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Abstract: Amenities and infrastructure provision in urban areas are essential for the sustainable 

future of cities in developing countries like India. Indian cities have large development deficits and 

find it challenging to bridge the gap using traditional methods. Provision of these facilities costs 

money, which is often not available. However, access to amenities and infrastructure adds to land 

premium, which, if captured, can be used to finance the provision of these facilities. In India, very 

little information is available on the value of accessibility and infrastructure provision, and thus, 

these indirect benefits are primarily ignored by urban planners. This study fills the gap by 

identifying these benefits using Rajkot city in India as a case study. A geographic weighted 

regression model is used to model the relationship. It is found that land price variation is explained 

to a good extent using the model. Estimates show that infrastructure and amenities have a 

substantial impact on land value, much higher than the cost required to provide these. 

Keywords: land price; accessibility; neighbourhood type; local environment; geographic weighted 

regression 

 

1. Introduction 

The future of cities in India will depend upon how well they can bridge development deficits of 

inadequate and insufficient infrastructure provision [1]. This deficit is enormous, with an annual 

estimate of the investment required at around USD 45,000 Million [2,3]. Traditional infrastructure 

funding methods have not worked effectively, and therefore, the government of India is considering 

options to finance urban infrastructure using alternatives like the land value capture mechanism [2]. 

The premise is that land value increases with the provision of infrastructure and can be used to fund 

the infrastructure costs [4]. However, to date, very few studies in India have looked at the impact of 

infrastructure and other amenities on land value [5]. Thus, there is a gap in the literature, which needs 

to be filled. 

The relations are studied using the city of Rajkot, a typical medium-sized Indian city located in 

the state of Gujarat in western India, as a case city. The purpose is to contribute to the existing 

literature by considering and analysing the spatial distribution and effects of accessibility and 

infrastructure provision on the land value used for residential purposes. 

This paper is divided further into five sections. The next section is a review of literature, which 

is followed by a description of the case area and discussion on methods and data handling. The fifth 

section is a presentation of results followed by the conclusion. 
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2. Literature Review 

Accessibility and land value are closely related. The location of the land/property, the location 

of surrounding facilities, and the available transport infrastructure determine accessibility to desired 

activities [6,7]. Property values around locations with higher accessibility often come with a higher 

premium. Therefore, accessibility to jobs and land value has gotten much attention in the land-market 

studies starting with the model proposed by Alonso [8], which suggested that land prices fall with 

an increase in distance from the city centre. Cities like Rajkot are spatially dispersed and have 

secondary employment centres in addition to the traditional city core, which can also impact the 

accessibility to activities [9–11]. Job accessibility is a function of both population (demand), jobs 

(supply), and transport (distance between demand and supply); gravity-based measures are used to 

explain the property prices [7,12]. There is a large body of literature on the impact of accessibility on 

residential properties. Nelson [13] found that for every kilometre away from the city centre mean 

distance the property prices increased by USD 23/m2. Dziauddin et al. [14] found that nearness (in 

metres) to the central business district (CBD) increases the property value by 0.21%, Ding et al. [15] 

found that a 10% increase in accessibility (job proximity indexed between 1 and 10) increases the 

property value by 4.5%. A 1% increase in accessibility to sub-centres results in up to 2.2% increase in 

property prices in Mexico City [16]. 

Proximity and thereby access to public transport characterises connectivity to a more extensive 

transit network and is therefore used to explain the rise in property prices. The bus rapid transit 

system was found to have a positive impact on property prices, for example, 13% and 14% in Bogota 

[17], 11%–13% [18], 5%–10% in Seoul [19]. Welch et al. [20] observed that with every one metre of 

distance from the nearest rail station, the property prices were reduced by USD 1.54., proximity to 

the metro increased property values by 6.4% [21]. In the developing country context, such as in 

Kolkota, proximity to the metro increased the property price by 16.5% [5]. Lieske et al. [22] found that 

property prices were lower within a 400 m buffer by 4%, whereas they increased by 4.6% and 5.2%, 

respectively, within 900 m and 1900 m buffer areas from the train station. 

