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Abstract 

Driver’s gap acceptance behaviour highly influences the performance and safety of unsignalized intersections. At unsignalized 

intersections, crossing drivers have to accept or reject the available gap. The gap acceptance decision is influenced by different 

dynamics such as traffic, geometric, environmental and human factors. The decision to cross the major road largely depends on the 

speed, distance and the heaviness of the potentially conflicting vehicle on the major road. The driver’s gap acceptance data was 

collected at 4-legged unsignalized intersections. The information such as the type of crossing vehicle, conflicting vehicle, speed 

and the spatial gap was extracted from the video data. This paper deals with the application of three widely used non-parametric 

data mining techniques, namely, Support Vector Machines (SVMs), Random Forests (RF) and Decision Trees (DT) to predict the 

gap acceptance behaviour of the driver. While SVMs are insensitive to class imbalance, decision tree generated by CART algorithm 

provides critical insights into decision making process employed by the driver. Random forests and decision tree implicitly establish 

the relative importance of different factors affecting the driver’s decision. Further, skill scores used to validate the models revealed 

that SVM and DT models performed almost similarly whereas, RF model outperformed SVM and DT.  
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1. Introduction 

Gap acceptance is one of the most important traffic characteristics that has been widely used in the analysis 

of unsignalized intersections. At unsignalized intersections, drivers have to either accept or reject the available gaps. 

The “yes/no” nature of this decision gives gap acceptance a distinctive set of conditions that can be used in the analysis. 

Various studies have analyzed minimum gap (i.e., critical gap) required for the drivers for safe maneuvering. There 

are a variety of factors which influence the decision of minor stream driver during gap acceptance. For example, Polus 

et al. 1  analyzed the gap acceptance at roundabouts and stated that increased waiting time reduced the critical gap and 

vice versa following an ‘S’ curve. The cumulative number of accepted and rejected gaps were used by Raff 2 to 

understand gap acceptance behavior. Hewitt 3 used maximum likelihood method to estimate average value and 

variance of critical gap based on the assumption that accepted gaps and rejected gaps follow the normal distribution. 

Hamed et al.4 used multiple regression model to analyze gap acceptance as a function of the velocity of the major 

stream, the size of turn-left lane, lane number of minor road and conflicting flow volume.  Pant et al. 5 applied neural 

networks and binary logit models to analyze gap acceptance behavior of vehicles at stop-controlled intersections. 

Pawar et al. 6 applied Support Vector Machines (SVM) to predict gap acceptance/rejection for uncontrolled 

intersections and midblock crossing and found that it either outperforms the Binary Logit Models (BLM) in terms of 

the prediction for some data sets or predicts at least as accurately as those using BLM. 

In machine learning, support vector machines (SVMs) are supervised learning models with associated 

learning algorithms that analyze data used for classification and regression analysis. The original SVM algorithm was 

introduced by Vladimir N. Vapnik and Alexey Ya. Chervonenkis in 1963. SVMs constructs a hyperplane or set of 

hyperplanes in a high or multi-dimensional space, which can be used for regression and classification. The term 

Decision Trees (DTs) encompasses a set of non-parametric supervised learning methods used 

for classification and regression. They predict the value of a target variable by learning simple decision rules inferred 

from the data features. Their ability to model complex or high-order interactions among independent variables and 

the ease of interpretation has made DTs desirable for the task of classification. Classification and Regression Tree 

(CART), introduced by Breiman et al.7 is one of the most commonly used binary decision tree algorithms and has 

been applied in business administration, medicine, industry, and engineering fields. Moreover, CART decision tree 

algorithm has been widely used to analyze crash severity in accidents. Pakgohar et al.8 applied CART and Multinomial 

Logistic Regression(MLR) to study the role played by human factors in crash severity and found that results from 

CART were more accurate than MLR. They also stated that results obtained from CART are simpler to understand 

and interpret. CART was also used by Kashani et al.9 to identify the most important features that contribute to crash 

severity of accidents in Iran rural roads. However, decision trees grown very deep tend to overfit to the training data 

i.e. they have low bias and high variance. Random Forests, introduced by Breiman et al.10, are an ensemble learning 

method for classification and regression that address this issue by averaging multiple deep decision trees, trained on 

different parts of the same training set. This algorithm also has been widely used in analyzing traffic accidents. Rami 

Harb et al.11 used random forests to understand the various attributes of human, vehicle and environment that result 

in crash evasive actions. 

