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Abstract: Estimation and analysis of traffic jams plays a vital role in an intelligent transportation 
system and advances safety in the transportation system as well as mobility and optimization of 
environmental impact. For these reasons, many researchers currently mainly focus on the brilliant 
machine learning–based prediction approaches for traffic prediction systems. This paper primarily 
addresses the analysis and comparison of prediction accuracy between two machine learning 
algorithms: Naïve Bayes and K-Nearest Neighbor (K-NN). Based on the fact that optimized 
estimation accuracy of these methods mainly depends on a large amount of recounted data and that 
they require much time to compute the same function heuristically for each action, we propose an 
approach that applies multi-threading to these heuristic methods. It is obvious that the greater the 
amount of historical data, the more processing time is necessary. For a real-time system, 
operational response time is vital, and the proposed system also focuses on the time complexity 
cost as well as computational complexity. It is experimentally confirmed that K-NN does much 
better than Naïve Bayes, not only in prediction accuracy but also in processing time. Multi-
threading-based K-NN could compute four times faster than classical K-NN, whereas multi-
threading-based Naïve Bayes could process only twice as fast as classical Bayes.     
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1. Introduction 

Although the traffic jam issue is not a new research 
area, it is a daily obstacle that people have been facing, 
especially in urban areas. For the sake of human resources 
time and energy savings, for environmental pollution 
compensation, and to minimize ventilation costs in tunnels, 
it has become one of the most important problems to be 
handled throughout the world. There are two important 
things for a traffic prediction system. The first priority is to 
get valuable and accurate traffic data, and the second is to 
compute and estimate the traffic condition with an efficient 
processing time. 

First, to accurately estimate traffic conditions, getting 
traffic history data is an important part of the traffic system. 

Therefore, the most popular data sources are roadside 
cameras, GPS-enabled mobile devices and vehicles, 
roadside-sensors, traffic information services, loop 
detectors, etc. 

Inductive loop detectors are widely used, not only in 
traffic prediction systems, but also at entrances to gated 
parking facilities, because they give high-accuracy data. 
However, loop detectors cannot work well during bad 
weather conditions, and maintenance and installation costs 
are very high because they have to be set up under 
pavement [1]. The next data resource to get traffic data 
from is GPS systems. Nowadays, mobile phone markets 
have expanded dramatically, and smartphones have 
embedded sensors with GPS-like capabilities. 
Consequently, GPS-enabled devices are also a state-of-the-
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art source in traffic prediction systems, as well as 
telephone services. For a traffic prediction system, they 
can overcome maintenance costs, whereas they sacrifice 
privacy and have low accuracy, compared with other 
sensors (especially in bad weather conditions). 

To avoid these issues, this paper mainly utilizes 
roadside cameras to gather traffic data. Still, the 
performance of the sensor lessens under the bad weather 
conditions as the traffic camera fails to capture images 
vividly. To overcome the above issue, this paper 
considered many factors, such as weather conditions, 
special days, rush hour or normal times, weekdays, and 
weekends.  

These attributes are labeled in the following form:           
 
< NumberofCars, SpecialDay, WeatherCondition,  

     CurrentTime, TypesofDay >                                 (1) 
 
There are many situations that cause traffic jams, such 

as bad weather and special days like holidays and festivals. 
For example, during the Naha Festival, the roads 
connecting to this area are almost completely blocked by 
cars, which causes serious traffic jams. Besides, from our 
experience, traffic congestion is more likely to occur on 
weekdays than on weekends. The event described causes 
an almost non-stop traffic jam in downtown areas in 
different ways. According to the analysis above, there is a 
link between traffic jams and the environment. By 
combining the data from roadside cameras with these 
circumstances, better results could be predicted than by 
using stand-alone functions. As previously described, the 
accuracy of the traffic prediction system depends mainly 
on having a huge amount of historical records, so it takes 
much time to finish each process. Moreover, the classical 
machine algorithm also needs a certain amount of time to 
execute, because each instance to be classified must be 
compared to each of the training examples.  

