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Jiang et al. presented a vehicle classification into “large bus”, “car”, “motorcycle”, “minibus”, “truck”and “van”,
using deep features of PCANet, histogram of oriented gradient (HOG) and HU moments that are fed to a SVM
classifier [5]. Furthermore, various deep learning convolutional neural networks have been compared for vehicle
classification and it has been concluded that “articulated truck”and “single unit truck”are a pair hard to distinguish
[6].
In [7], a vision-based method has been proposed for night-time surveillance. It is based on headlight segmentation,
detection and furthermore classification into two-wheeled or four-wheeled vehicles. Another method is proposed when
using invariant Charlie moments to classify detected moving vehicles into light, medium and heavy vehicles [8].
However, accurate vehicle classification is a challenging task due to different visual appearances of vehicles and
also various dimensions and structures. Moreover, clustering vehicles which are visually similar such as straight trucks
and articulated trucks can increase the complexity of this problem. Particularly, for analyzing big data of the traffic
using complex approaches can be time consuming and inefficient [2].
This paper presents a classifier based on multiple fuzzy c-means (FCM) clusterings for vehicle classification by
means of dimensions and speed features. It demonstrates that the speed of each vehicle has a correlation with its
class and can be taken into account for more accurate classification of vehicles especially for big data analysis. The
experimental results show a promising performance and classification into categories of “private car”, “light trailer”,
“lorry or bus”and “heavy trailer”.
The rest of the paper is organized as follows. The problem statement and contribution of this paper is presented
in Section 2. The solution of the proposed method is described in Section 3. In Section 4, experimental results and
discussion is provided and finally, the paper is concluded in Section 5.
2. Problem Statement and Contribution
From the presented review of related works, it can be seen that vehicle classification is challenging, particularly
for those vehicles that have similar dimensions. Although vision-based techniques can be more rewarding, still they
require more computational and analytical complexity. Therefore, the main objective of this paper is to propose an
efficient classifier in order to cluster vehicles for big data. The hypothesis of this research is that the speed as an input
feature beside the dimensions features can enhance the classification using fuzzy c-means clustering. Therefore, the
main contribution of this paper is a versatile classifier to cluster vehicles and specifically those similar in appearance,
in their proper classes by using simple features of length, width and speed.
3. Solution
Traffic authorities provide vehicles definitions in different categories to impose related regulations upon them as
presented in Swedish Act (2001:559) such as “private car”, “lorry (light, heavy)”, “bus (light, heavy)”, “motorcycle
(light, heavy)”, “trailer (light, heavy)”, etc. [9]. Due to the similarity of their regulations, we have considered four
classes of “private car (including light lorry and light bus)”, “light trailer”, “lorry or bus (both heavy)”, and “heavy
trailer”.
In this paper, fuzzy c-means clustering algorithm is used for partitioning the vehicles in fuzzy clusters. The algorithm minimizes the objective function J and updates cluster centers bi and partition matrix U recursively [10].
J=

C
N 



m

µS i (xk )

k=1 i=1

d(bi , xk ),

(1)

where N is the number of data points, C is the number of clusters, m is the weighting exponent which determines
the fuzziness of the resulting clusters, xk , k = 1, 2, ..., N, is the data point, µS i (xk ) is the membership degree of xk in
cluster S i , i = 1, 2, ..., C, and d(bi , xk ) is the distance between cluster center bi and xk . After the objective function J is
minimized, we obtain cluster centers b = b1 , b2 , ..., bc and partition matrix U of size C × N which gives membership
degrees in each cluster for all data elements.
To initialize the partition matrix U, let us assume L = L1 , L2 , L3 , L4 , L5 as a list of linguistic terms containing L1 =
“no”, L2 = “little”, L3 = “maybe”, L4 = “probably”and L5 = “yes”to demonstrate the initial degree of association of a
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Fig. 1. The collection of membership functions L1 -L5 and R.

vehicle to a defined cluster. Each linguistic term is associated with a fuzzy set over the theoretical interval [0,100] and
the membership functions are defined as µL1 (z) to µL5 (z) as suggested in [11, 12] (see Fig. 1). In order to substitute the
linguistic terms with proper numerical degrees, an s-function µR (z) is defined over the interval [0, 100], common for
µL1 (z) to µL5 (z), by the formula:


0
; z ≤ 0,



 z 2





; 0 ≤ z ≤ 50,

 2 100
 z 2
µR (z) = 
(2)




1
−
2
;
50
≤
z
≤
100,



100


1
; z ≥ 100.