The objective of this study is to evaluate the application of SVM, DT and RF techniques for classifying and 

predicting gap acceptance decisions. We collected drives’ gap acceptance data at four un-signalized intersections for 

analysis. SVM, DT and RF models were developed to predict gap acceptance behavior of the driver. 

2. Background 

2.1. Support Vector Machines 

Support vector machine is a supervised machine learning algorithm that is widely used for classification. 

SVM tackles the task of classification by finding an optimal hyperplane that separates the two classes. While multiple 

solutions may exist that can completely classify the training data, SVM chooses the decision boundary that minimizes 

the generalization error by selecting the hyperplane that provides maximum separation or margin between the classes. 

Margin is defined as the perpendicular distance between the decision boundary and the closest of the data points which 

are called support vectors. The parameters of the linear classification model of the form, f(x) = w.x+b, can thus be 

obtained by minimizing the following objective function. 
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arg 𝑚𝑚𝐵𝐵𝑚𝑚w,b  { 1||𝑊𝑊|| 𝑚𝑚𝐵𝐵𝑚𝑚n [𝑡𝑡𝑛𝑛(𝑊𝑊𝑇𝑇 . 𝑋𝑋𝑛𝑛 + 𝑏𝑏)]} 
(1) 

Where 𝑡𝑡𝑛𝑛  is either +1 or -1 depending on the class to which the data point belongs and 𝑋𝑋𝑛𝑛  is the 

corresponding feature vector. In order to account for noisy data, a slack variable (𝜁𝜁𝑛𝑛) is introduced for each training 

data point whose value is proportional to the distance of the data point from the margin. The tradeoff between the 

slack variable penalty and the margin can be controlled through the hyper parameter C > 0. By scaling 𝑊𝑊 and 𝑏𝑏 

appropriately, the optimization can be expressed as follows: 

arg 𝑚𝑚𝐵𝐵𝑚𝑚w,b  {𝐶𝐶 ∑ 𝜁𝜁𝑛𝑛𝑁𝑁
𝑛𝑛=1 +  12 ||𝑊𝑊||2} 

(2) 

Subject to the constraints:  𝑡𝑡𝑛𝑛(𝑊𝑊𝑇𝑇 . 𝑋𝑋𝑛𝑛 + 𝑏𝑏) ≥ 1        n = 1, 2,.., N.              and; 𝜁𝜁𝑛𝑛 > 0 

In the cases where the data is not linearly separable, the kernel trick is applied to transform the feature space 

to a higher dimension space where the data is linearly separable. The decision boundary can be expressed in terms of 

Lagrange multiplier {𝐵𝐵𝑛𝑛} and the kernel function  𝐾𝐾(𝑚𝑚, 𝑚𝑚′) as follows: 

𝑦𝑦(𝑚𝑚) = ∑ 𝐵𝐵𝑛𝑛𝑡𝑡𝑛𝑛𝐾𝐾(𝑚𝑚, 𝑚𝑚′) + 𝑏𝑏𝑁𝑁
𝑛𝑛=1  

(3) 

One common example of kernel function is the Gaussian radial basis function given by: 𝑦𝑦𝐾𝐾(𝑚𝑚𝑖𝑖 , 𝑚𝑚𝑗𝑗) = exp (− ||𝑚𝑚𝑖𝑖  −  𝑚𝑚𝑗𝑗||22𝛿𝛿2 ) 

(4) 

Where, 𝛿𝛿2 is the bandwidth of the kernel. In the present study, since the classes were overlapping, we used a soft-

margin SVM with RBF kernel. 