For these issues, this paper applied a multi-threading 
technique to a traffic prediction system, aiming to reduce 
the run-time for estimation processes. Parallel multi-
threaded processing is especially valuable for data mining 
and statistical computations due to the fact that most data 
processing is translated into a large number of 
mathematical CPU operations that generally can be 
processed in parallel [2].  

The rest of this paper is organized as follows. Section 2 
describes related works. Section 3 presents data collection 
and representation. Section 4 illustrates the traffic 
prediction model, and the analytical model is presented in 
Section 5. Finally, Section 6 is the conclusion. 

2. Related Work 

Researchers have implemented traffic flow estimation 
models by employing many different kinds of appropriate 
approaches, such as supervised or unsupervised learning, 
image processing, etc., taking into account different factors, 
such as weather conditions and if it is a weekday, a 
weekend, rush hour, or a holiday, employing data from 
different sources, like roadside cameras, loop detectors, 

GPS-enabled vehicles, and mobile devices. 
The camera detector also plays an essential role in 

tracking real-time traffic information in the intelligent 
transportation system (ITS) research field, and provides an 
attractive option to earlier sensors. Moreover, video-stream 
processing for traffic congestion is critical in controlling 
city traffic. Niksaz [3] proposed a system that estimates the 
amount of traffic on highways by identifying the number 
of cars, utilizing one of the image processing techniques: 
background subtraction. Before this task, each frame is 
compared with the first frame, and if the number of cars is 
more than a threshold, it is assumed that there is traffic. 
However, the system predicted traffic congestion by 
considering only background and does not consider any 
other factor that can cause traffic. Rosenbaum et al. [4] 
designed a system that extracts traffic data from roadside 
cameras by a priori information from a road database of 
the approximate locations of road axes in geo-referenced 
and ortho-rectified images. First, vehicle detection is 
executed, and then velocity is obtained by applying a 
vehicle tracking technique. In this case, it is obvious that 
these authors mainly focused on only one resource in order 
to predict traffic conditions. 

There are many works that consider different kinds of 
real input data that might influence traffic, such as weather 
data, time, etc. Hashemi et al. [5] proposed classification 
models in terms of if-then rule sets for short-term traffic 
prediction on a highway section by applying supervised 
data mining learning algorithms, like classification trees, 
random forest, Naïve Bayes and CN2. According to the 
results of their paper, classification trees and random forest 
have the highest quality in prediction accuracy, compared 
to Naïve Bayes and CN2. Average prediction accuracy by 
utilizing these classification methods was 80%.  

Sarin et al. [6] developed a forecasting model named 
JamBayes for traffic flow and congestion in the Greater 
Seattle area, aiming at using different versions on different 
devices, smartphones, and desktops. The model of this 
work was constructed by employing a Bayesian network, 
which is a powerful approach to approximating traffic 
flows. 

Another popular resource for collecting real-time 
traffic information is the GPS-enabled mobile phone. 
Herring [7] used the mobile phone for traffic estimation, 
and discussed the requirement of having GPS-level 
precision for computing reasonable estimates of travel time 
and speed. Wang et al. [8] and Wang and Zhu [9] 
concluded that GPS-equipped mobile phones will become 
a more attractive alternative approach to traffic monitoring. 
However, saving energy is the most important factor in 
using a mobile device. To compensate for this weakness, 
some authors use cloud computing in order to execute the 
complex functions, instead of a mobile operating system. 

As discussed above, these papers only emphasized 
prediction accuracy and did not consider improving the 
processing time. 

This paper models a traffic flow prediction system by 
combining traffic data from roadside cameras and other 
influential factors, such as weather conditions, rush hour 
times, special days, weekdays, and weekends, aiming to 
have them complement each other perfectly. This work 
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builds on earlier work [10] and implements it by using a 
K-NN approach, applying a multi-threading technique to 
both Naïve Bayes and K-NN algorithms, aiming to 
upgrade processing performance, because traffic 
conditions will change very rapidly. Moreover, traffic 
information is vital, not only for traffic prediction systems, 
but also for traffic control guidance and traffic information 
services. Thus, the demand to prove traffic information 
accurately and rapidly is growing these days. 

