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Highlights 

 A new model using the support vector machine (SVM) is proposed to classify an area into transit-oriented 

development (TOD) and non-TOD. 

  In the model, bus rapid transit (BRT) station and land use parameters under TOD mode are considered. 

 Output of Multicriteria analysis was considered for the SVM model. 

 The SVM approach was found suitable for the data samples used in the study. 

Abstract 

Transit-oriented development (TOD) can invigorate sustainable development by conveying a more coordinated transit 

and surrounding land use. Given the dynamic nature of urban community development, urban planners find it hard to 

precisely respond to questions such as where TOD planning around the transit hubs can succeed in the city. The present 

study proposes a framework utilizing a support vector machine (SVM) to enhance the TODness prediction of an area 

to address this issue. An SVM model has successfully applied to 16 bus rapid transit station areas in Bhopal city, India, 

using the tenfold cross-validation resampling methods and thirteen predictor variables. The models performance was 

in good agreement with 93.75% precision, utilizing the sigmoid kernel function and the regularization parameter 

esteem equivalent to 4. This methodology could be used at any scale, and the outcomes could offer recommendations 

for more accurate urban planning, fortifying the relationship between TOD and spatial association. The study provides 

the basis for predicting better future TODness classification, which will help the urban planner for sustainable urban 

planning and policy making. 

Keywords- Machine learning, Urban planning, Bhopal, Transportation, Geographical Information System (GIS), 

Multicriteria analysis 
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1. Introduction 

Transit-Oriented Development (TOD) is an urban development approach that keeps land use and transportation system 

under one umbrella (Khare et al. 2020). TOD is a powerful tool to help shape and assess urban development. It refers 

to the moderate to high-density, mixed-use land designed to maximize access by public transit and non-motorized 

vehicle, with other features to encourage transit ridership (Ewing & Cervero 2001; Khare et al. 2020b). Automobile 

dependency, urban sprawl, congestion, long trip length, poor health, pollution concerns are among the main drivers 

of sustainable urban development (Bibri 2018). TOD is a solution to the unsustainable, automobile-dependent, and 

poor urban sprawl that has characterized cities' growth worldwide. The work of Calthorpe (Calthrope 1993) discovered 

the concept of TOD. Introduce the designs for the redevelopment of a region. With the perspective of new urbanism, 

we can adapt TOD in multiple ways. Urban regenerated areas in the US (Arlington County, New Jersey, Portland, San 

Francisco bay area, Virginia, etc.) encompassed TOD principles in their planning to ameliorate mixed use of land, 

pedestrian facility, affordable housing, and promoting public health (Jamme et al. 2019). Whereas in European 

countries (Netherland, Paris, etc.) TOD mainly implements for curbing the urban design to make it suitable for 

transportation modes, mixed land uses, and public space within a range (Singh et al. 2017; Thomas et al. 2018). 

However, in South American cities, Curitiba is one of the oldest and most successful TOD examples and delivered 

high-density urban development around transit stations and controlled rapid growth. In Mexico City, the TOD policy 

promotes public transit (Cervero R. 1998). In some large Asian cities (Ahemdabad, Beijing, Delhi, Hong Kong, 

Singapore, Tokyo, etc.), TOD practice successfully reduced automobile dependency, urban sprawl, affordable housing, 

and pedestrian-friendly (Loo et al. 2010; Singh et al. 2014). Bus-based TOD tactic in Ahmedabad (India) curb sprawl 

by promoting compact high-density development structure near public transit (Joshi et al. 2017). Singapore is well 

known for its affordable housing, liveable high density, pedestrian-friendly ring pattern decentralized strategy. In 

Australia (Brisbane, Melbourne, Perth, Sydney, etc.), cities use TOD to solve lower density urban sprawl, affordable 

housing, connection to the town centers, and public transport-focused development (Newman 2005). Based on these 

studies, TOD could be considered as a useful approach for the development of cities. From a new urbanism point of 

view, there are multiple definitions of TOD. TOD is a pedestrian-friendly, compact, mixed-use development 

surrounding a transit station (Calthorpe 1993; Newman 2006). TOD is acquainted with assistance both the public 

transport and to utilize the openings offered by such a system (Belzer and Autler 2002). A couple of assessments have 

prescribed that organized land-use plans around public transit stations can provoke an increase in ridership (Li et al. 