2.2. Decision Tree  

Decision tree (DT) is a predictive model that can be used for both classification and regression. They can be 

represented graphically as hierarchical structures making them easy to interpret. In a DT, each node represents an 

attribute variable and each branch represents the state of this variable. The terminal node or the leaf node specifies the 

expected class of the data point. In order to make the decision about a new data point, it is made to transverse the tree 

starting from the root node until it falls into one of the leaf nodes. The class denoted by the leaf node denotes the 

predicted class of the data point.  

For the construction of decision tree, a greedy approach is adopted in which trees are built in a top-down 

recursive divide-and-conquer manner. The training set is recursively partitioned into smaller subsets as the tree is 

being built. Splitting into smaller subsets is continued until the purity of the subset can no longer be increased. CART 

uses GINI index of diversity as the measure of impurity of the node or diversity of classes in the node. For all input 

variables, splitting is performed by searching over all possible threshold values of splitting points so as to find the 

maximum threshold value, which changes the impurity of the resultant nodes. For a node 𝒕𝒕, GINI index is defined as 

follows:  𝐺𝐺𝐺𝐺𝑃𝑃𝐺𝐺(𝑡𝑡) = 1 − ∑[𝑝𝑝(𝐵𝐵 𝑡𝑡⁄ )]2𝑐𝑐−1
𝑖𝑖=0  (5) 

where 𝑝𝑝(𝐵𝐵 𝑡𝑡⁄ ) denotes the fraction of observations in node 𝑡𝑡 that belong to class i, and c denotes the total 

number of classes. 
Since the maximal binary tree thus grown is prone to overfit, pruning is performed. In CART, cost-
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arg 𝑚𝑚𝐵𝐵𝑚𝑚w,b  { 1||𝑊𝑊|| 𝑚𝑚𝐵𝐵𝑚𝑚n [𝑡𝑡𝑛𝑛(𝑊𝑊𝑇𝑇 . 𝑋𝑋𝑛𝑛 + 𝑏𝑏)]} (1) 

𝑡𝑡𝑛𝑛 𝑋𝑋𝑛𝑛𝜁𝜁𝑛𝑛 𝑊𝑊 𝑏𝑏
arg 𝑚𝑚𝐵𝐵𝑚𝑚w,b  {𝐶𝐶 ∑ 𝜁𝜁𝑛𝑛𝑁𝑁

𝑛𝑛=1 +  12 ||𝑊𝑊||2} (2) 

𝑡𝑡𝑛𝑛(𝑊𝑊𝑇𝑇 . 𝑋𝑋𝑛𝑛 + 𝑏𝑏) ≥ 1        n = 1,𝜁𝜁𝑛𝑛
{𝐵𝐵𝑛𝑛} 𝐾𝐾(𝑚𝑚, 𝑚𝑚′)

𝑦𝑦(𝑚𝑚) = ∑ 𝐵𝐵𝑛𝑛𝑡𝑡𝑛𝑛𝐾𝐾(𝑚𝑚, 𝑚𝑚′) + 𝑏𝑏𝑁𝑁
𝑛𝑛=1

(3) 

𝑦𝑦𝐾𝐾(𝑚𝑚𝑖𝑖 , 𝑚𝑚𝑗𝑗) = exp (− ||𝑚𝑚𝑖𝑖  −  𝑚𝑚𝑗𝑗||22𝛿𝛿2 ) (4) 

𝛿𝛿2
 

𝒕𝒕
𝐺𝐺𝐺𝐺𝑃𝑃𝐺𝐺(𝑡𝑡) = 1 − ∑[𝑝𝑝(𝐵𝐵 𝑡𝑡⁄ )]2𝑐𝑐−1

𝑖𝑖=0  

𝑝𝑝(𝐵𝐵 𝑡𝑡⁄ ) 𝑡𝑡
 

complexity pruning algorithm is used for post-pruning. In this approach, the cost complexity of the tree is considered 

as a function of number of leaves in the tree and its error rate which is computed as the percentage of tuples 

misclassified by the tree. Starting from the bottom, for each internal node N, cost complexity of the subtree at N, and 

the cost complexity of the subtree at N if it were replaced by a leaf node are calculated. If there is a decrease in cost-

complexity after pruning, then the subtree is pruned. A pruning set of class-labelled tuples, which is independent of 

the training set used to build the unpruned tree, is used to estimate cost complexity. From the set of progressively 

pruned trees generated by the algorithm, the smallest decision tree that minimizes the cost complexity is chosen. 