Proximity to roads also affects property prices. Chalermpong [23] found that property prices 

increase by USD 18 when the property location is a metre closer to an arterial road; Agostini and 

Palmucci [24] found that prices of properties located next to streets have a premium of USD 8888/unit. 

Availability of a non-motorised transport (NMT) infrastructure was also found to increase property 

and land prices [20,25]. 

Proximity to green spaces and locations with less air pollution, like an urban forest, increases 

property premiums between 5% and 14%. Tajima [26] found that proximity to parks in Boston 

increases the property prices by 5%. Wachter et al. [27] found that the value of inner-city houses that 

are within a buffer of 0.4 km of greens is 10% higher. Trojanek et al. [28] found that property prices 

are 8–8.6% higher within a 0.1 km buffer around green areas in Warsaw. Votsis [21] found that for 

every 0.1 km distance closer to the forest area, the property prices increase by 3.7% in Helsinki. In the 

developing country context, Sharmin and Nayeem [29] found that proximity to greens and open 

spaces increases the property value by 14%. Provision of public service amenities can also improve 

their accessibility and impact land value [5,30]. Every 100 m closer to schools increases the value by 

0.81%, and every 100 m closer to recreation areas increases the value by 0.21% [14]. 

Likewise, pollution, both air and noise, has a mostly negative, mixed influence on property 

prices. Property price was found to be reduced by 1.3% for every 1% increase in the average pollution 

index in Hong Kong [31], air pollution from a refinery in Houston reduced the property prices by 

6%–8% [32]. One dBA increase in noise pollution reduced the property prices by 0.90% and 0.70% in 

Olsztyn [33] and by 0.45% in London [34]. 

Among methods, the hedonic price model (HPM) is suggested most often to model 

heterogeneous land value [35]. The HPM comes from the conceptual framework developed by 

Lancaster [36] and Rosen [37]. Land values vary spatially; the HPM ignores spatial dependence in the 

land/property market. Therefore, it is not able to capture the heterogeneity in the land values. Recent 

studies used spatial econometric models like spatial lag regression (SLR), spatial error regression 

(SER), and geographic weighted regression (GWR) models [14,38–42] for that purpose. Fotheringham 
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et al. [43] proposed GWR, a spatial variance regression model to study the relation of spatially 

varying values with the variable that affects them. Studies comparing the results from the GWR 

model and the linear regression model confirmed that GWR provides better results for spatial 

modelling [44]. Recently, Locurcio et al. [45] developed a GIS-based territorial information tool for 

the evaluation of corporate properties using Evolutionary Polynomial Regression (EPR) and GWR 

techniques. However, in the Indian context, Bera et al. [5] observed that the geographic information 

systems (GIS)-based GWR approach is widely prescribed for assessing the effects of spatially varying 

indicators on housing prices and is thus also suitable for this study. 

Despite the long tradition of hedonic analysis, there is very little empirical evidence from India 

on the use of the HPM. Tiwari and Parikh [46] used the HPM to study the effect of economic and 

household characteristics on the demand for housing. Mahalik and Mallick [47] used the HPM to 

study the influence of the economy parameter on house prices. Bera et al. [5] used GWR to study the 

effect of local environmental amenities on housing prices in Kolkata. Thus, there is very little empirical 

evidence in research studying the relationship between accessibility, infrastructure provision, and land 

value. 

3. Study Area 

The city of Rajkot (population 1.3 million), located in the western part of India in the state of 

Gujarat (Figure 1), with an annual growth rate of 2.5% (from 1 million in 2001 to 1.3 million in 2011) 

has the sixth highest growth rate of all Indian cities and 22nd in the world [48]. This fast developing 

city has an urban fabric of mainly high-density low-rise construction (ground + one floor). Rajkot is 

an industrial town with numerous small-scale industrial units. 

 

Figure 1. Location of Rajkot in Gujarat state, India. Source: Google Maps 

The city can be divided into five areas based on its urban fabric and type of development [49]. 