2019). TOD is not just any improvement close to transit; it improves territory capability so that individuals can walk, 

cycle, and use public transport. Likewise, it diminishes private vehicle usage by providing a mix of residential, jobs, 

recreational decisions, offers opportunities for the individual and private sector, and gives personal satisfaction to its 

inhabitants (Dittmar & Ohland 2004; Loo et al. 2010). A TOD zone could encompass a span of 400 or 800 meters 

from a transit station (Bhatt et al. 2012). Evaluation of the existing situation permits policymakers to perceive its 

outcome in the proposed policy (Joumard & Nicolas 2010; Pupphachai & Zuidema 2017) and thus working efficiently 

in the direction of changed land use. Sustainability concerning urbanization essentially relies upon the encompassing 

land use and transportation design and how productively pertinent assets are assigned (Ma et al. 2018). TOD is 



additionally associated with the assessment of the presentation of sustainability. So as opposed to exclusively consider 

transit system and land use, TOD incorporates both viewpoints.  

It is undeniable that modeling for the prediction of TODness requiring a deep understanding of the factor affecting its 

performance. Selection of the parameters according to the geographical context to find the relationship between 

predictor variables and TODness is an essential step for evaluation. Over the last few years, various techniques based 

on multicriteria analysis and data envelopment analysis have been developed to measure the TODness of an area. 

(Singh et al. 2014; 2017) proposed a GIS-based study to measure TODness through TOD index at a regional and local 

level. And some studies about the transit planning and selection of indicators (Cervero 1996; 2005; Cervero & 

Kockelman 1997; Curtis & Perkins 2006; Renne 2009; Curtis 2012, Khare et al. 2020a). Xie & Ding (2013) studied 

the relationship between rail transit and land use using the data envelopment analysis model. (Khare et al. 2020b) 

evaluated the coordinated relationship between land use and BRT station by using the data envelopment analysis 

model under TOD mode. For measuring TODness, these studies are a good example. But no attempt was done for 

predicting the TODness of an area. The present work is motivated by the above literature but differs significantly from 

the modeling approach. It is needful to classify the area into TOD and non TOD for evaluation and planning purposes. 

Due to significant growth in computational power in the previous two decades, machine learning (ML) strategies have 

pulled into consideration modelers and researchers to provide savvy solutions in different urban study fields. Through 

the inventive ML strategies alongside the incorporation of current procedures, researchers are driving close to more 

exact and capable models (Mosavi et al. 2018; Papacharalampous et al. 2019; Singh et al. 2021). ML is an inventive 

data-driven method, a zone of AI to get reliable results fixated on past insights and utilizations it to foresee the 

examples of future conduct. The ML techniques applied to urban planning studies include artificial neural network 

systems (ANN), support vector machines (SVM), and deep learning. Currently, SVM is the most extensive among all 

ML methods and has attracted many researchers' attention in Geospatial analysis. Its consolidation with GIS for 

Geospatial investigation has improved the capacity to produce a precise model yield in a spatial domain. In most 

Geospatial studies, SVM has been applied to satellite data classification and land use/land cover analysis. SVM also 

avoids over-fitting and ensures good generalization performance. Therefore SVM can be beneficial for modeling 

TODness. It has been applying widely in many studies of the evaluation area. (Lu & Liu 2018) proposed a model for 

sustainable development of urban transportation and the ecological environment in 22 cities in China using the SVM 

and Delphi method. The system was reasonable and, in real-time, evaluate the status of the cities. (Jiang et al. 2016) 

presented a study for the classification of landslide stability based on SVM. (Karimi et al. 2019) predict the urban 

expansion of Guilford County, NC, using the SVM model. However, to the best of our knowledge, SVM has not been 

applied to evaluate land use and transportation sustainability. The present paper aims to describe the TOD statues 

characteristics through SVM and provide useful reference and guidance for enhancing urban function. As discussed 

earlier, the present study's novelty lies in the development of a framework utilizing a support vector machine (SVM) 

to enhance the TODness prediction of an area. The model performance and prediction accuracy are evaluated by 

evaluation matrices, particularly for the TODness change case study.  