2.3. Random Forests 

Random forests are an ensemble learning method widely used for classification and regression tasks. This 

technique combines Brieman’s bagging idea and Ho’s “random subspace method” to construct a collection of decision 

trees with controlled variations. By building a multitude of weak decision tree classifiers in parallel and then 

combining them to form a single, strong learner by averaging their individual predictions, Random forests correct for 

the decision trees’ habit of overfitting to their training sets. The pseudocode of the algorithm is shown below. 

The algorithm works as follows: For each tree in the forest, a bootstrap sample is selected from the original 

data. The bootstrapped sample is obtained by randomly selecting instances from the original data with replacement 

and is of the same size as the original data set. A decision tree is then grown to the maximum extent possible without 

pruning on the bootstrapped sample using a modified decision-tree learning algorithm. The tree-learning algorithm is 

modified as follows: At each node, best split is selected by examining a random subset of features rather than the 

complete feature set. Since deciding the best-split is the most computationally expensive aspect of the learning process, 

choosing a subset of features will drastically speed up the learning of the tree. Once all the trees are constructed this 

way, final predictions are obtained by averaging individual predictions of the trees.  

Algorithm: Random Forest 

Precondition: A training set S : = (x1, x2),…, (x1, x2), features F, and number of trees in forest B. 

1 function RANDOMFOREST (S, F) 

2    H ← θ 

3    for i ϵ , …, B do  

4           S(i) ← A bootstrap sample from S 

5           hi ← RANDOMTREELEARN (S(i), F)  

6           H ← H U {hi} 

7     end for  

8     return H 

9 end function 

10 function RANDOMIZEDTREELEARN 

11      At each node: 

12           f ← very small subset of F 

13           Split on best feature in f 

14      return The learned tree  

15 end function  

By using the bagging technique to build an ensemble of decision trees, random forests achieve lower 

variance. However, in traditional bagging, constituent trees may end up being highly correlated as same features tend 

to be used repeatedly to split the bootstrap samples. By modifying the tree learning algorithm to choose features from 
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random subsets, the correlation between the trees comprising the ensemble is reduced. This way, random forests tend 

to achieve superior performance. 

3. Data Description 

Data collected from three four-legged un-signalized intersections was used for the analysis. Data collection 

focused on recording the behavior of drivers intending to cross the major road and drivers on the major road 

approaching the intersection. The selected 4-legged intersections were located on inner arterial roads with posted 

speed of 40 km/hr. The data set consisted of a total of 1234 observations. The feature set consists of two numerical 

variables describing the speed and distance of the approaching vehicle and a categorical variable describing the nature 

of the subject vehicle and the approaching vehicle.  
Figure 1 shows the plot of spatial gaps and the associated approach speed of the respective vehicles on the 

main line stream for a typical 4 legged intersection. The accepted gaps and rejected gaps are distinguished in the 

Figure. 

 

Fig. 1. Observed trajectories of main line stream vehicles while acceptance and rejection by minor road vehicle 

4. Methodology 

We modeled the gap acceptance behavior of the driver to predict whether the gap would be accepted or 

rejected. Three features, namely, the speed of the approaching vehicle, the distance between the approaching vehicle 

and subjective vehicle and a variable encoding information about the type of subject and through vehicle are used for 

building the models. A data classification task typically involves two steps, training the model on the available data 

and validating it by predicting the categorical labels of unseen data using the model. To replicate this process, 80% of 

the samples were used for training and the remaining 20% were used for validation. For the analysis of 4-legged 

intersections, we used 987 gap/lag values for training and 247 gap/lag values for validation. Based on the data 

collected, the performances of Support Vector Machine, Decision tree and Random forest models are evaluated and 

compared. 