3. Data Collection and Representation 

By representing the data in table form, we can gain a 
deep understanding by establishing key principals between 
cause and effect. The effects (traffic status at Red or 
Yellow or Green) can happen due to things like weather 
conditions, time (rush hour or not), road conditions, and 
holidays. Table 1 shows a data representation of traffic 
history, including five attributes, with the last column 
denoting the classes. 

Each example is a minute defined in terms of the 
features Current Time, Kind of Day, Special Day, Number 
of Cars, and Weather Condition, along with the class label 
that describes whether traffic is in a Red, Green, or Yellow 
condition at that time. The Condition attribute has three 
values: 1 means sunny, 2 is cloudy, and 3 is raining. 
According to the following table, traffic in the Red 
condition can occur when the weather is bad (3) and the 
number of cars running on the road is high. 

In this work, the traffic data were collected for five 
months mainly from roadside cameras primarily at Ojana 
Junction, one of the busiest routes in Okinawa, Japan. Fig. 
1 is a picture of Ojana Junction taken around 1:00 PM. 

4. Traffic Prediction Model 

In this paper, two machine learning approaches, Naïve 
Bayes and K-Nearest Neighbor, were applied to predicting 
traffic conditions, and a multi-threading technique was 
also applied in order to reduce the processing time for 
these two historical-based and CPU-intensive algorithms.  

4.1 Naïve Bayes Classifier  
Naïve Bayes Classifier is based on Bayes’s Theorem 

and computes which class has the highest probability for 
the classified instance. The Naïve Bayes classifier is one of 
the widely used supervised learning algorithms for many 
practical applications. It calculates the posterior probability 
of each class given the instance value. In other words, the 
assumption is that given the target value of the instance, 
the probability of observing conjunction a1, a2 ... an is just 
the product of the probabilities for the individual 
attributes: 

P(a1, a2 . . . an, | vj) = ∏i P(ai lvj) [11]. 
This task is to estimate the target value (Red, Yellow, 

or Green) of the target concept Traffic Condition for this 
new instance. Each traffic condition was estimated by 

applying the following model: 
 

 ( ) ( )NB vj V j i i iV argma v |x P P a v∈= ∏            (1) 
 

where V = {Red, Yellow, Green}, VNB defines the output 
value of the target concept, argmax stands for the largest 
output of V, P(vj) is the prior probability of the observed 
instance occurring in vj and ∏i P(ai|vi) is the product of the 
conditional probabilities of term ai occurring in class vi for 
the individual attributes. To classify whether the following 
observed instance is at Red or Yellow or Green status: 

 
<CurrentTime=High, KindofDay = Weekday,  
SpecialDay= No, NumberofCars = High,  
WeatherCondition = 2> 
 
Let us apply the Naïve Bayes classifier, Eq. (1) to the 

traffic prediction system to forecast the target concept 
{Red, Yellow, Green} and define Eq. (2) 

 

{ } ( ) ( )NB vj j i i iRed, Yellow, GeenV argmax P v P |a v∈= ∏  

                                              ( )vj j argmax P v=   

 

Fig. 1. Ojana Junction (Route 58), Okinawa, Japan. 
 

Table 1. Traffic Data Set. 

Current 
Time

Kind of
Day 

Special 
Day

Number 
of Cars 

Weather 
Condition

Traffic 
Condition

Low Weekday No Low 1 Green 
Low Weekday No Low 1 Green 

Medium Weekday No Medium 2 Yellow
High Weekday No High 3 Red 
High Weekday Yes High 3 Red 
High Weekend No Medium 2 Red 

Medium Weekday No High 3 Red 
Medium Weekend No Medium 2 Yellow

Low Weekday Yes Low 2 Green 
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                              P(CurrentTime = High | vj) 
                           P(KindofDay = Weekday | vj)  
                                    P(SpecialDay = No | vj)  
                           P(NumberofCars = High | vj)  

                                 P(WeatherCondition = 2 | vj)          (2)  
                                         
The probability of each different target value is 

estimated based on the frequency over the training 
examples. To summarize, the Naïve Bayes classification 
VNB is the classification that maximizes the probability of 
observing the traffic condition, subject to the usual Naïve 
Bayes independence assumption.  