2. Support Vector Machine 

The SVM is a supervised ML approach and was proposed in the 1960s by Vapnik and Lerner (1963). Gives high 

performance in solving classification as well as logistic regression problems in many areas like remote sensing image 

classification, prediction, bio-informatics field, image processing, pattern recognition, etc. in comparison with logistic 

regression depends on the known model to predict incidence by fitting the data to a logistic curve (Yu et al. 2010). 

Using the training set of a different class, SVM finds an optimal separating decision surface between classes trying to 

get the maximum margin between classes closet training sample (fig.1). It is robust, especially for small training sets 

(Huang 2002; Foody & Mathur 2004) because the SVM approach is model-free and data-driven (Yu et al. 2010). It 

has crucial classification power, especially where the variable number is more and the training size is small. SVM 

decision function relies upon the small subset of the training data points, called support vectors (SV) (Wang et al. 

2007). The principal working principle of SVM is to create (n-1) dimensional separating decision surfaces to classify 

the different classes in an n-dimensional space (Yu et al. 2010). Sample data points are an n-dimensional vector. In 

the best case, two classes are discriminated by a line (linear hyperplane), dividing a plane into two parts where each 

class lay on either side. Assume a training dataset having 'n' data points that can be separated into two classes shown 

as - 

                                 T = ((x1, c1), (x2, c2) …….. (xn, cn)) ε X x C, X ε Rn, C ε (1,-1) 

C1 is either 1 (yes), or -1 (no) shows the class to which the dataset lies. SVM eventually distinguish the training data 

through the dividing hyperplane is- 

                       w. x + b = 0                 (1) 

Where w = weight vector, x = number of properties (input vector), and b = bias (allow us to increase the margin). As 

we are keen on the SV and the parallel hyperplane closest to these SV in one or the other class. Equations describing 

the parallel hyperplane.  

                        w.x + b = 1                  (2) 

  w.x + b= -1 

For the linear separable data points, we can choose these decision surfaces. The maximum distance between the two 

hyper-planes can be denoted by 2 / ||w||2. So we can maximize the margin by minimizing the ‘w’ (Karimi et al. 2019). 

To eliminate data points, make sure that- 

Ci (w. xi + b) ≥1                    1 ≤ i ≤ n 

In nonlinear SVM, firstly, convert the input data using a nonlinear mapping Φ(x) into a high dimensional space 

(Rienow & Goetzke 2015). The decision surface defined is- 

                                                                  w. Φ(x) + b = 0                                 (3) 

Where w and b are variables, that weight to be determined. SVM constructs an optimal separating hyperplane (OSH) 

by solving the quadratic optimization problem. 

                                                          Minimize    1 / 2 ||w||2 

s.t.                                                      Ci (w. xi + b) ≥1 - ξi,                                 (4) 

                                                        ξi ≥ 0 , i= 1,2,3,……n 



Where 'ξ' is the slack variable used to control the error caused by misclassification of points, which triggers the 

problem in finding the OSH (Su et al. 2007), 'c' is the regularization parameter. To solve difficult problems (not 

separable or appear too costly to separate because of overlapping of data points), directly use the Langrange multipliers 

by transferring into a dual space from primal space (Wang et al. 2005). Nevertheless, in the real-world, some data 

points are not separable by a linear line. Then SVM solves this problem using kernel function, inner products in the 

dual problem is replaced by a suitable kernel trick k(xi, xj). Resulted from two classes could be separable in high 

dimensional space (Nanda et al. 2018) . 

Thus the hyperplane equation can be written as-  

                         k(xi, xj) =  Φ(xi) Φ(xj)                     (5) 

              F(xi) = ancn k(xi, xj) + b 

Where xn is SV data, ɑn is the Langrange multiplier, and Cn is the label of membership class with n = 1,2,3….N (Nanda 

et al. 2018). Here, studied the comparison of using the four kernel function at the SVM algorithm, i.e., linear kernel, 

RBF kernel, sigmoid kernel, a polynomial kernel (table 7). Each kernel function has explicit boundaries that should 

be improved to get the best performance. 