The core of Rajkot city (area encircled in Figure 2 by Yagnik Road) is a typical pre-colonial period 

development: attached buildings, narrow streets, high residential and commercial density. To the 

west of the core city area (Rajkot West) is the most affluent area in the city of Rajkot, with a good road 

network and civic amenities (along Kalavad Road and Raiya Road). The northern portion of the city 

is where the population is mixed, and the quality of infrastructure and amenities is slightly lower in 

comparison to Rajkot West. Rajkot also has two distinct industrial areas, and the residential 

development around these areas mainly comprises slums and poor residents. The development is 
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organic, therefore, the mixing of land use is good, but provision of civic amenities like gardens, etc., 

is inadequate. 
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Figure 2. Rajkot City and survey locations and observed land value. 

4. Materials and Methods 

4.1. Study Variables and Data Sources 

Transaction data recorded at the land registrar's office in Rajkot does not include the grey market 

component, which can be a sizeable and spatially varying amount [50]. Therefore, to get an accurate 

picture of land values, the data on land value were collected from prominent builders, developers, 

and brokers with the help of the Rajkot Builders Association (RBA). Land values (estimated 

transaction price for a brownfield site (excepting some undeveloped peripheral locations)) for 335 

point locations across the city were noted on the city map. While marking these points, care was taken 

to cover all land value variations. In Figure 2, these are shown as green dots. 

From the discussion in Section 2, the key variables affecting land value are identified as 

accessibility (to jobs and other activities), proximity and access to public transport, transport 

infrastructure, and neighbourhood characteristics. Accessibility is mostly quantified in literature as 

the distance to CBD or as proximity to jobs [13–16]; this indicator was expanded for Rajkot to include 

shopping and recreational opportunities. Likewise, access to the green infrastructure [21,26–29] is 

quantified as the distance to gardens. In addition to greens, neighbourhood quality variables 

(negative impact) like the presence of slums and illegal hawking are included. Accessibility to public 

transport [5,17–21] is quantified as the distance or buffer from the public transport network (metro, 
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train, bus), which in the case of Rajkot was the distance to bus stops (the only public transport mode 

available in Rajkot). Transport infrastructure is represented as the density of roads [23,24] and 

availability of NMT infrastructure [20,25], and the presence of streetlights is included. Proximity to 

recreation facilities like cinema halls, etc., [14] is quantified as walking distance to these facilities. 

Lastly, air pollution is quantified in most studies as proximity to air polluting sources like industrial 

locations and nearness to major roads, which was also done for the case of Rajkot. 

Thus, in this study, three accessibility variables were considered: accessibility to jobs, 

accessibility to shopping, and accessibility to green spaces. The transport infrastructure indicators 

considered were the density of roads, the density of footpaths, the density of streetlights, and the 

distance to public transport stops. Neighbourhood type variables were defined as: the density of 

hawking in the area (illegal use of public space) and the density of kutcha houses (slums and 

squatters). Quality of environment variables were the proximity to major roads and the proximity to 

industries (air pollution). The list of considered variables and their descriptions are given in Table 1. 

Table 1. Independent variables. 

 Variables Operationalisation 

 Job accessibility (0 to 100) The accessibility model is potential accessibility model and 

computes potential accessibility scores using a gravity-

based spatial interaction model as described in [51]. 

𝑎𝑖 =
1

∑ 𝐴𝑗𝐹(𝑑𝑖𝑗)𝑛
𝑗=1

 

Where ai (used as balancing factor in gravity model) is a 

measure of accessibility at zone i to all opportunities 

(activity floor space = A) at zone j, F(dij) is a function of dij, 

in this case, an exponential function is used, where dij is the 

distance between i and j. Accessibility values are indexed 

from 0 to 100 
Accessibility 

 

Access (walking time) to 

shopping (minutes) 

Walking time in minutes to these activities (nearest) as 

reported by the respondents in the household survey 

Walk access (walking time) time 

to recreation (minutes) 

Access (walking time) to gardens 

(0 to 100) 

Access (walking time) to the bus 

stop (minutes) 

Walking time in minutes to nearest bus stop as reported by 

the respondents in the household survey 

Transport 

Infrastructure 

Road density (km/km2) 

Footpath density (km/km2) 

Streetlight density (100 

streetlight/km2) 

The Kernel density around each grid cell is computed using 

a 500 m radius (equal to the radius of a neighbourhood). In 

computing kernel density of roads/footpaths, width is used 

as the population fields. 