SVM and Random forest models were implemented using the python programming language whereas 

decision tree algorithm has been implemented using R-Project. The optimum value for the parameters required in the 

construction of random forest and SVM models were selected by performing a grid search over all possible 

combinations of parameter values. Ten-fold cross-validation technique was employed. 

In order to evaluate the performance of the three gap acceptance prediction algorithms, we compute bias, 

probability of detection, probability of non-accepted detection and accuracy based on a confusion matrix (Table 1): 
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        Table 1. Confusion Matrix. 

 

 

 

 

 

 

 

 

 Bias: It is the ratio of number of predicted accepted gaps to the total number of observed accepted gaps. It 

indicates whether the classifier underestimates or overestimates the number of accepted gaps. 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = 𝑓𝑓 + ℎ𝑚𝑚 + ℎ (6) 

 

 POD: It is the ratio of the number of correctly predicted accepted gaps to the total number of observed 

accepted gaps. It gives the fraction of observed rejected gaps that are correctly forecasted. 𝑃𝑃𝑃𝑃𝑃𝑃 = ℎ𝑚𝑚 + ℎ 

          (7)      

 POND: It is the ratio of the number of correctly predicted rejected gaps to the total number of observed rejected 

gap values. It indicates the fraction of observed rejected gaps that are correctly detected. 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑧𝑧𝑧𝑧 + 𝑓𝑓 
(8)          

5. Results and Discussion 

5.1. Decision Tree Model  

A decision tree is constructed employing the CART algorithm discussed in Section 2.2 as shown in Figure 

2. A rule can be obtained for each node by tracing its path from the root node. Each splitting criterion along a given 

path can be combined through the logical “AND” operation to form the rule antecedent (“IF” part) and the majority 

class forms the consequent (“THEN” part). Each of these rules can be assessed by their coverage and accuracy. While 

coverage is the percentage of tuples that are covered by the rule (i.e., their attribute values hold true for the rule’s 

antecedent), accuracy considers the tuples that it covers and indicates what percentage of them the rule can correctly 

classify. In figure 2, for each node, the feature selected to split the node further, accuracy and coverage of the rule 

represented by the node are mentioned.  

The splitting procedure is as follows: The initial splitting of node 1 is based on the spatial gap. Instances, 

where spatial gap is less than 34 m go to the right, forming node 3 while the others form node 2 in the left. Though 

the majority decision in node 3 and node 2 is to reject and accept the gap respectively, the majority is not sufficient to 

take the decision. Hence the nodes 2 and 3 are further split on the spatial gap criteria to form terminal nodes 4 and 7, 

and intermediate nodes 5 and 6. The terminal nodes 4 and 7 respectively indicate that the driver makes the decision to 

accept the gap when the distance is greater than 58m with an accuracy of 97% and decides to reject the gap when the 

distance is less than 24 m with an accuracy of 98%. The terminal nodes 4 and 7 cover 9% and 67% of the data points 

respectively. For cases where the distance of approaching vehicle is in the ambiguous range of 24 m to 58 m, the 

algorithm selects speed of the through vehicle as the criteria to take the decision. With speed of 45 km/hr. and 26 

km/hr as the chosen split for nodes 4 and 5 respectively, terminal nodes 8, 9, 10 and 11 are formed. For vehicles at a 

distance of 34 m to 58 m, the gap is accepted if their speed is less than 45 km/hr. or else, the gap is rejected. On the 

other hand, for vehicles at a distance of 24 m – 34 m, the gap is not accepted unless the speed is less than 26 km/hr. 