4.2 Issue of Naïve Bayes Classifier   
Naïve Bayes is one of the famous machine learning 

algorithms and, as we know, it consistently needs a huge 
amount of history data in order to get accurate prediction 
results. Therefore, it completely depends on having a large 
amount of history data. Consequently, it is going to face a 
performance degradation problem when the amount of 
history data is big, because the waiting time in the queue 
grows longer. 

Table 2 illustrates the number of times the frequency of 
the instance value matched the target function over the 
training set for each observed instance. Naïve Bayes must 
compute the probabilities of three status conditions (Red, 
Yellow and Green) for each observed instance, and then it 
chooses the one that has the highest probability as an 
estimation result. To estimate as discussed above, it needs 
to count how many cases there are that match the target 
concept throughout the training set. In this case, it must 
scan the database nine times for the CurrentTime attribute 
because it has three values, High, Medium, and Low. For 
SpecialDay and KindofDay, it must read the dataset six 
times each. For NumberofCars and WeatherCondition, 
each needs nine scans. The total number of comparisons 
that Naïve Bayes must execute is 42 * N times for only 
one observed instance in the traffic prediction system, 
where N is the number of training examples (the history 
data). Therefore, the time complexity for the Naïve Bayes 
classifier is O(M*N), where M is the total number of 
attribute values, and N is the total number of training 
examples. 

4.3 Multi-threaded Naïve Bayes-based 
Traffic Prediction System  

To reduce processing time and speed up the estimation 
time for the traffic prediction system, a multi-threading 

technique, or P-thread, was applied to the Naïve Bayes 
classifier, as shown in Fig. 2. 

In this approach, every observed instance to be 
classified as Red or Yellow or Green status is stored in a 
queue, and then it creates a thread for each coming 
observed instance. After that, it passes two parameters 
(observed instance and a matrix of traffic history data for 
each thread), and then it estimates the traffic condition 
with its own data independently and simultaneously. The 
detailed process of multi-threaded Naïve Bayes can be 
seen in Algorithm 1: 

 
Input: CurrentTime, KindofDay, SpeciaDay,  
NumberofCars, WeatherData 
Output: Percentage of each traffic state (Red, Yellow,  
Green) 

4.4 K- Nearest Neighbor (K-NN)  
K-NN is also a powerful instance-based learning 

algorithm in real-world systems like traffic prediction, 
environmental climate sensing, and health care. It defines 
the nearest neighbor of the observed instance by detecting 
predefined classes based on their similarities, given a set of 
data points in space Q, and an observed instance I Q.∈  
Similarity is defined as a distance metric, which is 
symmetric and satisfies the triangle inequality. Q is the d-

Table 2. Calculation for No: of Comparison Times

Class Type Class Value No: of Value for 
Current Time 

No: of Value for 
Special Day 

No: of Value 
for Kind of 

Day 

No: of Value 
for Number 

of Cars 

No: of Value for 
Weather 

Condition 

Total No: of 
Comparison for 

each Class 
Green 1 3 2 2 3 3 14 

Yellow 1 3 2 2 3 3 14 
Red 1 3 2 2 3 3 14 

Total No: of 
Comparison times 3 9 6 6 9 9 42 

 

Fig. 2. P-Thread-based Bayes Classifier. 

https://en.wikipedia.org/wiki/Distance_metric
https://en.wikipedia.org/wiki/Triangle_inequality
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dimensional vector space where similarity is measured 
using Euclidean distance. More precisely, let an arbitrary 
instance, x, be described by the following feature vector: 

 
< x1, x2, x3, …, xn > 
 

where x signifies the kth attribute value of instance x. 
Finally, it finds the closest point in Q to I. In this work, to 
compute the similarities between the observed instance and 
previously collected data, the standard Euclidean distance 
was used. The distance between two instances, xi and xj, is 
defined as d (xi, xj), where  

 

 d ( ) ( )2

1

,
n

i j i j
k

x x x x
=

= −∑                      (3) 

 
If d (xi, xj) = 0, the two instances are almost the same. 