Neighbourhood 

Type 

Kutcha house volume (m3) Volume (floor space x building height) of kutcha** houses 

The density of hawking space 

(km/km2) 

The kernel density of hawking space using a 250 m radius 

(km/km2) 

Air Pollution 
Distance to the nearest major 

road (m) Distance (m) to nearest industry/main road, computed 

using network distance function in ArcGIS®  
 

Distance to nearest industry 

(m) 

Note: Variables in italics are taken as walking time reported by the respondents during the household 

survey. ** Poorly constructed building. 

The data used were collected for the Low-Carbon Comprehensive Mobility Plan (LCMP) Rajkot 

study [52]. The household survey used was conducted in the year 2012 and was for 2848 households, 

and their dwellings spread across the city. For each unit, the data contained information on how far 
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and for how much time the residents travelled to access essential services. These travel time values 

captured in the household survey were interpolated using the inverse distance weighted (IDW)  

method in ArcGIS® . The IDW method used power function (2), and the eight nearest neighbours for 

interpolation. The interpolated data were validated using a portion (10%, 285 points) of the survey 

data (not used for interpolation exercise). The interpolated results showed good and statistically 

significant correlation with the observed data (walking time to shopping (R2 = 0.82), walking time to 

recreation (R2 = 0.94), walking time to gardens (R2 = 0.76), walking time to bus stops (R2 = 0.85)). 

The descriptive statistics and variables in this study are given in Table 2, and the spatial 

distribution of values for all independent variables is shown in Figure 3 with an overlay of the main 

roads. As one would expect, the provision of roads affected accessibility. Accessibility to jobs was 

high in the centre and along the radial to the south (Gondal Road) and the west (Kalavad Road). 

Travel times to recreation and grocery activity were also lower along major roads and in the western 

part of the town. Road network density was higher along major roads, and so was the provision of 

footpaths. Streetlight provision was more uniform across the city, barring a few peripheral regions. 

Kutcha house locations and industry locations visually correlated with each other and were mainly 

located in the eastern part of the city. The intensity of hawking/road encroachment was high in the 

city centre and along some important roads in the southern parts of the city. 

Figure 4 shows the spatial distribution observed land value. The values ranged from ₹ 16–₹ 240 

thousand/m2 in Rajkot West (locations near Dr Yagnik Road, Raiya Road, Kalavad Road, and Tagore 

Road). Eastern parts and the southern part of the city, along with the industrial areas and South 

Rajkot, had low land values. Land values in Rajkot North were mainly moderate. The values were 

also high in certain areas towards the central parts of the town, especially near Race Course Ring 

Road, but decreased as we moved towards the peripheral parts of the city. 

Table 2. Descriptive statistics. 

Variables Minimum Mean Maximum 
Std. 

Dev. 

Land value (INR in thousands) 16.13 81.34 239.90 49.16 

Job accessibility  0.71 11.64 100.00 11.34 

Access (walking time) gardens (minutes)  0.25 8.87 55.58 1.54 

Access (walking time) to recreation (minutes) 4.00 21.73 62.00 14.71 

Access (walking time) to shopping (minutes) 3.00 9.33 58.00 6.06 

Access (walking time) to public transport (PT) stop 

(minutes) 
2.00 4.00 15.00 3.34 

Road density (km/km2)  13.98 233.08 385.60 75.98 

Footpath density (km/km2) 0.00 1.71 10.11 2.00 

Streetlight density (100 streetlight/km2)  0.00 5.95 28.01 4.47 

Kutcha house volume (m3) 0.00 681.84 13,993.15 1513.75 

The density of hawking space (km/km2) 0.00 0.69 9.60 1.27 

Distance to the nearest major road (m) 42.38 320.07 1702.75 312.44 

Distance to nearest industry (m) 51.20 343.96 2379.55 390.97 
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Figure 3. Study variables (only residential areas are included). 

4.2. Methods 

After Pearson's correlation analysis, the second step was to analyse the global regression and 

spatial auto-correlation to determine the explanatory variables for the GWR model. The third step 

was to compute the GWR model. GWR was recommended for the contextual situation by Bera et al. 

