footprint variability decreased from 2018 to 2023, 

indicating that the newer buildings have similar footprints to existing ones. Contrarily, the increased 

height variability indicates height differences between the older and newly constructed buildings. 
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1. Introduction 

Currently, more than half of the global population resides in urban areas, which is projected to increase 

to 68% by 2050 [1]. To accommodate this growth, cities worldwide have expanded, and newer urban 

settlements have grown to meet the increased demand owing to economic and societal development, 

and to improve the quality of life [2]. The primary determinant to measure the increase in urban 

settlements is buildings, which have grown by over 30% in the past decade [3]. These urban settlements 

cover a small fraction of the Earth’s surface; however, their impact on humans and the urban climate 

is significant. For example, buildings consume more than one-third of the global energy demand [4], 

which is only increasing with time. Simultaneously, they account for over one-third of energy and 

process-related carbon emissions [3], thus adding to climate change and creating a causal loop between 

building design and operation, and climate change [5,6]. Moreover, the indoor environments in 

buildings present an interdependent complex system between pollutant exposure, comfort, and energy 

consumption, affecting occupants’ health and well-being [7–9]. Besides energy consumption, carbon 

emissions, and occupants’ health, these urban forms represent a country's social, cultural, and economic 

divide [10–13].  

Recent studies have correlated the shape and structure of buildings with differential living spaces in 

urban and rural areas [10], urban heat island effects [14–17], and the mental and physical wellness of 

citizens [18,19]. The shape and height of buildings also affect their energy consumption profile [20,21] 

and govern the airflow pattern in the neighbourhood. The airflow pattern affects the fate of pollutants 

and thereby directly impacts public health [22–25]. Hong et al., [26] studied the effect of urban two-

dimensional (coverage or density) and three-dimensional (building height) morphology on ozone 

concentration in 68 cities. The study reported the highest urban ozone concentration in low-rise high-

density cities, and the analysis indicated that urban morphology was a significant factor influencing 

ozone concentration [26]. Moreover, taller buildings cast a shadow on their surroundings, affecting 



various applications such as solar energy integration and differential heating and cooling effects, further 

affecting resource consumption and public health [27–29]. In summary, buildings significantly impact 

human health and the environment and play a major role in realizing multiple Sustainable Development 

Goals (SDGs). Therefore, studying the existing and expected future urban forms, especially building 

morphology, is essential to ensure a holistic and sustainable approach to urban planning and 

management for promoting energy equity, human and environmental health, and achieving SDGs. 

Past research has developed machine learning and image processing techniques integrated with remote 

sensing to predict building height and footprint at varying spatial resolutions [30–36]. For example, 

Frantz et al. [37] combined Sentinel-1A/B and Sentinel-2A/B time series data to map building heights 

for all of Germany on a 10m grid. On the other hand, Li et al. [30] developed a deep-learning-based 

model to simultaneously extract building height and footprint at four resolutions (100, 250, 500, and 

1000m). These deep-learning models can be leveraged to study the heterogeneity in building height 

and footprint within a city that is critical to addressing multiple urban planning and management 

challenges, such as devising urban heat island mitigation strategies, controlling pollutant transport, 

optimizing waste collection and management, integrating renewable energy resources, and 

benchmarking energy and resource consumption. Moreover, developing countries like India have a 

greater degree of unplanned expansion and building construction [38]. India is rapidly urbanizing, with 

the construction sector expected to grow to $1 trillion in the next 15 years [39]. This substantial growth 

in the building stock will increase resource consumption, carbon emissions, and environmental impacts 

while leading to restricted airflow and heating of neighborhoods. Therefore, it is critical to study the 

urban morphology of Indian cities to understand the spatial and temporal patterns and variations in 

building height and footprint. 

The growth of urban settlements by analyzing land use and land cover changes over time has been 

widely studied [40–46]. However, changes in building height and footprint within a city have received 

limited attention, and a literature review did not reveal any studies for Indian cities. This study analyzes 



the spatial and temporal changes in building height and footprint in 11 Indian cities. A deep-learning 

model developed by Li et al. [30], called Simultaneous building Height And FootprinT extraction from 

Sentinel imagery (SHAFTS), has been integrated with remote-sensing data for multiple cities over two 

years (2018 and 2023) to examine the patterns in building footprint and height and their evolution 

between the two years. A novel framework for identifying the variability of these two urban 

morphology parameters, called the variability index, was developed. Firstly, the spatial changes in the 

variability index have been analyzed, representing the degree of uniformity in height and footprint 

within a city. Secondly, the temporal changes between 2018 and 2023 were analyzed to illustrate how 

these parameters have changed over time. The results presented in this study can aid in policy-making 

for Indian cities to ensure sustainable and healthy urban environments and design strategies to mitigate 

air quality challenges, urban heat island effects, and resource consumption. 