 

 

Figure 1- Optimal separating hyperplane schematic diagram 



3. Study area and data used 

3.1 Case study area 

In the present study, the developed SVM model is applied to classify the TOD region in Bhopal city, India. Bhopal is 

the capital, and the administrative center of Madhya Pradesh, has coordinates 23°25'99" N and 77°41'26" E and an 

area of 285.9 km2 and 2,254,000 inhabitants (Deshmukh et al. 2016). The Bhopal city as a case for studying TOD is 

applicable to numerous causes it has a well-established BRTS system characterized by a network structure and high 

transit ridership. Presently development of MRTS and corridor level TOD implementation is going on in the city, 

proposed to assume a transformative role in the cities growth. City buses are a fundamental part of their transportation 

about 44% of the work trips are made by public transport. In India, most TOD examinations have been coordinated 

only for metro cities as these urban communities need a political and administrative point of view. Relatively few 

examinations were coordinated for small and medium cities because of their slightest need in planning sectors while 

planning such cities. The study was performed on 16 BRT station area (table1 and fig.2) (Khare et al. 2020b). Sixteen 

stations of different land use (commercial, residential, industrial, semi-industrial) were selected from the city. 

Table 1- Description of the study area  and their land uses. 

TOD area  Description 

Ashima Mall The area along with the Hoshangabad road commercial and residential 

Aura Mall Residential area with mixed land use (E-8 Extention) 

Beema Kunj Residential area with mixed land use on Kolar area 

Bhopal Railway Station Old Bhopal area densely populated and commercial area 

Board Office 
Near to M.P. Nagar area (Newly developed CBD of Bhopal) mainly office cum 

commercial area 

C-21 Mall The area along with the Hoshangabad road commercial and residential 

Gandhi Nagar Residential area with neighborhood commercial area 

Habibganj Mixed land-use area  

Halalpur 
The area near busiest road junction Lalghati commercial area which is periphery of 

the city 

Karound Square 
The area near busy road junction residential dominated with low-income group 

periphery of the city 

Koh-E-Fiza Residential high-income group area 

New Ashok Garden Residential low-medium income group area 

New Market CBD (Central Business District) main commercial area of Bhopal city 

People Mall The periphery of Bhopal main city mixed land use with residences 

Piplani Residential area near to BHEL industrial area 

Sai Board Residential area with neighborhood commercial area 



 

 

Figure 2- Location of the BRTS and its surroundings  

3.2 Data used (Selection of Criteria and Performance measure) 

According to the summary of the most widely used factors in the literature (Renne 2005; 2009; Performance based 

transit-oriented development typology guidebook 2010; Singh et al. 2017; Vilela et al. 2019), 13 predictor variables 

has been selected based on the different attributes of the study area (table 2). Selected predictor variables include the 

principle of 3Ds (Density, Diversity, and Design) (Cervero and Kockelman 1997; Joshi et al. 2017). In a built 

environment, the importance of the high population density is to maximize transit systems utilization. Land use 

diversity is a significant factor affecting non-motorized and public transport-based trips, especially for work purposes, 

and creates a balanced passenger flow consistently of the day. Mixed-use is commonly observed in urban area 

countries like India to accelerate pedestrian users. The urban area design is iconic in TOD since walkability and 

cyclability play a significant role in TOD success, and the built environment, which is pedestrian-friendly, will 



emphasize individuals for foot or cycle-based trips (Schlossberg and Brown 2004). Knowledge of the travel behavior 

of the transit-supportive user is necessary. 

Table 2- List of the performance measures used in the model. 

Performance measure Description 

Population Density The population density computed as the number of persons per hectare. 

 
Employment Density The number of job per hectare 

 
Diversity Different lands use in a given area and the degree to which they are present in that 

area 

 
Mixed-use of land How another land use is mix with residential use 

 
Walkable catchment area Walkable catchment area calculated as the ratio of the area accessed by the 5-

minute walking distance to the actual area within 5-minute walking distance. 

 
No. of  High-frequency transit 
service available 

 

Availability of transportation 

Vehicle kilometer traveled 
(VKT) per capita 

 

Kilometer traveled by a resident of TOD area 

Travel 
behavior 
(Number of 
trips per day 
%) 

Motorized 
vehicle 

Gives an idea of how people use transport and what people do, to realize desired 
public transit ridership numbers 

 

 

Public 
transport, 

Walking or 
cycle 

Walkable path The pedestrian accessible road length 

 
Intersection density Presence of crossing points per km2 in a region 

Economic development Several employment opportunities in the area  

 

 

4. Methodology 

The steps followed in the study were outlined in Figure 3 to explain the workflow of the research. The framework 

majorly consists of three parts: (a) Data preparation, (b) Model implementation (c) Model evaluation. The selection 



of the data (performance measures) was discussed in the data preparation section. In the model implementation, 

regulation of the SVMs model parameters is explained to determine the most effective setup of SVM based TODness 

model. Moreover, in the model evaluation, define for efficient prediction, define the optimization of SVM parameters. 

