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Abstract 
 

This paper proposes a novel framework for traffic video classification based on chaotic 
features. First, each pixel intensity series in the video is modeled as a time series. Second, the 
chaos theory is employed to generate chaotic features. Each video is then represented by a 
feature vector matrix. Third, the mean shift clustering algorithm is used to cluster the feature 
vectors. Finally, the earth mover’s distance (EMD) is employed to obtain a distance matrix by 
comparing the similarity based on the segmentation results. The distance matrix is transformed 
into a matching matrix, which is evaluated in the classification task. Experimental results 
show good traffic video classification performance, with robustness to environmental 
conditions, such as occlusions and variable lighting. 
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1. Introduction 

Traffic monitoring is a fundamental issue confronting many urban centers. A key step in 
addressing this issue is to gather real-time information on traffic flows. Traditional solutions 
have mainly involved burying inductive-loop detectors underneath roads to count vehicles 
traveling over them. However, such methods are becoming less feasible because of installation 
costs and the disruption of roadways. 

Video technology serves an increasingly important function in traffic monitoring systems 
[1–6, 18, 19]. The capability to monitor traffic flow automatically helps in reducing the 
workload of human operators, identifying illegal vehicles, and providing forensic clues, such 
as vehicle speed and traffic congestion. Building and using large camera networks to monitor 
traffic can reduce the number of accidents and traffic jams in urban highways.  

Two approaches can be employed for traffic video classification. The first method is 
based on vehicle detection and tracking and involves three steps [2, 3, 20–22, 26]. First, 
vehicles are detected by motion segmentation [2] or background subtraction [3, 20]. Second, 
vehicles are tracked by various tracking algorithms [20, 22, 24, 25], such as rule-based 
reasoning [2] and the Kalman filter [3]. Third, trajectories are represented as curves or vehicle 
attributes (area, pattern, and direction). The second method models traffic flow holistically to 
avoid the need to track vehicles [1, 23]. In [4], features that describe traffic speed and density 
from MPEG video data are extracted as training sets. The training data are then learned by the 
Gaussian mixture and hidden Markov models to detect traffic conditions. The maximum 
likelihood criterion is used to calculate the confidence score, which determines the 
classification.  

The aforementioned methods have the following disadvantages: (i) Motion detection is 
difficult to implement under varying environmental conditions, especially in crowd scenarios, 
lighting changes, and occlusions. (ii) Low resolution poses a great challenge for tracking. The 
drawback of the second approach is that extracting reliable motion cues attributed to traffic 
scenarios, especially congestion, is difficult to achieve. To overcome these drawbacks, new 
modeling techniques have been established. Linear dynamic systems (LDS) have been 
employed to model traffic flows. In [5], the autoregressive (AR) stochastic process with 
spatial and temporal components is employed to model the traffic flow, and classification 
performance shows promising results. Linear dynamic systems usually assume the model 
first-order Markov property or linearity, which restricts the modeling of adverse traffic video 
scenes.  

Notably, the LDS-based model covers traffic flow in a holistic manner to some degree, 
but loses the motion information of the video. Meanwhile, the traditional pixel model 
preserves all spatial information, but typically fails to capture temporal information. To cover 
the integral video without losing the spatial information, the pixel intensity series is proposed 
as the video descriptor. When a car goes through the surveillance area, the pixel intensity 
series changes. The changes become more frequent and intense as more cars go through. 
Changes in the pixel intensity series also indicate traffic conditions, such as light traffic, 
medium traffic, or heavy traffic. 

However, the constraint pixel intensity series has several limitations that prevent its use in 
this work. First is the alignment problem. The alignment algorithm should be applied to 
compare the pixel intensity series. Second is that the raw pixel intensity series includes more 
information than needed, similar to pixels in image analysis. Pixels in an image represent all 
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image information, whereas local descriptors are developed to depict the image precisely [32, 
33]. The relationships among pixels are used to formulate a hypergraph for image 
classification [30]. Pixels are combined with contextual cues to detect salient regions [31]. 
Both approaches use pixels with other information to achieve better performance. Unlike the 
case in image analysis, motion information is important in video analysis. Numerous methods 
have been proposed for analyzing the time series. these methods include autoregressive 
models, moving average models, and autoregressive moving average models. Nonlinearity 
poses a great challenge for these methods. The chaos theory is chosen to characterize the time 
series to overcome the difficulty in identifying the model of the time series and to represent the 
time series accurately. The chaos theory has been studied for several decades. The theory is 
widely used in the field of econometrics and weather forecasting for its capability to 
characterize nonlinear systems effectively. The chaos theory has recently been introduced to 
the computer vision community for action recognition [27], anomaly detection [28], and 
dynamic scene recognition [29]. 