Otherwise, they vary. 

4.5 Weakness of K-NN  
The K-NN algorithm is a supervised lazy classifier that 

has local heuristics. For each observation instance, it 
computes the distance from the observed instance to each 
training datum in space Q to find the closest distance, d. 
Because of that, K-NN becomes lazy. Being a lazy 
classifier, it is very difficult to use in a real-time prediction 
system. On the other hand, as it relies on matching 
methods to retrieve stored cases, learning is delayed. 
Therefore, classification time with most of the power 
resides in the matching scheme, and because of that, it is 
sometimes called a lazy learner [12]. In general, the time 
complexity of the KNN classifier in Big Oh notation is 

n 2 where n is the number of training examples. So, when 
the amount of data increases, classical K-NN usually 
suffers from slow computation. Finally, this lazy 
computation significantly kills the performance of K-NN. 

4.6 Multi-threaded K-NN Traffic 
Prediction System 

To overcome this lazy execution and to speed up 
computation time, a multi-threading technique was applied 
to K-Nearest Neighbor, as was done with the Naïve Bayes 
classifier. In this work, K is 3. The detailed process of 
multi-threaded K-NN is described in Algorithm 2, and the 
overall architecture of multi-threaded K-NN is illustrated 
in Fig. 3. 

5. Analytical Model 

This section demonstrates not only a comparison of the 

Algorithm 1 : 

1) Read history data from traffic database. 
2) Queue receives new observed instance from resource 
side and calculates current time and current day. 
3) Create threads that call NaiveBayesClassifier() by 
passing two parameters: history data and observed 
instance. 
4) Each thread classifies the traffic condition 
independent of other threads and simultaneously. 
5) Return the final prediction result to main thread. 
 
Procedure: NaiveBayesClassifier() 
1) Calculate Prior Probability P(vi) 
2) Calculate Conditional Probability P(ai|vi) 
3) Calculate the value of three traffic conditions (Red, 
Yellow and Green) using Naïve Bayes  
 

{ } ( ) ( )NB vj j i i iRed, Yellow, GeenV argmax P v P |a v∈= ∏  

 
4) Choose one traffic condition that has the highest 
probability 
5) Return the final prediction to main thread. 

 

Fig. 3. P-Thread-based K-Nearest Neighbor. 
 

Algorithm 2 : 

(1) Read traffic history data 
(2) Accept a list of observed instances to be classified 
(3) Create thread for each observed instance by passing   
values, d-dimensional space Q and observed instance 
// Each thread does the following calculation in parallel

While (scan until end of file) 
(1) Calculate the distance between input instance 
and each training example stored in the database by 
using Euclidean from equation 3 
(2) End  
(3) Choose the nearest neighbor with regard to 
distance 

(4) Return result to main thread 
 

https://en.wikipedia.org/wiki/Vector_space
https://en.wikipedia.org/wiki/Euclidean_distance
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prediction accuracy of multi-threaded Naïve Bayes and 
multi-threaded K-NN, but also compares their 
computational performance. Not only classification 
accuracy, but also upgrading processing time are basically 
important in real-world prediction systems. In this paper, 
the performance analysis and comparison based on the two 
machine learning algorithms were applied to predicting 
traffic conditions, and the multi-threading technique was 
also applied to reduce processing time of these two 
historical-based and CPU-intensive algorithms. As this 
paper emphasizes traffic prediction, about five months of 
traffic data from Ojana Junction, Okinawa, Japan, were 
utilized.  