 

Figure 3- Flow chart of the applied methodology 

4.1 Data Preparation 

For effectual planning, it is essential to know about the region's existing circumstances and sort out which variable is 

possible to collect and set up standard data (Lagarias 2015). For land use land cover analysis study includes the satellite 

data collected from the National Land Cover Database (USGS) of spatial resolution 30m for the past 4 decades, and 

Google Earth image with the accuracy of 91.3%, 89.92%, 92.06%, and 87.83% respectively. The vector data of built-



up areas, water bodies, road networks, land use types are extracted from the LULC map. Registered vehicle data, 

census data, and field survey data are used for defining the pattern of Bhopal. The BMC boundary, number of houses, 

population data are taken from the Bhopal Municipal Corporation, and the vehicle's registered number is taken from 

the road transport office. GIS software is used for the spatial analysis of the data. The study needed location-dependent 

information to limit the area boundary up to 800m around the transit station. A TOD zone could envelop a radius of 

400m or 800m from a transit station (Bhatt et al. 2012). To train and assess the SVM based TODness prediction model, 

the readied data layers are utilized as a predictor variable at time t, including the two classes TOD and non-TOD zone 

at time t, and a TODness prediction model of the two classes of TOD and non-TOD of 16 BRTS is used by using the 

tenfold cross-validation approach. 

Multicriteria Analysis 

GIS-based Multicriteria analysis is a method that combines and transforms spatial and non-spatial data input into a 

resultant decision (output) (Malczewski 1999). The procedure includes geographical data and the stackholders' 

preferences and combines them into uni-dimensional values of alternative decisions. Decision-making for analyzing 

different objectives can be achieved by MCE and can be used to observe different alternatives, resulting from selecting 

a suitable alternative for the function (Eastman 1999). After selecting criteria, two important steps of the MCE method 

are standardization and weight determination for each performance measure. Standardization of indicators required 

because all indicators are different in units. To make comparisons possible, set the suitability values of the factors to 

a common. In the present study, the maximum method is used for standardization and the rank-sum method to 

determine each indicator's weight after ranking derived from stockholders. Because not all indicator has equal 

importance in the calculation of TOD, depending on the perception of experts involved in planning professionals rank 

the indicators according to their importance in TOD calculation. The ranks of each criterion and indicator are presented 

in table 2. Weights can reflect the involvement of indicators in planning for TOD (table 3). Therefore, weight assigns 

to the indicators before the TOD index calculation. The rank-sum method is used to convert the weight from the 

ranking offered by the stockholders. As given below, in Eq. (6).  

Wk = x + 1 – k  ̸⅀xi (x + 1 – i)                                     (6) 

Where, Wk = normalized weight for the criterion having rank 'k,' x = total number of the criterion in the study, i = 

index of summation that takes the value from one to x (Malczewski 1999; Singh et al. 2014)  

Table 3. Based on the ranking of stakeholder, the weights assigned to the criteria 

CRITERIA INDICATOR  RANK WEIGHTS 

Density 2 0.18 

 Population density 1 0.67 
 Employment density 2 0.33 
Diversity 1 0.23 

 Diversity 1 1 
Mixed-use 1 0.23 

 Mixed-ness index 1 1 
Walkable Catchment 3 0.13 

 Pedshed 1 1 



Travel Behavior 5 0.04 

 Vehicle KM traveled per household 3 0.30 

 % of trips per 
day 

 2 0.31 

  Motorized vehicle 3 0.22 

  Public transport 1 0.45 

  Walking 2 0.33 

 % No. of high-frequency transport 
service available 

1 0.39 

Street Block Pattern 4 0.06 

 Walkable path 1 0.67 
 Intersection density 2 0.33 
Economic Development 3 0.13 

 Economic % 1 1 
 

4.2 Model Implementation  

The SVM based TODness prediction model is advanced, by utilizing R. All the data layers of Bhopal is converted 