This paper proposes a framework to model the pixel intensity series for a holistic 
comparison of traffic conditions. The function of chaotic features in the representation of 
traffic videos is studied. The problem of finding generalizable methods for characterizing 
unconstraint traffic videos through a proposed feature vector is addressed. Finally, we 
demonstrate how the feature vector facilitates meaningful traffic video organization and 
accurate traffic video classification. 

The remainder of the paper is organized as follows: Section 2 provides the workflow of 
the framework. Section 3 introduces the concept of the chaos theory and the chaotic features 
used in this work. Section 4 presents the feature vector clustering algorithm. Section 5 
describes the feature matching algorithm. Section 6 presents the experimental results and 
discussions. Finally, Section 7 concludes the paper. 

 

2. Overview of the Framework 
Fig. 1 shows the change in the pixel intensity series over time. The central part of the 

figure shows one frame from a traffic video and the change in the intensity of four pixels over 
time. The x-axis denotes time, whereas the y-axis denotes the gray value. Accordingly, the 
video can be segmented into static and traffic parts based on the pixel intensity series. The 
different parts and the cluster center are conjectured to be two important clues for traffic 
condition categorizations. Therefore, the video is composed of a W*L matrix of time series, 
where W and L are the dimensions of the frames in the video. 
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Fig. 1. Pixel intensity change in a traffic video over time 
 

Fig. 2 shows a summary of our algorithm. Details on the generation of feature vectors and 
feature matching are presented. Each pixel intensity series is modeled as a chaotic time series 
in the traffic video, and chaotic features are extracted. These features are used to form a feature 
vector. A traffic video is represented by a feature vector matrix. The mean shift algorithm is 
applied to the feature vector matrix to summarize the distribution of the feature vectors in the 
form of a signature that consists of cluster centers and relative weights. The signature is a 
descriptive representation of the distribution of feature vectors in each video. Earth mover’s 
distance (EMD) is employed to compare signatures in different videos. The entries of an EMD 
matrix record the similarity between each pair of signatures in the video dataset for use in 
classification tasks. 

 

 
 

Fig. 2. Flow chart of the proposed algorithm 
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3. Chaotic Features 
The chaotic features are introduced based on the chaos theory [7]. Embedding refers to 

the mapping from a one-dimensional space to an m-dimensional space. Dynamical systems are 
characterized as mapping functions that describe how variables change over time, i.e., 
x(t) = f(x(t − 1)). The state variable x(t) = [x1(t), x2(t),⋯ , xn(t)] ∈ Rn defines the status 
of the system at time t. Takens’ theorem [8] states that an embedding exists from an original 
state space to a reconstructed state space. The underlying idea is that, for a sufficiently large 
embedding dimension m and embedding delay τ , the vector 
x′(t) = [xi(t), xi+τ(t),⋯ , xi+mτ(t)] performs the same functions as the original variables of 
the system. The embedding delay τ  is computed by using mutual information [9]. The 
embedding dimension d is computed by using the false nearest neighbors [10]. Once the two 
variables are determined, the state x(t) can be written into a matrix 

 

𝑋 = �

𝑥0 𝑥𝜏 ⋯ 𝑥(𝑚−1)𝜏

𝑥1 𝑥𝜏+1 ⋯ 𝑥(𝑚−1)𝜏+1

𝑥2 𝑥𝜏+2 ⋯ 𝑥(𝑚−1)𝜏+2
⋯ ⋯ ⋯ ⋯

�                                             (1) 

3.1 Box Counting Dimension 
The box counting dimension [7] presents an upper bound on the Hausdorff dimension that 

characterizes the self-similarity of a set. If a point set is covered by a regular grid of boxes of 
length r  , and )(rN  is the number of boxes which contain at least one point, then for a 
self-similar set, 

Db = limr→0
lnN(r)
ln1r

                                                           (2) 

𝐷𝑏 is called the box counting dimension. 

3. 2 Information Dimension [7] 
The information dimension specifies how this amount of information scales with the 

radius ε, which is defined as  
DI = limϵ→0

〈lnpε〉µ
ln ε

                                          (3) 
where µ is a fractal measure defined in state space, pε(x) denotes the probability of finding a 
typical trajectory in a ball of radius ε  around x, and 〈ln pε〉µ  is the average Shannon 
information needed to specify a point x with accuracy ε. 

 

3. 3 Correlation Dimension (CD) [7] 
The CD measures the change in the density of the phase space with respect to the 

neighboring point within a radius ϵ and can be calculated as the slope of a graph by plotting 
lnc(ϵ) and lnϵ. 