5.1 Comparison of Prediction Accuracy 
of Multi-threaded Naïve Bayes and 
Multi-threaded K-NN   

Estimation accuracy was measured by using K-fold 
cross-validation, Precision, Recall and F-measure. Table 3 
illustrates K-fold cross-validation for multi-threaded Naïve 
Bayes and multi-threaded K-NN by applying Algorithm 1 
and Algorithm 2. It can be clearly seen that K-NN 
unexpectedly did better than Naïve Bayes in this work. 
According to the table, the average K-fold cross-validation 
of Naïve Bayes is 98%, whereas K-NN is 100%. Although 
the Naïve Bayes’ validation result is not better than K-NN, 
it still stands at the highest prediction level, according to 
the validation results of Naïve Bayes. The estimation of 
each fold of Naïve Bayes is over 90%, and among them, 
fold 4 predicts completely at 100%. For K-NN, all folds 
are 100% error-free. 

Other measurements on traffic prediction systems are 
Precision, Recall, and F-measure, which are also 
exploited to determine the prediction accuracy of the 
multi-threaded Naïve Bayes classifier and multi-threaded 
K-NN, as shown in Tables 5 and 6, respectively. Overall 
accuracy of these two methods were computed by applying 
a confusion matrix or error matrix, where each column 
represents the instances in a predicted class, whereas each 
row signifies the instances in an actual class. Therefore, 
the confusion matrix is the combination of actual class and 
predicted class. The error matrix of our study is shown in 
Table 4. In the table, RR stands for correction estimations 
where the instance is Red, RY is the number of incorrect 
forecasts where an instance is Yellow, and RG is the 
number of incorrect predictions where an instance is Green. 
In the Yellow row, YR is the number of incorrect 
predictions where an instance is Red, YY is the number of 
correct estimations where an instance is Yellow, and YG is 
an incorrect number of predictions where an instance is 

Green. For the Green row, GR is the number of incorrect 
classifications where an instance is Red, GY is the 
incorrect number of predictions where an instance is 
Yellow, and GG is the correct number of estimations 
where an instance is Green. The overall accuracy of this 
traffic prediction system was determined by using the 
following equation: 

 
Overall Classification Accuracy =   

     RR YY GG
RR RY RG YY YR YG GG GR GY

+ +
+ + + + + + + +

      (3) 

 
Table 5 gives the classification accuracy of multi-

threaded Naïve Bayes as executed, using Precision, Recall, 
and F-Measure. It could predict traffic status to a high 
degree of refinement in each class. As can be seen from 
the table, traffic in the Green status condition could be 
projected most accurately among the three traffic 
conditions (Green, Yellow and Red). The second-most 
accurate estimate is Yellow. The last one is Red status. 
However, for Red, the accuracy measurement as executed 
for Precision is 100%. Therefore, it cannot be called the 
worst. Overall accuracy of traffic estimation from Naïve 
Bayes by using Eq. (3) is 97%. 

Table 6 illustrates how much multi-threaded K-NN 
could accurately predict a traffic jam under the three states. 
From the table, the predictor could estimate each class well, 
according to the measurement results. Examining the 
results, we can see that multi-threaded K-NN achieved 
100% success in all predicted classes. Compared to the 
estimation results of Naïve Bayes, K-NN gave relatively 
good results, and this means that K-NN is robust in its 
forecasts. 

As shown by Tables 5 and 6, multi-threaded K-NN has 
better prediction results and better prediction accuracy than 
multi-threaded Naïve Bayes.  

Figs. 5 and 6 are scatterplots for visualizing the 
classification of observed instances into the right class. In 
these figures, there are two kinds of circle: filled and 
unfilled. A filled circle denotes traffic history data, and an 
unfilled circle indicates an observed or predicted instance. 
Different colors are the different class types. A green, 
filled circle represents traffic in the Green state; a yellow, 

Table 3. K-Fold Cross validation of Naïve Bayes 
Classifier and K-NN. 

Type of 
Classifier Fold 1 Fold 2 Fold 3 Fold 4 Average 

Accuracy
Naïve 
Bayes 99% 97% 95% 100% 98% 

K-NN 100% 100% 100% 100% 100% 
 

Table 4. Prediction Accuracies of the Naïve Bayes 
Classifier. 