into CSV files to make the data compatible with R. In the model, 13 predictor variable for 16 BRT stations are 

considered (fig. 4). A tenfold cross resampling method is applied to evaluate the model. For limited data set the 

evaluation of the machine leaning method is done by using the k-fold cross-validation resampling procedure. It is a 

trendy technique since it is easy to comprehend and less idealistic evaluations of the model expertise than different 

strategies, for example, a straightforward train/test split. It shuffles the dataset randomly and splits the dataset into 

equal size k groups. The one group acts as a validation set, and the method applies on the remaining k-1 groups. 

Data layers are standardized (by taking the average) because the scale value of input features significantly influences 

SVM optimal hyperplane determination. Therefore the standardization of the value of the indicator makes the equal 

importance of every indicators in the SVM model. The SVM model configuration includes a regularization parameter 

'c', kernel function, and kernel function parameters that affect the model performance. The regularization parameter c 

is used to avoid the misclassification of each training. A larger ‘c’ value chooses a smaller margin hyperplane resultant, 

getting all the training points classified correctly. However, a larger 'c' value increased the complexity of the model 

and was influenced by the local support-vector. In contrast, a smaller 'c' value reduces the model complexity by 

producing smoother surfaces and a simpler model. Therefore, to achieve the model best generalization performance, 

an optimal value of c should be identified. In this study, the 'c' value of (2-5, ….25 ) are examined to attain the SVM 

models foremost performance. Moreover, the learning of hyperplane also has a major impact on the performance of 

the SVM model. 

Selection of Kernel Function 

In SVM, there are the linear kernel, polynomial kernel, Sigmoid kernel, Gaussian radial basis function (RBF) kernel, 

and so on. The analogous kernel function can likewise be developed for particular issues. At the point when we are 

utilizing SVM to solve practical issues, at that point choosing kernel function is the key factor. 

In the present study, linear kernel, polynomial kernel, RBF kernel, and Sigmoid kernel functions are tested, each 

kernel function has some parameters (cost (c), gamma (γ), degree (d), coefficient (r))for achieving the good result we 



have to optimize them (table 4). For tuning the parameters, we used the grid search method. In this, we set the upper 

bound and lower bound value (c (2-5,…25), γ (2-3…24), d (0,1,2,3), r (2-3,…23) in the region of the grid to find the 

finest value of parameters. In the RBF kernel, it is not needful to set the parameters. The no. of variable γ increased; 

thus, no. of support vector is decreased. In the polynomial kernel, the kernel parameter's increased value gives better 

rationalization, but after a threshold value, the models' performance is reduced due to over-fitting (Nanda et al. 2018). 

Then Sigmoid kernel function is selected to consign the non-linearity issue in the TODness prediction model based 

on the SVM.

     

                                                                                           Figure 4 - Data used in the study 

 

 

 



Table 4- Type of kernel function used in the study (Nanda et al.,2018). 

Type of Kernel Full name Function Parameters 

Linear Linear Kernel 
K(x, xj) = Φ (x). Φ (xj) 

 
none 

Sigmoid Sigmoid Kernel K(x,xj) = tanh (axTxj+c) 
cost, gamma, 
 coefficient 

PK Polynomial kernel 
K(x, xj) = (1+ x. xj) q 

 

cost, gamma,  
degree, coefficient 

RBF Radial basis function kernel 
K (x, xj) = exp (-λ || x- xj ||2) 

 

cost, gamma 
 
 

 

4.3  Model Evaluation  

By using various accuracy, the SVM model is evaluated. Total classification accuracy depends on the training data 

accuracy set how well we train the model. Furthermore, it measures the robustness of the model. Tenfold cross-

validation was carried out for data set training, divide the data set into ten equivalent subsets. The process was repeated 

ten times, and each subset was allowed to act once as a data set. Test the model to validate the capability of the model. 

Calculation of various parameters such as accuracy, sensitivity, specificity, and precision is calculated for testing the 

performance. The confusion matrix presented in table 5 is based on the presence and absence of TOD. 