2. Data and Methods 

2.1 Study Area 

Eleven major cities in India have been selected in this study based on population, industrialization 

level, and regional connectivity. These are shown as a map in Fig. 1. For the present study, each city 

was assumed to occupy an area of approximately 500 km2. This bound has been selected to represent 

the existing urban forms in any city. While the chosen bounds may not cover the entire city, it is 

assumed that the variations across any city are similar to what has been captured within the bounds of 

the respective city. Challenges, such as computational and data needs, must be addressed if the 

complete area of all cities has to be considered for analysis. The geographical bounds of the cities, to 

capture the area mentioned earlier, were selected as shown in Table 1. 

Table 1. Cities investigated in this study and their geographical bounds 

City Name 

Geographical Bounds 

Longitude 

Minimum 

(East) 

Latitude 

Minimum 

(North) 

Longitude 

Maximum 

(East) 

Latitude 

Maximum 

(North) 

Ahmedabad 72.50o 22.95o 72.70o 23.15o 



Bangalore 77.55o 12.90o 77.75o 13.10o 

Chandigarh 76.65o 30.62o 76.85o 30.78o 

Chennai 80.03o 12.94o 80.26o 13.15o 

Delhi 77.00o 28.50o 77.20o 28.80o 

Hyderabad 78.30o 17.35o 78.60o 17.55o 

Jaipur 75.70o 26.80o 75.90o 27.00o 

Kolkata 88.23o 22.44o 88.45o 22.64o 

Mumbai 72.82o 19.00o 72.95o 19.30o 

Pune 73.75o 18.42o 73.95o 18.64o 

Surat 72.75o 21.05o 72.94o 21.27o 

 

 
Figure 1. Map of India with the location of eleven cities selected for study in this work. 

2.2 Research Framework and Input Remote Sensing Data 

Unlike several cities in the Global North, the 11 Indian cities selected do not have a comprehensive 

building morphology database. This is typical of cities in the Global South. Therefore, the present study 

extracted and analyzed building morphology for these cities using the workflow shown in Fig. 2. The 

investigation has been divided into three levels. 

In Level 0, for each of the 11 cities identified above, the following remote sensing data were obtained 

for the years 2018 and 2023 using Google Earth Engine [47]: 

(i) 10m VV and VH polarizations of ground range detected level-1 products of Sentinel-1 images. 

(ii) 10m red, green, blue, and the near-infrared band of level-2A products of Sentinel-2 images. 



(iii) 30m digital elevation model (DEM) data from the SRTM V3 product. 

Next, the urban morphology in terms of average building height (in metres) and footprint per pixel (in 

m2/m2), at a resolution of 100 m, was estimated using the deep-learning-based model SHAFTS 

developed by Li et al. [30]. The model has been previously validated and used for 46 cities across the 

world, but the current work is the first application of SHAFTS for India.   

In Level 1, the output maps from Level 0 are transformed into their corresponding Fourier domain (i.e., 

wavenumber domain) and are shifted by different ground distances in the spatial domain. Finally, in 

Level 2, a correlation analysis is performed between the original and shifted images to identify the 

variability in the urban morphology in each city. Levels 0-2 are expressed in greater detail in the 

following sections. 

 
Figure 2. Workflow of this study. 

2.3 Overview of the SHAFTS Model and Prediction of Building Height and Footprint 

The SHAFTS model, developed by Li et al. [30] in 2023, provides a trained and validated model for 

predicting average building height and footprint at multiple spatial resolutions (100 m, 250 m, 500 m, 



and 1000 m) for any given city. It is available as a package written in the Python programming language 

[48]. In this model, Li et al. proposed a multi-task deep-learning (MTDL) model to automatically learn 

feature representation shared by building height and footprint. The DEM information has been 

integrated into the developed models to inform them about the terrain-induced effects on the 

backscattering displayed by the Sentinel images. The study showed that the developed MTDL model 

had higher accuracy in building height and footprint predictions than conventional machine-learning-

based models such as random forest regression, support vector regression, and XGBoostR. The pre-

trained model at 100m resolution has been used in this study as it offers the highest resolution for 

analyzing the unplanned building layouts of the 11 Indian cities. 