 Predicted Class 
 Red Yellow Green 

Red RR RY RG 
Yellow YR YY YG 

Actual 
Class 

Green GR GY GG 
 

Table 5. Prediction Accuracies of the Multi-threaded 
Naïve Bayes Classifier. 

Traffic Status Precision Recall F-Measurement
Green 99% 100% 99% 

Yellow 92% 100% 96% 
Red 100% 91% 95% 
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filled circle is traffic in the Yellow state; and a red, filled 
circle indicates traffic at Red. In the lower left corner of 
Fig. 5, an unfilled circle with a green border is mostly 
close to a green, filled circle. That means the observed 
instance, which belongs to class type Green, was correctly 
classified as traffic in Green status. Moreover, in the right-
most part, the observed instance is where a Red class type 
is correctly classified into traffic in the Red status 
condition. However, there is one point that was wrongly 
classified. Although the observed instance is at Red, the 
classifier wrongly estimated it as traffic at Yellow status. It 
is obvious that the estimation accuracy with Naïve Bayes 
is not much higher than with K-NN. 

In Fig. 6, in the lower left, there is an unfilled circle, 
which is green, more close to a green, filled circle. This 
signifies an observed instance that is in Green status 
correctly classified into the right class type: Green. The 
next observed instance is Yellow, which was also 
corrected predicted at the right traffic condition: Yellow. 
The last observed instance, which has a pink border, 
represents Red traffic status. It is clearly seen that the 
position of this circle is identical to the position of the red, 
filled circle, which symbolizes that it was estimated 
correctly. 

 

5.2 A Comparison between the 
Processing Performance of Multi-
threaded and Classical Naïve Bayes  

Execution performance of single-threaded and multi-
threaded Naïve Bayes is shown in Table 7. Naïve Bayes 
was tested on the same amount of training data, the same 
amount of observed instances, and the same number of 
threads as K-NN. Single threading took 724 milliseconds 
to execute 1818 observed instances on 170 pieces of 
training data, whereas multi-threading needed 599 
milliseconds for the same amount of history data and the 
same number of input instances. The table shows that 
multi-threaded Naïve Bayes could increase speed to about 
one-third that of single-threaded. The multi-threaded 
K-NN and multi-threaded Naïve Bayes algorithms were 
configured and tested for their processing performance in 
an environment with an Intel Core i7 with 4 GB of RAM. 

We can see more clearly the processing time of 
classical Naïve Bayes and multi-threaded Naïve Bayes in 
Fig. 7. The blue line (single-threaded), and the red line 
(multi-threaded) are close to each other until the amount of 
training data reaches 465 KB. After that, where the data 
amount is 612 KB, the processing time for single-threaded 
is higher than multi-threaded. It shows that a lot of 
processing time is required for single threading, compared 
to multi-threading. Then, they approach closeness again.  

5.3 A Comparison between the 
Processing Performance of 
Multithreaded and Classical K-NN  

K-NN is one of the lazy learners due to the fact that 
each instance to be estimated must be matched to each of 
the training examples. For this reason, unmodified K-NN 
is not applicable for use in a real-time system. In real-

Table 6. Another Prediction Accuracy of Multi-threaded 
K-NN Classifier. 

Traffic Status Precision Recall F-Measurement
Green 100% 100% 100% 
Yellow 100% 100% 100% 

Red 100% 100% 100% 
 

Fig. 5. Naïve Bayes Traffic Prediction Result Illustrated 
by using Principle Component Analysis. 

 

Fig. 6. K-NN Traffic Prediction Result Illustrated by 
using Principle Component Analysis. 
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world systems, the processing time is an essential thing, in 
order to respond to the end user within a short time.  