Table 5- TOD- non-TOD area confusion matrix 

Predicted/ observed TOD  Non -TOD 

TOD True positive False negative 

Non- TOD False positive True negative 

 

4.4 Statistics for performance calculation 

Based on the predicted outcomes and actual outcomes, we calculated the overall accuracy, precision, sensitivity, and 

specificity using the following formula (Yu et al. 2010; Karimi et al. 2019). 

 Overall accuracy = Tp+Tn 𝑇𝑝+𝑇𝑛+𝐹𝑝+𝐹𝑛 

Precision = 
Tp𝑇𝑝+𝐹𝑝 

Sensitivity = 
Tp𝑇𝑝+𝐹𝑛 

Specificity = 
Tn𝑇𝑛+𝐹𝑝 

Where, TP = True positive  

TN = True negative  

FP = False positive  

FN = False negative  



5. Results  

5.1 MCA Analysis 

The TOD index value for all selected 16 BRT station areas in Bhopal city is shown in table 6 and figure 5, for which, 

on a scale of 1, the maximum index value is 0.74 for New Market and the minimum index value is 0.39 for Ashima 

mall BRT station. Since Newmarket is the CBD (Central Business District) main commercial area of Bhopal city, it 

was expected that they would have high TOD scores. Similarly, the Ashima mall, C-21 mall station is a newly 

developed commercial area with less population density, and others like them were expected to score very low. Thus 

the predictive performance of the TOD index is well demonstrated.  

Table 6- Performance score of selected BRT stations by using the MCE method. 

 

 

 

 

 

 

 

 

 

 

 

 

For validating the results, a sensitivity analysis was performed. In GIS-based sensitivity analysis, we measured the 

variation in the output defined by the variation in inputs. We changed the weights to a certain degree for analyzing 

their effects on the final TOD index. For analyzing the TOD index variations due to minor changes in weights, whether 

significant or not, Sensitivity analysis needs to be performed. The study did the sensitivity analysis on the criteria level 

for cunning TOD index robustness. Performed the analysis at the criteria level because the performance measure 

weights are not as much the criteria weight. The analysis demonstrates that the 10% changes in the criteria weight 

would not influence the TOD index. The impact just affected the slight difference in ranking of the station with little 

contrast of the TOD index. Areas having a score value greater than 0.60 means TOD is present (fig. 4) otherwise need 

to improve TODs level of services (Singh et al. 2017). The output TODness value from Multicriteria analysis was 

used in the present SVM model and other performance measures data. 

Transit stations TODness Score 

Value 

Transit stations TODness Score 

Value 

Ashima Mall 0.39 Halalpur 0.45 

Aura Mall 0.44 Karound Square 0.62 

Beema Kunj 0.46 Koh-E-Fiza 0.48 

Bhopal Railway 
Station 

0.63 NewAshok Garden 0.70 

Board Office 0.71 New Market 0.74 

C-21 Mall 0.40 People Mall 0.62 

Gandhi Nagar 0.48 Piplani 0.65 

Habibganj 0.56 Sai Board 0.60 



 

Figure 5- TOD Index along selected TOD station area 

5.2 SVM 

Through SVM implementation in R, a prediction is made on the data collected from 16 BRTS to predict the TODness. 

Choosing the most informative predictor variables by removing the variables with little importance for the model 

upgrades the model's precision and lessens the complexity (Karimi et al. 2019) and the necessary training and testing 

span. To do so, predictor variables are ranked using the perception of urban decision-makers using the rank sum 

method. As presented in table3, The integration of multicriteria decision-making with GIS has considerably advanced 

the conventional decision-making approaches (Jelokhani-niaraki and Malczewski 2015). Present SVM model 

performs for classifying the BRT station areas in two classes based on earlier mentioned multicriteria analysis data. 

The dataset target consists of binary data, i.e., TOD and non-TOD areas across the selected BRT stations. The SVM 

training algorithm was executed dependent on the SMO technique. Linear, polynomial, RBF, and the sigmoid kernel 

were utilized, and the generalization error of the model was assessed utilizing the tenfold cross-validation method. 