2.4 Image Representation in Wave Number (Fourier) Domain  

The predicted building height and footprint map for the 11 cities obtained from the SHAFTS model 

are represented in the spatial domain, in which average building height and footprint are represented 

per pixel in space. In order to quantify their variability within each city, the differences in building 

height and footprint at different locations within the city need to be evaluated. A common method used 

in the literature for this is the method of autocorrelation, in which an image is shifted by a fixed number 

of pixels (distance) and the correlation between the original and shifted pixels is calculated (as shown 

in Eq. (1)). 

𝑐𝑜𝑟𝑟(𝑥, 𝑦) =  
∑ (𝑥𝑖 − 𝑥̅)(𝑦𝑖 − 𝑦̅)𝑁

𝑖=1

√∑ (𝑥𝑖 − 𝑥̅)2𝑁
𝑖=1  √∑ (𝑦𝑖 − 𝑦̅)2𝑁

𝑖=1

 

Eq. (1) 

where x and y are the sample points, N is the sample size, and 𝑥̅ and 𝑦̅ are the sample means. 

If the variability in the image is low, then the correlation coefficient is expected to be close to unity; 

likewise, if the variability is high, the correlation coefficient is expected to be close to zero. However, 



a significant downside to this approach is that it can only be used to evaluate local variability, i.e., the 

variability around only a handful of pixels. It cannot be used to assess the overall variability of building 

morphology in the entire city. An alternative method was adopted to overcome this shortcoming of 

autocorrelation in the spatial domain. The images in the spatial domain were converted to the 

wavenumber domain (also called the Fourier domain) using a Discrete Fourier Transform (DFT) using 

Eq. (2) for an 𝑁 × 𝑁 image below.  

𝐹(𝐾, 𝐿) =  ∑ ∑ 𝑓(𝑖, 𝑗)𝑒−𝑖2𝜋(
𝐾𝑖
𝑁

+
𝐿𝑗

𝑁
)

𝑁−1

𝑗=0

𝑁−1

𝑖=0

 

Eq. (2) 

where f(i, j) is the image in the spatial domain, and the exponential term is the basis function 

corresponding to each point F(K, L) in the Fourier domain, where 𝐾 and 𝐿 are the wavenumbers in 

each direction. As the traditional FT algorithm is computationally expensive, a Fast Fourier Transform 

(FFT) developed by Cooley and Tukey [49] has been used in this study. 

DFT produces a complex number-valued output image, which can be displayed with two images, either 

with the real and imaginary parts or with magnitude and phase [50,51]. Each point in the Fourier 

domain image represents the relative spectral power of a particular wavenumber in the image. The 

wavenumber represents the spatial variability in the image (building height and footprint, in this case): 

larger wavenumbers indicate relatively uniform images, while smaller wavenumbers indicate more 

variability. Thus, the building morphology data, when transformed into the Fourier domain, provides a 

snapshot of the variability of morphology in each city as a whole.  

2.5 The variability index 

For the analysis conducted in this work, true wavenumbers were used instead of the indices of those 

frequencies. Therefore, the zero-wavenumber component is shifted to the center of the spectrum, and 



the coefficients are reordered. Moreover, the intensity values were larger, so a logarithmic 

transformation was applied to enhance the contrast in the representations. The height and footprint map 

representations of different cities in the Fourier domain have the lowest frequency at the center, and 

higher frequencies are located away from the center.  

As the images after FT represent the variability in each city as a whole, autocorrelation could be 

performed on the transformed images to study the spatial variations in building height and footprint. 

Unlike autocorrelation on the images themselves, this approach captures the variability of the city as a 

whole. The FT images were shifted for multiple combinations of vertical and horizontal ground 

distances, and correlations were estimated between the original and shifted images.  In this case, for a 

given shift, a high correlation coefficient represents a relatively uniform city, whereas a low coefficient 

represents one with a higher variability. Moreover, as the shift distance increases, the correlation 

coefficient for a relatively uniform city is expected to decrease slowly, whereas a city with high 

variability would see a significant decrease in the coefficient as the shift increases. Therefore, the 

present study developed a variability index, which is the rate of change of the correlation coefficient 

between the FT images and the shifted FT images as the shift increases (estimated as shown in Eq. (3)). 