Then, the membership degrees of the intersection points between µR (z) and µL1 (z) to µL5 (z) are considered as the
numerical representatives of the respective linguistic terms. The assigned membership degrees are 0.056 for “no”,
0.22 for “little”, 0.5 for “maybe”, 0.78 for “probably”and finally, 0.944 for “yes”.
In the proposed system, the number of fuzzy clusters are assumed to be S = S 1 , S 2 , S 3 , S 4 in accordance with the
traffic regulations as S 1 = “private car”, S 2 = “light trailer”, S 3 = “lorry or bus”and S 4 = “heavy trailer”. Total number
of N vehicles are equally divided per cluster and labeled as the ground truth X = x1 , , xN . The features of width, length
and speed are extracted for each passing vehicle as the inputs of the proposed model. Thus, each vehicle has a pattern
vector in R3 as xk = (xk1 , xk2 , xk3 ), k = 1, ..., N.
In order to exploit the vehicle features for classification, multiple FCM classifiers are designed and their respective
partition matrices are initialized. To do so, a set of rules for initialization of each partition matrix are employed
considering the regulations and permitted dimensions for each vehicle category as presented in Table 1 [13]. By using
the obtained numerical degrees for the given linguistic terms, every vehicle takes corresponding membership degree
to each defined cluster. Then, the membership degrees of each vehicle are normalized for every column of the partition
matrix.
The first FCM classifier is used to cluster the dataset into two clusters of S 1,2 = “private car / light trailer”and S 3,4 =
“lorry or bus / heavy trailer”. The input feature for this classifier is the width information due to the strong distinction
in the corresponding widths of these two groups [13]. Its initial partition matrix U10 of size 2 × N is also initialized
based on the width information using the set of rules presented in Table 2.
The outputs of the first FCM classifier are G vehicles detected as S 1,2 = “private car / light trailer”and H vehicles
detected as S 3,4 = “lorry or bus / heavy trailer”. These detected vehicles are now the inputs for two separate FCM
classifiers in order to cluster them to their subclasses. As for G detected vehicles of S 1,2 , even though the private cars
travel usually at higher speeds in comparison with the ones with trailers but still many of them have similar speeds.
Therefore, in this case for more accurate clustering, the speed feature is less useful and might be even misleading.
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Table 1. Dimension regulations for heavy vehicles [13].
Vehicle

Maximum
permitted length

Maximum
permitted width

Bus with two axles

13.5 m

2.55 m

Bus with more than two axles

15.0 m

2.55 m

Power-driven truck

12.0 m

2.55 m

Heavy trailer

25.25 m

2.60 m

Side-view

Front-view

Table 2. Set of rules for partition matrix U10 initialization based on the width feature w.
Width w condition

w≤2

w>2

Private car / light trailer
Lorry or bus / heavy trailer

probably
little

little
probably

Consequently, these vehicles are classified by a FCM classifier using the length and width features into S 1 = “private
car”and S 2 = “light trailer”. The initial partition matrix U20 of size 2 × G of this classifier is initialized based on the
length information as demonstrated in Table 3.
Table 3. Set of rules for partition matrix U20 initialization based on the length feature l.
Length l condition

l≤6

l>6

Private car
Light trailer

probably
little

little
probably

Finally, H detected vehicles of “lorry or bus / heavy trailer”, are sent to the last FCM classifier in order to cluster
them correctly. In this case, the speed feature is very important as well as dimensions features, since many of current
heavy vehicles are equipped with automatic speed limiters (ASL) [14]. Therefore, at this stage again, another FCM
classifier is employed using the speed, length and width features. The initial partition matrix U30 of size 2 × H of
this classifier is initialized based on the length information as showed in Table 4. It should be noted that the initial
membership degrees are normalized and consequently the sum of membership degrees in clusters for each xk would
be equal to 1.
Table 4. Set of rules for partition matrix U30 initialization based on the length feature l.
Length l condition

l ≤ 10

10 < l ≤ 14

14 < l ≤ 16

l > 16

Lorry or bus
Heavy trailer

yes
no

probably
maybe

maybe
probably

no
yes
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(a)

(b)

(c)

(d)

Fig. 2. Some samples of different classes of vehicles (a) private car, (b) light trailer, (c) lorry or bus, (d) heavy trailer.