[5] and was preferred for this study as GWR allowed the regression coefficients to vary across space, 

which made it suitable for a heterogeneous urban situation like Rajkot. The parameters that found 

significance in the GWR model were then tested for transit-oriented development (TOD) areas 

proposed as part of the LCMP for Rajkot city [52] to understand the repercussions TOD development 

will have on land value. 

The global regression model is a log–log OLS model; it takes the following form: 

log𝑒 𝑌𝑛 = 𝑎 + 𝑏log𝑒𝑥 + 𝑏1log𝑒𝑥1 + 𝑏2log𝑒𝑥2 + ⋯ . . +𝑏𝑛log𝑒𝑥𝑛 + 𝜀, (1) 

where Yn is the land value at location n and xn is the vector of the nth explanatory variable. bn is the 

coefficient value, a is constant, and 𝜀 is the error term. Moran's I value is computed to measure the 

degree of spatial auto-correlation between land values, as described in Diniz‐Filho et al. [53,54]. Non-

zero values of Moran's I indicate that land values are more similar at a certain Euclidian distance. 

In the global regression model, the 𝑏𝑛 value is constant for all places in the city. However, in the 

land value analysis, these parameters may themselves be a function of geographic location and 

strength, and the form of relationship can be different over space. For the GWR model, the 𝑏𝑛 varies 

across space and overcomes this limitation [38]. Essentially it measures the linear regression at every 
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data location with varying regression coefficients. ArcGIS®  is used for GWR analysis, and the 

regression equation can be written as: 

log𝑒𝑌𝑖 = 𝑎𝑖 + 𝑏𝑖1log𝑒𝑥𝑖1 + 𝑏𝑖2log𝑒𝑥𝑖2 … … … . . +𝑏𝑖𝑛log𝑒𝑥𝑖𝑛 + 𝜀, (2) 

where 𝑌𝑖  is the land value at the location being predicted, 𝑥𝑖𝑛 is the vector of the nth explanatory 

variable at location i and 𝑏𝑖𝑛 is the regression coefficient at location i for explanatory variable n. Thus 

the regression equation is for a specific location i in the city and is estimated by weighting all 

surrounding observations by the function of distance from location i. For the weighting matrix 

adaptive bi-square kernel, the bi-square weighting scheme assigns a weight of 1 to the feature i and 

weights from the surrounding features smoothly and gradually decrease as the distance from the 

regression feature increases; after a certain distance (threshold distance) the assigned weights will be 

virtually zero. The typical kernel function used in ArcGIS can be represented as (e.g., Bera et al. [5], 

Zhu [55]): 

𝑊𝑖𝑗 = {[1 − (
𝐷𝑖𝑗

ℎ𝑖
)

2

]

2

𝑖𝑓 𝐷𝑖𝑗 ≤ ℎ𝑖

  0            𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

} ,  (3) 

where 𝑊𝑖𝑗 is the observed weight given to the observation at point j for estimating the regression 

equation at location i. 𝐷𝑖𝑗denotes the distance from location i to sample point j, ℎ𝑖 is the bandwidth 

set to include p observation nearest to the location i. 

AICc (Akaike's Information Criteria) was used to measure the performance of the model. A 

model with a lower AICc value provides a better fit to the observed data and therefore can be 

accepted. In addition to AICc, R2 and AdjR2 values were used to judge the goodness of fit. 

5. Results 

The correlation matrix is presented in Table 3. The Moran's I test showed spatial dependence 

existed in land value (Moran's I = 0.890, p = 0.00, ZScore = 290.94), the value indicated that there was 

less than a 1% chance that the clustering pattern was the result of a random choice. 

 



Sustainability 2020, 12, 8615 9 of 16 

Table 3. Correlation matrix. 