This index was used to compare the spatial variability in building height and footprint in the 11 selected 

cities, while the change in the index between 2018 and 2023 was used to assess the temporal changes 

in the cities. 

∆𝑐𝑜𝑟𝑟 =
𝑐𝑜𝑟𝑟𝐹𝑇 𝑖𝑚𝑎𝑔𝑒𝑠𝑧𝑒𝑟𝑜 𝑠ℎ𝑖𝑓𝑡

−  𝑐𝑜𝑟𝑟𝐹𝑇 𝑖𝑚𝑎𝑔𝑒𝑠𝑥

∆𝑥
 

Eq. (3) 

where, 𝑐𝑜𝑟𝑟𝐹𝑇 𝑖𝑚𝑎𝑔𝑒𝑠𝑧𝑒𝑟𝑜 𝑠ℎ𝑖𝑓𝑡
, and 𝑐𝑜𝑟𝑟𝐹𝑇 𝑖𝑚𝑎𝑔𝑒𝑠𝑥

 are the correlation coefficients between FT images 

and shifted images at zero shift and shift of x km, respectively. ∆𝑥 is the step size in the shift distance, 

which is 1 km in this study. 



3. Results and Discussion 

3.1 Building Footprint and Height Map for Selected Indian Cities 

The building footprint and height maps obtained from the SHAFTS model are shown in Fig. 3 and Fig. 

4, respectively, for each of the 11 cities. The footprint (m2/m2) is the ratio of the building area in a pixel 

and the total area within that pixel. Therefore, for all cities, the footprint varies between zero and one, 

where zero means no buildings were present in the pixel and one implies that buildings cover the entire 

pixel. It can be seen that the footprint maps have also identified urban features such as rivers, lakes, 

roads, and zero-building areas like parks. For example, the rivers have been delineated accurately for 

Ahmedabad (Fig. 3A), Kolkata (Fig. 3H), Pune (Fig. 3J), Surat (Fig. 3K), and the lakes in Bangalore 

have been identified with zero building footprint (Fig. 3B). The high-density urban areas distributed in 

different parts of the cities can also be observed. 

Similarly, the building height maps (Fig. 4) obtained from the SHAFTS model represent the average 

building height in any image pixel in meters.  However, urban morphology delineation needs to be 

done based on aggregated information from both building footprint and height maps, as some pixels 

might be misclassified. For example, the river in Kolkata has been accurately identified in the footprint 

map (Fig. 3), but it has been misclassified in the height map (Fig. 4). Also, the footprint and height 

predictions for Chennai show some unusual behaviour for 2018, that has been translated to these maps 

from the satellite data used as inputs to the SHAFTS model for predictions. Nevertheless, barring a 

few instances of misclassification, the overall building morphology information seemed satisfactory. 

3.2 Fourier Domain Images 

The magnitude spectrum of the wavenumber (Fourier) domain representations of building footprint 

and height maps are shown in Fig. 5 and Fig. 6, respectively. The Fourier domain images show a 

mixture of high and low-wavenumber components with varying magnitudes. For both height and 

footprint representations in the Fourier domain, the low-wavenumber components at the center have 



the highest magnitude, especially for the footprint map, indicating a certain degree of uniformity. 

Nonetheless, the high-wavenumber components also have a significant spectral power, indicating a fair 

amount of variability in each city as well. The comparison of height and footprint representations 

suggests that the change in height is more significant in all cities compared to the footprint of buildings, 

which is discussed in detail in the upcoming sections. 

 
Figure 3. Building footprint maps for 11 Indian cities: (A) Ahmedabad, (B) Bangalore, (C) Chandigarh, (D) Chennai, (E) 

Delhi, (F) Hyderabad, (G) Jaipur, (H) Kolkata, (I) Mumbai, (J) Pune, and (K) Surat for (i) 2018 and (ii) 2023. 



 
Figure 4. Building height maps for 11 Indian cities: (A) Ahmedabad, (B) Bangalore, (C) Chandigarh, (D) 

Chennai, (E) Delhi, (F) Hyderabad, (G) Jaipur, (H) Kolkata, (I) Mumbai, (J) Pune, and (K) Surat for (i) 2018 

and (ii) 2023. 



 
Figure 5. Fourier domain representation of footprint maps for selected Indian cities: (A) Ahmedabad, (B) 

Bangalore, (C) Chandigarh, (D) Chennai, (E) Delhi, (F) Hyderabad, (G) Jaipur, (H) Kolkata, (I) Mumbai, (J) 

Pune, and (K) Surat. 