4. Experimental Results and Discussion
This experiment used several hours of collected traffic data over a major highway in order to evaluate the proposed
model. As described earlier, the proposed system has employed multiple FCM clusterings for classification of vehicles
into S 1 = “private car”, S 2 = “light trailer”, S 3 = “lorry or bus”and S 4 = “heavy trailer”(see Fig. 2). Equal number
of 100 vehicles per class from the available data and consequently, the total number of N = 400 vehicles are labeled
as the ground truth as X = x1 , ..., x400 . The three features of width, length and speed are extracted for each passing
vehicle as the inputs of the proposed model. Thus, each vehicle xk = (xk1 , xk2 , xk3 ), k = 1, ..., 400, is a pattern vector in
R3 . The known speed limits of the observed vicinity for each class is shown in Table 5. The method is implemented
in MATLAB using a common notebook platform.
Table 5. Number of vehicles, their classes and their respective speed limits at the observed vicinity.
Class

Private car

Light trailer

Lorry or bus

Heavy trailer

Number of vehicles
Speed limit

100
100 km/h

100
80 km/h

100
90 km/h

100
80 km/h

In the proposed system, after several iterations of the initialization matrices for each classifier, the final respective
partition matrix and consequently, the membership degrees of each vehicle to the defined clusters are computed.
Figure 3 shows the ground truth and the final results from the FCM clustering in three dimensional representation. In
the final results demonstration (Fig. 3b) the correct predictions are marked by “o”and the incorrect ones with “x”. The
classifications are achieved by considering the maximum membership degree corresponding to given clusters for each
vehicle.
The confusion matrix of the detected results is presented in Table 6. According to the evaluation, the performance of
the FCM clustering is promising for vehicle classification especially for “light trailer”and “lorry or bus”. However, the
classification between “private car”and “light trailer”seems to be challenging because of the vast variety of dimensions
for “private car”. The reason is that in this project “light lorry”and “light bus”are also considered under “private
car”category.
Furthermore, several traditional machine learning algorithms are investigated in order to cluster the dataset [15].
The dataset is divided into 80% and 20% for training and testing sets, respectively. The three features of speed,
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Fig. 3. The 3D representation of clustering based on the three given features, (a) ground truth, (b) predictions.

Table 6. The confusion matrix of the proposed fuzzy c-means clustering.

Private car
Light trailer
Lorry or bus
Heavy trailer

Private car

Light trailer

95
0
0
0

5
99
0
0

Classified
Lorry or bus
0
1
99
7

Heavy trailer

Accuracy

0
0
1
93

95%
99%
99%
93%

Average accuracy

96.50%

length and width are employed in these classifiers. The classification results of corresponding methods are provided
in Table 7. It shows that the proposed multiple FCM clusterings outperforms other algorithms. The proposed FCM
classifier accuracy 96.5% and positive predictive value 96.66% are superior to other methods by at least 1%. The
reason is that the proposed model exploits the prior knowledge of the vehicles dimensions and regulations particularly
in the categories of bus, lorry and heavy trailer. In addition, initializations of the partition matrices using the linguistic
terms have improved the accuracy of the system.

Table 7. The classification results using different machine learning algorithms (T PR: true positive rate, PPV: positive predictive value, T P: true
positive, FP: false positive, FN: false negative).
Algorithm

T PR =

Decision Tree
Quadratic Discriminant Analysis
Support Vector Machine
K Nearest Neighbor
The posposed method

95.31%
92.19%
94.37%
95.00%
96.50%

TP
T P + FN

PPV =

TP
T P + FP

95.45%
93.65%
94.37%
95.32%
96.66%

In general, introducing the speed feature has enhanced clustering of “lorry or bus”from “heavy trailer”that have
almost similar length and width as it is the main concern of this work. The proposed method can be very effective for
clustering big data of traffic flow with simple extracted features of width, length and speed.
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5. Conclusion and Future Work
In this paper, a method based on fuzzy c-means clustering algorithm is proposed for vehicle classification using
dimensions and speed features suitable for considerable amount of data. Vehicle classification systems are essential
for road maintenance and planning using the obtained information over a long run. The proposed classifier is able to
classify vehicles in four classes of “private car”, “light trailer”, “lorry or bus”and “heavy trailer”. The classifiers performance was promising for different classes with average accuracy rate of 96.5% and average positive predictive value
of 96.66% that outperforms some other traditional machine learning algorithms for the same dataset. Furthermore,
it has been shown that using prior knowledge of traffic regulations and speed feature can enhance the classification
between vehicles from different classes with similar width and length (e.g. straight truck and articulated truck). For
future work, using the proposed method in combination with others such as vision-based approaches can be used to
improve the performance.
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