  1 2 3 4 5 6 7 8 9 10 11 12 13 

Land Price (1) 1 .414** −0.205** −0.344** −0.362** −0.331** 0.281** 0.367** 0.111 −0.055* −0.265** −0.361** −0.022 

Job Accessibility (2) 0.414** 1 −0.019 −0.185** −0.186** −0.328** 0.360** 0.318** 0.325** 0.157* −0.048 −0.338** −0.417** 

Access (Garden) (3) −0.205** −0.019 1 0.492** 0.484** 0.139* −0.276** −0.110 −0.174* −0.093 0.006 −0.040 −0.167* 

Access (Reaction) (4) −0.344** −0.185** 0.492** 1 0.354** 0.236** −0.365** −0.210** −0.271** −0.035 −0.068 −0.012 −0.018 

Access (Shopping) (5) −0.362** −0.186** 0.484** 0.354** 1 0.210** −0.238** −0.271** −0.190** 0.002 0.078 0.235** −0.028 

Access (PT) (6) −0.331** −0.328** 0.139* 0.236** 0.210** 1 −0.468** −0.295** −0.386** −0.249** 0.056 0.340** 0.236** 

Road Density (7) 0.281** 0.360** −0.276** −0.365** −0.238** −0.468** 1 0.407** 0.510** 0.315** −0.028 −0.310** −0.288** 

Footpath (8) 0.367** 0.318** −0.110 −0.210** −0.271** −0.295** 0.407** 1 0.137* 0.073 −0.081 −0.425** −0.101 

Streetlight (9) 0.111 0.325** −0.174* −0.271** −0.190** −0.386** 0.510** 0.137* 1 0.213** 0.192** −0.093 −0.329** 

Hawking Density (10) −0.055* 0.157* −0.093 −0.035 0.002 −0.249** 0.315** 0.073 0.213** 1 −0.024 −0.139* −0.212** 

Kutcha House Density (11) −0.265** −0.048 0.006 −0.068 0.078 0.056 −0.028 −0.081 0.192** −0.024 1 0.199** −0.185** 

Distance to Major Road (12) −0.361** −0.338** −0.040 −0.012 0.235** 0.340** −0.310** −0.425** −0.093 −0.139* 0.199** 1 0.305** 

Distance to Industry (13) −0.022* −0.417** −0.167* −0.018 −0.028 0.236** −0.288** −0.101 −0.329** −0.212** −0.185** 0.305** 1 

Note: ** Correlation is significant at the 0.01 level (2-tailed). * Correlation is significant at the 0.05 level (2-tailed). 
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The OLS results are presented in Table 4; the value of adjusted R2 was 0.550, indicating that the 

regression equation explained 55% of the variations in land value. The p-value (determined using F 

value in the ANOVA test) for each term in the equation was very close to zero, indicating a high 

significance level of the regression equation. The variance inflation factor (VIF) values of all variables 

varied in the range from 1.19 to 4.06, indicating the presence of very little multicollinearity between 

two explanatory variables. All explanatory variables except road density and streetlight density were 

found statistically significant. 

Table 4. Global regression model. 

Variables Coefficient  StdError t-Statistic VIF  

Intercept 3.374* 0.652 5.175 -------- 

Job accessibility  0.289* 0.042 6.972 2.922 

Accessibility to gardens  −0.093* 0.055 −1.687 1.981 

Access to recreation −0.146* 0.041 −3.557 2.260 

Access to grocery shopping  −0.053* 0.048 1.086 2.577 

Access to PT stop 0.080* 0.051 1.556 1.698 

Road density  0.087 0.127 0.689 4.062 

Footpath density 0.026* 0.009 2.796 1.976 

Streetlight density   −0.011 0.012 −0.946 2.572 

Kutcha house volume −0.018* 0.003 −6.070 1.191 

Density of hawking space −0.008* 0.006 −1.376 1.549 

Distance to nearest major road −0.015* 0.005 −2.994 1.252 

Distance to nearest industry 0.042* 0.006 6.980 1.472 

Akaike's Information Criterion (AICc):  284.684   

Multiple R-Squared:   0.577     

Adjusted R-Squared:   0.550     

Note: * An asterisk next to a number indicates a statistically significant p-value (p < 0.01). 