 



 
Figure 6. Fourier domain representation of height maps for selected Indian cities: (A) Ahmedabad, (B) 

Bangalore, (C) Chandigarh, (D) Chennai, (E) Delhi, (F) Hyderabad, (G) Jaipur, (H) Kolkata, (I) Mumbai, (J) 

Pune, and (K) Surat. 

3.3 Variability Index of Building Height and Footprint in Indian Cities 

Next, using the wavenumber domain representations of the building footprint and height shown in the 

previous section, an autocorrelation with an increasing shift distance was evaluated. The variations in 

the correlation coefficient with the shift distance for the footprint maps of the cities are shown in Fig. 

7. For both 2018 and 2023, the correlation values demonstrate a monotonic linear decrease with the 

distance. A linear regression between the correlation coefficient and shift distance showed a coefficient 

of determination (R2) greater than 0.8 for all cities, indicating a good linear fit.  



From the linear regression models, the variability index could be obtained as the slope of the fitted 

lines (in Fig. 7 and Fig. 8). The variability index represents the rate of spatial change of building 

morphology in any city, where a high variability index means higher non-uniformity as the correlation 

breaks down rapidly with the shift distance. For the variations in footprint shown in Fig. 7, the 

variability index varies between 0.0351 km-1 and 0.0557 km-1 for all cities in 2023, with Chandigarh 

having the highest variability index and Mumbai having the lowest. In terms of decreasing variability 

of footprint in 2023, the Indian cities can be arranged in the following order: Chandigarh, Pune, 

Bangalore, Chennai, Hyderabad, Jaipur, Surat, Ahmedabad, Kolkata, Delhi, and Mumbai. This trend 

of changing variability also indicates the degree of planning in an urban area and the patterns in the 

shape and size of the buildings. For example, with the lowest footprint variability, Mumbai has 

buildings of a similar area spread all over the city. This is anecdotally confirmed by the dense 

habitations that Mumbai is known for.  

Moreover, the divergence between the fitted lines of 2018 and 2023 demonstrates the effect of the 

recent construction activities. In the older industrial and commercial hubs such as Ahmedabad, Delhi, 

Kolkata, Mumbai, Pune, and Surat, where the cities have not changed significantly over that time, the 

variability index does not show a significant change between 2018 and 2023. On the contrary, cities 

like Chennai, Hyderabad, and Jaipur demonstrated a higher change in footprint variability. Moreover, 

on average, the correlation completely breaks down after ~9 km, indicating that the building footprints 

are completely random outside this shift distance. Similar inferences on height variability can also be 

drawn from observing the variability index of cities in Fig. 8. For example, the correlation coefficient 

for building heights also breaks down after ~9 km, where the variability index of height lies between 

0.0441 km-1 and 0.0739 km-1 for all cities. The highest variability in height is observed for Bangalore, 

and the lowest is for Mumbai. Moreover, in terms of decreasing height variability in 2023, the Indian 

cities can be arranged in the following order: Bangalore, Pune, Chandigarh, Surat, Chennai, Jaipur, 

Kolkata, Ahmedabad, Hyderabad, Delhi, and Mumbai. The trends in height and footprint variability 



indicate that Delhi and Mumbai have the lowest variabilities, which could be due to the dense urban 

clusters in these cities, where the building morphology does not change much. The temporal changes 

in the variability index are discussed in the next section, along with the comparison between height 

and footprint variability. 

 
Figure 7. Correlation Coefficient Variations with Ground Distance Shifted in Footprint Maps for (A) 

Ahmedabad, (B) Bangalore, (C) Chandigarh, (D) Chennai, (E) Delhi, (F) Hyderabad, (G) Jaipur, (H) Kolkata, 

(I) Mumbai, (J) Pune, and (K) Surat. 



 
Figure 8. Correlation Coefficient Variations with Ground Distance Shifted in Height Maps for (A) Ahmedabad, 

(B) Bangalore, (C) Chandigarh, (D) Chennai, (E) Delhi, (F) Hyderabad, (G) Jaipur, (H) Kolkata, (I) Mumbai, 

(J) Pune, and (K) Surat. 