Ease of interpretability of decision trees helps us understand the reasoning behind the driver’s decision to 

accept or reject the gap. Further, splitting the data using the most informative feature first, provides an insight into the 

 Observed Accept Observed Reject 

Predicted Accept Hits(h) False Alarms(f) 

Predicted Reject Misses(m) Correct  Negatives(z) 
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relative importance of the features. Spatial Gap being chosen as the basis for the first split indicates that it may have 

the most significant effect on the driver’s decision to accept or reject the gap. This finding also makes intuitive sense 

as the distance of approaching vehicle can be more easily perceived than the speed. Further, the feature obtained by 

joining the type of subject vehicle and through vehicle did not even appear in tree post pruning indicating that nature 

of the vehicle played little role in influencing the driver's’ decision. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Decision tree for gap acceptance 

5.2. Comparison of SVM, Decision tree and Random Forest 

From the skill scores for SVM, Decision Tree and Random Forest (see Table 2), it is evident that all the 

models perform reasonably well. The overall accuracy is highest for Random Forest followed by SVM and Decision 

Tree indicating that Random Forest model is the most precise. The difference in accuracy score between SVM and 

DT is not very significant. Probability of detection (POD) and Probability of non-detection (POND) also follow a 

similar trend indicating that Random forests perform also perform the task of accurately predicting accepted gaps and 

rejected gaps better than SVM and DT. However, it must be noted that the bias score for SVM and Decision Tree 

models is closer to one than for Random Forest model.  

 

                 Table 2. Skill Scores for SVM, DT and Random Forest. 

                         

 

 

 

 

 

6. Summary and Conclusions 

This study evaluates and compares the performance of SVM, Random forests and Decision tree algorithm to classify 

and predict driver’s gap acceptance/rejection decision at uncontrolled intersections. Data at three 4-legged 

intersections was collected and used to develop the models. Since all three are non-parametric techniques, no 

 SVM Decision Tree Random Forest 

Bias 0.97 0.97 0.94 

POND 0.97 0.95 0.98 

POD 0.86 0.81 0.90 

Accuracy 0.94 0.93 0.97 
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Spatial Gap 

Coverage: 100% 

Accuracy: 78% 
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N1 
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Coverage: 15% 

Accuracy: 66% 

N1 
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Coverage: 9% 

Accuracy: 71% 

N1 

Spatial Gap 

Coverage: 67% 

Accuracy: 98% 
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Accuracy: 74% 
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Coverage: 2% 

Accuracy: 89% 
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Coverage: 1% 
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Accuracy: 79% 
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<26km/hr 
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assumption is needed to be made on the underlying data distribution. Skill scores such as Bias, POD, POND and 

Accuracy were used for performance evaluation. Study results were found to be promising.  

While SVMs seem to perform better than Decision Trees the difference is not significant. Since SVMs are 

insensitive to class imbalance in the training data, they are expected to perform better than other models. However, 

SVMs also have some disadvantages over Decision trees. First, Decision tree and Random Forest models provide 

information about the relative importance of variables, SVM cannot give this information. The inclusion of 

insignificant variable may result in over-fitting. Second, for large datasets, solving the quadratic program during the 

training procedure becomes difficult with standard QP solvers15. Further, as seen in Section 5.1, decision tree models 

can be used to determine interactions between variables and useful decision rules can be inferred. This can prove to 

be useful, especially when dealing with a large number of features as they perform implicit feature selection. 

While all the three algorithms perform reasonably well, Random Forest technique outperforms SVM and 

Decision tree model in terms of prediction. Further, Random Forests are faster to train, have fewer parameters to be 

tuned and can handle a large number of predictors without requiring any variable selection. These advantages of 

Random forests and better performance as observed from our results indicate that Random Forest algorithm has very 

good potential to be an alternative tool for the gap acceptance/rejection predictions.  

Precise prediction of gap acceptance at uncontrolled road sections is of great importance in developing real- 

time applications such as Advanced Warning and Safety System (AWSS) and Advanced Traffic Management Systems 

(ATMS). Such systems help drivers choose an appropriate course of action at un-signalised intersections. Future 

studies should apply the Random forest technique to the gap acceptance data from different cities and check the 

applicability of the models developed.  
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