Accessibility (to jobs, recreation, and shopping) had a positive association with land value. A 1% 

change in job accessibility resulted in a 0.30% change in the land value. As accessibility values were 

quantified in a particular manner, there was no direct comparison with observations in other 

empirical literature; still, it was significantly higher than the 10% increase observed by Ding, Zheng 

and Guo [15] and the 2.2% increase observed in the case of Mexico [16]. For every percent decrease 

in walking time to recreation, there was a 0.15% increase in land value, which was comparable with 

observations by Dziauddin, Powe and Alvanides [14]. For every percent decrease in walking time to 

shopping, there was a 0.05% increase in land value. Thus, the observed results made a strong case for 

mixed land use development and, thereby, for bringing jobs, recreational, and shopping activities 

closer to residential locations [56]. For a 1% increase in paved footpaths, there was a 0.03% increase 

in the land value. Locations of slums and hawking were considered a nuisance and in Rajkot, as 

expected, had a negative association with land value. A 1% increase in hawking space resulted in a 

0.01% reduction in land value, and a 1% increase in slums resulted in around a 0.02% reduction in 

the land value. In most empirical literature, public transport access was found to have a positive 

relation with land values, but in the case of Rajkot a reduction in walking time to public transport 

was found to have a negative association with the land value. The proximity of major roads and 

nearness to industries increased exposure to air pollution, so a negative impact was expected. 

However, the availability of roads also improves mobility (therefore accessibility), so a 1% increase 

in nearness to a major road resulted in a 0.15% increase in the land value. The mean distance to a 

major road was 320 m, so if the property moved 3.2 m closer to the major road, there would be an 

INR 12,200/m2 (considering mean land value) increase in land value (around USD 52/m2), which was 

around three times higher compared to Chalermpong [23]. Access and mobility were essential drivers 

of land price in Rajkot, as was better air quality. This also indicated that mobility (thereby, 



Sustainability 2020, 12, 8615 11 of 16 

accessibility) by road transport was preferred over accessibility by inefficient and poorly provided 

public transport modes [52]. In line with observations in Hongkong [31] and Houston [32], proximity 

to industries resulted in lowering the land value. 

 

Figure 4. Geographic weighted regression (GWR) results. 

Table 5. GWR Results. 

  Minimum Percentile 25 Mean Percentile 75 Maximum 

Intercept 2.844 3.555 3.814 4.135 4.597 

Job accessibility 0.056 0.232 0.294 0.367 0.502 

Walking time to shopping −0.295 −0.191 −0.093 0.005 0.118 

Footpath density −0.018 0.006 0.019 0.035 0.072 

Kutcha house volume −0.026 −0.018 −0.015 −0.012 −0.007 

Density of hawking space −0.063 −0.031 −0.011 0.010 0.029 

Distance to nearest major road −0.039 −0.017 −0.012 −0.002 0.003 

Distance to nearest industry −0.073 0.010 0.016 0.030 0.077 

Akaike's Information Criterion (AICc)   173.6       

Multiple R-Squared:   0.784       

Adjusted R-Squared:   0.727       

All 12 independent variables were used for the GWR model and were introduced to the model 

in steps, checking for improvement in the AICc value at each step. In the final model, seven variables 

were included. The results are presented in Table 5 and Figure 4. There was a significant 

improvement in the AICc values, and the adjusted R2 value also improved from 0.550 to 0.727. The 

statistics presented in Table 5 and visually represented in Figure 4 showed that there was 

considerable spatial variance in coefficient values, thus highlighting the importance of using a GWR 

model. As in the global model, it was found that the accessibility (to jobs and shopping) was an 

essential determinant of land value. The relation was positive and varied spatially. The coefficient 

values were high at the locations with higher land values and low in southern parts of the city where 
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the land values were also low. Thus, the impact of accessibility correlated well with land values. 

Likewise, the impact of proximity to industries on land value was negative up to four kilometres 

distance, after which the coefficient values were mostly positive. Footpath provision had more impact 

on land values in congested locations of the city as compared to peripheral locations. Neighbourhood 

quality variables, that is, the density of hawking space and volume of kutcha houses had a mostly 

negative relation with land value. However, around poorer parts of the city the negative impact of 

kutcha houses on land value was very low, and the density of hawking had a positive influence on 

land value. Thus, as the paucity of public transport infrastructure affected the coefficient value of 

distance to PT stops, poor housing and land use provision in these areas also affected the coefficient 

values of kutcha houses and density of hawking. 