The SVM model with the sigmoid kernel function performed best in prediction compared to linear, polynomial, and 



RBF kernel function, as shown in table 7. Sigmoid kernel function with the value of regularization parameter (c), 

epsilon, gamma, and coefficient value equal to 4, 0, 1, and 1 simultaneously gives the best result, for enhancing the 

accuracy of prediction; the model is tested for a different combination of 'c' value and kernel function. Statistics 

parameters for performance evaluation of models such as sensitivity, accuracy, precision, specificity are presented in 

table 8. The overall accuracy achieved of the model is 93.75%. The SVM approach appears to perform well. SVM 

model with sigmoid kernel function is equal to a two-layer, perceptron neural network. It was pretty prominent for 

SVM because its roots are from neural network theory. 

Table 7 - Comparison of statistical parameters used in the study with the different kernel functions. 

Kernel Function Accuracy Specificity Sensitivity Precision 

Linear 0.75 0.75 0.6 0.75 

Polynomial 0.6875 1 0.61 1 

Sigmoid 0.9375 1 0.88 1 

RBF 0.66 1 0.62 1 

 

Table 8 - Statistics parameters used in the study for performance evaluation of the final model. 

 

Statistic 

parameters 

Accuracy Precision Sensitivity Specificity 

Value % 93.75 100 88 100 

 

In the investigation, a confusion matrix was utilized to gauge the SVM model's presentation regarding classification. 

In the confusion matrix (table 9), the quantities of correct and incorrect expectations are summed up by each class. 

The confusion matrix's diagonal elements show that each class's true positive value (TODness) implies the model 

effectively predicted the target value, and the column addresses the model's predicted value, although the row 

represents the actual value. For example, 1 and 7 values in a column of TOD show model wrongly predicted 1 BRT 

station non-TOD as TOD area (false positive) and correctly predicted 7 BRT station TOD area as TOD area (True 

positive). 

Table 9 - Confusion Matrix 

 

 

6.  Conclusion 

The present study constructs a TODness prediction model to evaluate the transportation systems sustainability status 

and land-use system under TOD mode. The study incorporated the output of multicriteria analysis and the performance 

measures for classifying the TODness of the area by the SVM approach. Total thirteen performance measures namely 

population density, employment density, diversity, mixed-use of land, walkable catchment area, number of high-

Predicted/ Observed Non-TOD TOD 

Non-TOD 8 1 

TOD 0 7 



frequency transit service available, vehicle kilometer traveled (VKT) per capita, travel behavior (Number of trips per 

day %) motorized vehicle, public transport, walking or cycle, walkable path, intersection density, and economic 

development are applied on 16 BRTS area in Bhopal. Sensitivity analysis was performed to distinguish the overall 

significance of TOD performance measures. Model performance was evaluated in the present study with the assistance 

of the confusion matrix. Besides accuracy, any remaining assessment measurements like precision, sensitivity, and 

specificity were also determined from the confusion matrix for dealing with lopsidedness and dis-proportionality in 

datasets. 

Understanding the significance of these performance measures in TOD is very important for classifying the BRTS 

area. As per our concerns, this is the primary investigation wherein the SVM method was effectively used to predict 

the TODness of a region. Without any assumption about the data, such as dependency, the SVM distribution gives an 

efficient solution to prediction problems. Many SVM models are evaluated. The modeling process includes selecting 

the best sampling method, predictor variables, investigation of SVM model parameter, and evaluation metrics 

development. The finding reveals that different values of c, kernel function, and kernel parameters affect the model 

performance. Therefore these parameters are explicitly controlled for each case to amplify the productivity of the 

model. The assessment results demonstrate that the SVM model with the Sigmoid kernel function is the most efficient 

model for TODness prediction of an area with an accuracy of 93.75%. The model can be used to assess the impact of 

land-use patterns, transportation, and travel behavior. Therefore the model will help the urban decision-maker in 

sustainable urban planning policies. According to the study area and data availability, investigating more predictor 

parameters, developing a multiclass SVM model is recommended for forthcoming studies to enrich TODness 

modeling accuracy. 
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Figures

Figure 1

Optimal separating hyperplane schematic diagram



Figure 2

Location of the BRTS and its surroundings Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research
Square concerning the legal status of any country, territory, city or area or of its authorities, or concerning
the delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 3

Flow chart of the applied methodology



Figure 4

Data used in the study



Figure 5

TOD Index along selected TOD station area Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research
Square concerning the legal status of any country, territory, city or area or of its authorities, or concerning
the delimitation of its frontiers or boundaries. This map has been provided by the authors.