To overcome this issue, we applied multi-threading and 
P-threading to the K-NN algorithm. Table 8 presents the 
processing time of single-threading and multi-threading on 
K-NN, which was tested with an increasing amount of 
history data each time. The traffic prediction system 
automatically creates a thread whenever an observed 
instance comes in. As shown in Table 8, the amount of 
time that other observed instances have to wait until the 
former instance finishes could be constantly reduced. To 
show this, we considered the effects of varying the amount 
of history data and the number of instances taken by 
single-threading and multi-threading. In the table, multi-
threads take only 453 milliseconds on 170 KB of history 
data (1818 training examples), whereas single-threading 
takes 1915 milliseconds on the same amount of history 
data and observed instances. According to this evidence, 
multi-threading on K-NN could provide reductions of 
more than four times classical K-NN. 

Fig. 8 compares the processing time of sequential and 
parallel versions of K-Nearest Neighbor in a highly visual 

form. The blue line represents single threads, while the red 
is multi-threads. It can be seen in Fig. 8 that the more the 
amount of history data increases, the higher the processing 
time of the single thread. Because of that, a sharp rise can 
be seen in single threading. However, in the multi-threaded 
K-NN approach, the excitation time is increasing steadily 
over the increasing amount of data. 

As we know, Naïve Bayes has a very strong 
assumption on the form of data distribution, which makes 
it give wrong estimations. Although Naïve Bayes has this 
kind of weakness in estimation accuracy, the processing 
time of classical Naïve Bayes is faster than classical K-NN. 
From Tables 5 and 6, it is clear that single-threaded K-NN 
took 1915 milliseconds for 178 KB data and 1818 
observed instances, whereas single-threaded Naïve Bayes 
only took 724 milliseconds for the same amount of data 
and the same number of observed instances. After applying 
the multi-thread technique, multi-threaded K-NN took only 
453 milliseconds and speeded up processing by four times 
more than single-threaded K-NN, as well as about double 
the time for single-threaded Naïve Bayes. With the 
advantages of the multi-threading technique, multi-
threaded K-NN is now an accomplished algorithm for not 

Table 7. Illustration of Processing Speed of Single 
thread and Multi-threaded Naïve Bayes.  

Processing Time 
(Millisecond) 

Amount 
of 

History 
Data 
(KB) 

No: of 
Thread 

No: of 
Instance Single 

Thread Multithreads 

170 1818 1818 724 599 
317 3638 3638 1125 953 
465 5454 5454 1550 1187 
612 7272 7272 2240 1562 
759 9090 9090 2383 2027 
 

Fig. 7. Processing Speed of Single-threaded and Multi-
threaded Naïve Bayes. 

 

Table 8. Illustration of Processing Speed of Single-
threaded and Multi-threaded on K-NN.  

Processing Time 
(Millisecond) 

Amount of 
History 

Data 
 (KB) 

No: of 
Instances

No: of 
Threads Single 

Thread  Multithreads 

170 1818 1818 1915 453 
317 3638 3638 2426 625 
465 5454 5454 3348 860 
612 7272 7272 5719 1002 
759 9090 9090 7182 1250 

 

Fig. 8. Processing Speed of Single-threaded and Multi-
threaded K-NN. 
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only traffic prediction systems, but also other real-time 
applications. 

6. Conclusion 

In this study, the classification approaches of Naïve 
Bayes and K-Nearest Neighbor were applied to a traffic 
prediction system for Ojana Junction, Route 58, Okinawa, 
Japan. Although the processing performance of Naïve 
Bayes is faster than K-NN, the prediction accuracy from 
K-NN is higher than Naïve Bayes. Applying a multi-
threading technique to these algorithms showed that multi-
threaded K-NN is better than multi-threaded Naïve Bayes 
for not only prediction accuracy, but also in processing 
time performance. The objective of this paper was to 
compare Naïve Bayes to K-NN not only for classification 
accuracy but also computation performance. Experiments 
based on K-Nearest Neighbor using a real dataset from 
Ojana Junction proved that the estimation ability of multi-
threaded K-NN is significantly better than Naïve Bayes. 
Moreover, by applying the multi-threading technique to 
both methods, the computation speed with K-NN is much 
faster than Naïve Bayes. The experimental results 
undoubtedly reveal an effective multi-threading technique 
for traffic prediction systems. In other words, execution 
performance plays an essential role in traffic systems, as 
well as getting the right prediction outcomes. 
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