All of these added up and linked well with the transit-oriented development (TOD) policies 

proposed by the government of India. A TOD node proposed for development in the LCMP for 

Rajkot [52] was analysed for land value impacts. This analysis was done to get an idea of the impact 

of the elasticity values on the land value capture mechanism. The proposed floor area ration (FAR) 

at the node was 5.6, from the present 1.8; it was also proposed that there would be redevelopment at 

the node and the current building margins would pave the way for the expansion of roads and 

construction of footpaths, and land use would be mixed. Table 6 gives a synopsis of how the different 

variable values will change after development of the node, as this TOD zone becomes a prime job 

location; with residences nearby, the potential accessibility of the area increases by threefold. 

Footpath density significantly increases by about 66%. 

Table 6. Variables values in the transit-oriented development (TOD) zone. 

Variables Original Value TOD Sc. Value  % Change  

Job accessibility (0 to 100) 23.15 72.92 215.00 

Walking time to shopping (minutes) 3.91 3.32 −15.00 

Footpath density (km/km2) 2.24 3.74 66.95 

Kutcha house volume 67.06 0.00 −100.00 

Density of hawking space 0.25 0.00 −100.00 

Distance to the nearest major road 70.86 83.61 18.00 

Distance to nearest industry 415.24 415.24 0.00 

 

Figure 5. Land value impact. 

Figure 5 shows the location of the zone considered for this exercise in red in the square box, the 

observed land value, the simulated land value, and the change in land value in each grid cell. 

Implementation of TOD results in a significant increase in the land values in the zone, in the range 

from INR 41,000/m2 to INR 88,000/m2; if we convert this into a total increment in land value it amounts 

to INR 702.4 million (around USD 9 million) in a 1.18 km2 area. The increase in value is around 

sevenfold. Similar gains have also been observed with a land readjustment method used to convert 

rural land to serviced urban land [57]. This example of a TOD development zone in Rajkot might not 

Observed Land Value 
(1000 INR/Sq. m.)

Simulated Land Value 
(1000 INR/Sq. m.)

Change in Value 
(1000 INR/Sq. m.)Low Carbon Mobility 

Plan Rajkot Proposal
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have a similar impact on land value in other areas. However, it can be inferred that investment in 

transport infrastructure can result in a substantial gain in land value. Part of this land value increase 

can be captured as betterment charges, as in town planning schemes in the Gujarat state [57]. 

6. Conclusions 

This paper has applied the conventional framework of analysis of implicit markets to determine 

the factors that influence the land value. The study demonstrates the impact of accessibility and state 

provision in infrastructure on land values and that the GWR model is more accurate in predicting the 

land values, compared to the conventional HPM model. Both GWR and global regression models are 

significant, but the GWR model also captures spatial and non-stationary effects. The results also 

illustrate that the consumers are ready to pay a substantial premium for land with better 

infrastructure and the possibility of higher vertical development. The results also auger well with the 

government of India's policy of improving accessibility using mixed-used high-density development 

along the transit line. As also observed by Munshi [58], the current negative coefficient values of 

access to PT stops are also a reflection of the quality of transit provision, and, therefore, it is not 

attractive for residents who can afford other modes. The relation can be different if the quality of the 

public transport service is improved (as also proposed by RMC), as can be seen in the case of 

Ahmedabad [59]. 

Even if infrastructure impact fees are part of existing town planning mechanisms [60] or 

collected by charging for extra FAR rights [61], the elasticities provided by this research can help to 

quantify these impacts and pave the way for evidence-based quantification of betterment charges. 

These can, in turn, fund the considerable deficit in the provision of infrastructure and amenities. The 

results also indicate that planners should aim at providing good and equitable infrastructure across 

the city, which, in the end, will rationalise the land values. For low-cost housing, these values might 

seem discouraging, but as impacts are enormous, part of the impact fee collected could be offset as 

housing provided by the state. 

For data limitation, a limited set of variables was used in this study; there is a possibility of 

increasing the number of explanatory variables, especially for social clustering, neighbourhood 

design, and local environment variables. 
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