 

3.4 Temporal Changes in Variability Index 

A comparative analysis of the variability index of building footprint and height between 2018 and 2023 

is shown in Fig. 9, where the arrow points from 2018 to 2023. The direction of the arrow denotes the 

sign of the change, and the length of the arrow is the magnitude of the change. Barring a single instance 

of increasing footprint variability for Chandigarh, the building footprint variability index either 

remained similar or decreased for all 11 Indian cities from 2018 to 2023. This trend could be due to 

two reasons: (a) the recently constructed buildings have a similar footprint as the existing building 



stock, and/or (b) the total building stock has not changed compared to 2018. Contrarily, the height 

variability (Fig. 9B) has increased or remained the same for most cities except for Hyderabad and 

Kolkata, where a decreasing trend has been observed. The combination of footprint and height 

variability indicates that the individual buildings’ footprint has remained almost constant, while the 

height of the buildings has altered (mostly increased) between 2018 and 2023. 

 
Figure 9. Variability index in (A) footprint and (B) height of different Indian cities for 2018 and 2023. The 

direction of the arrow indicates the movement from 2018 to 2023, and its length represents the magnitude of 

change. 

 

Furthermore, a comparison between the footprint and height variability is shown in Fig. 10A. The 45-

degree line indicates the same rate of change in footprint and height, and any deviation from there 

suggests that the footprint and height change with different variability. The best-fit line for 2018 and 

2023 (Fig. 10A) indicates that the height variability exceeds the footprint variability. However, in 2018, 

a few cities (Chennai, Delhi, and Jaipur) had the same height and footprint variability. From 2018 to 

2023, the best-fit line shifted downwards towards the height variability, indicating that the height 

variability further increased compared to the footprint variability for most of the cities, except 

Hyderabad, which moved towards the 45-degree line, and Mumbai, which remained almost the same. 

Moreover, an overall variability index (Fig. 10B) has been estimated for all cities, calculated as the 

root mean square of the height and footprint variability. Based on the overall variability, the cities in 

the descending order of variability have been ranked as follows for 2023: Bangalore, Pune, Chandigarh, 

Chennai, Surat, Jaipur, Kolkata, Ahmedabad, Hyderabad, Delhi, and Mumbai. The most significant 



change in variability from 2018 to 2023 has been observed in Chennai, followed by Chandigarh and 

Hyderabad. 

 
Figure 10. (A) Footprint vs. height and (B) overall variability index for Indian cities. 

 

4. Conclusion 

Owing to the impact buildings have on the environment, economy, and societal development, it is 

imperative to study the building morphology in developing countries like India. This work developed 

a novel framework to examine the variability of building footprint and height in major Indian cities. A 

pre-trained deep learning model named SHAFTS has been used to obtain the maps of building features 

based on remote sensing data. These maps have been further processed to identify patterns and analyze 

the spatial and temporal variations in the building structures.  

The investigation carried out in this work indicates the non-homogeneity in building morphology of 

Indian cities, where the average variability indices in footprint and height are 0.0481 and 0.0598, 

respectively, for 2023. Compared to 2018, the variability in height has increased by ~4%, and the 

variability in footprint has decreased by ~5% in 2023. These patterns in variability suggest that the 

building footprint, on average, has remained constant, i.e., the new buildings have the same footprint 

as the older ones, thereby reducing the variability in the footprint. Contrarily, the increased height 

variability indicates different heights of older buildings compared to newly constructed buildings. The 

analysis conducted in this work also shows that the variability in height is ~24% more than the 



footprint. This difference in height and footprint variability could be due to space constraints that limit 

the horizontal expansion of buildings, with buildings growing vertically instead to accommodate the 

substantial increase in urban population and subsequent housing demand. The combined variability has 

no definite temporal trend, with some cities demonstrating increased overall variability (Chandigarh, 

Pune, and Surat), some with decreased variability (Chennai, Hyderabad, and Jaipur), and many cities 

with minor to no changes in the variability (Ahmedabad, Bangalore, Delhi, Kolkata, and Mumbai). 

This heterogeneity illustrates the generally unplanned nature of urban expansion in these Indian cities. 

This work examined the spatial and temporal disparity of building morphology in Indian cities at a 

coarse resolution of ~100 m and utilized a pre-trained and pre-validated deep-learning model. It is 

inherently considered that the model can be generalised, which might introduce some deviations 

relative to the ground truth. However, without a substantial ground truth measurement, the framework 

developed in this study and similar deep learning models can provide crucial insights into urban 

morphology in Indian cities. 
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