Dc = limϵ→0
lnc(ε)
ln ε

                                                     (4) 

3. 4 Feature Vector 
The standard variance of the pixel intensity series encodes the fluctuation information of 

the time series. Such information is important for classification. The embedding dimension 
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and embedding delay characterize the geometry structure of the pixel intensity series. The 
standard variance S is integrated with the chaotic features in the feature vector, F={ τ, m, Dc, 
Db, DI, SV }. Given a W*L*T sequence, W, L, and T are the width, length, and time dimension 
of the sequence, respectively. The chaotic features of each pixel intensity series are extracted, 
and the video is represented by a W*L*6 dimensional feature matrix. 

4. Feature Clustering 
Several clustering algorithms can be used for feature clustering. Unlike the k-means and 

the Gaussian mixture model that need to pre-define the number of clusters, the mean shift 
algorithm can automatically cluster the features with only one parameter having to be fixed. 
The parameter, bandwidth, is easy to determine because it has a physical meaning. Therefore, 
the mean shift algorithm [11][12] is used for feature clustering. 

Given n feature vectors fi, i = 1,⋯ , n in the d-dimensional space Rd, the mean feature 
vector is given by 

M(f) = ∑ GH(fi−f)w(fi)(fi−f)n
i=1
∑ GH(fi−f)w(fi)n
i=1

                                            (5) 

 
where the profile of kernel G is defined as a function g: [0,∞) → R, such that G(f) = g(‖f‖2), 
and profiles k and g satisfy g(f) = −k′(f). H is a symmetric positive definite d*d bandwidth 
matrix. w(fi) ≥ 0 is the weight of sample points. The goal of mean shift clustering is to 
identify the local maxima feature center fc and assign a label to each feature. 

The mean shift algorithm is shown as follows: 
(1) The number of search windows is defined at a random location in the feature space. 
(2) The initial feature vector f0 is chosen. 
(3) The neighbors of point f0 are those within a kernel window centered at f0. The mean shift 

vector is found as a weighted sum of neighbors, f1 =  f0 + M(f), where M(f) is the mean 
shift vector at point f0 and is computed by Equation 5. 

(4) Step 3 is repeated until the mean shift vector is considered to be the zero vector because its 
magnitude is less than a predetermined threshold. Therefore, fn  is the mode of the 
component to which the point f0 belongs. 

(5) The feature vectors with similar modes (P’) are then merged into components. 
(6) Class labels are assigned to clusters. 

5. Feature Matching 
An appropriate similarity measure has to be defined to compute for the similarities 

between videos that are represented by feature clusters. The EMD algorithm [13], which 
compares similarities among images, perform promising results in several applications, such 
as content-based image retrieval and texture classification [14]. The feature cluster 
representation of a set of clusters is similar to the signature representation, which is defined as 
a set of k clusters and relative weights. Therefore, the EMD algorithm is applied to compute 
for the feature cluster similarities, as shown in Fig. 3. The feature cluster can be seen as a 
signature, e.g., �(pi, wpi)�1 ≤ i ≤ m�, where each cluster is represented by the mean feature 
vector pi and the weight of the feature vector wpi. Computing the EMD cost is based on a 
solution to the transportation problem [15]. Matching feature clusters can be naturally cast as a 
transportation problem by defining one feature cluster in a feature vector matrix as the supplier 
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and the other as the consumer, as well as by setting the cost for a supplier–consumer pair to be 
equal to the ground distance between an element in the first feature cluster and an element in 
the second.  

 

 
Fig. 3. Example of EMD-based matching between two feature clusters P and Q; lines indicate the flow 

between the two clusters 
 

Let P = ��(pi, wpi)�1 ≤ i ≤ m��  and Q = ���qj, wqj��1 ≤ j ≤ n��  be two feature 
clusters, where piand qi are the mean feature cluster, wpi and wqi are the weights of the 
feature cluster, and m and n are the number of feature clusters. The distance is defined as  

 
 

EMD(P, Q) =
∑ ∑ dijfijn

j=1
m
i=1

∑ ∑ fijn
j=1

m
i=1

                                                  (6) 

 
where D = �dij� is the distance between the two feature cluster pi and qj. F = �fij� is the flow 
between piand qj. Equation 6 is governed by the following constraints: 
 

fij ≥ 0               1 ≤ i ≤ m, 1 ≤ j ≤ n                            (7) 
∑ fijn
j=1 ≤ wpi           1 ≤ i ≤ m                               (8) 

∑ fijm
i=1 ≤ wqj           1 ≤ j ≤ n                              (9) 

∑ ∑ fijn
j=1

m
i=1 = min�∑ wpi, ∑ wqjn

j=1
m
i=1 �             (10) 

 
 

The EMD cost is then used in the form of a Gaussian kernel as follows: 
 
 

Kernel(P, Q) = exp (−ρEMD(P, Q)2)                                   (11) 
 

where ρ is the kernel parameter. The matching matrix used for traffic video classification is 
obtained by Equation 11. 

6. Experimental Results 
6.1 Experiment Setup 

A dataset consisting of 225 traffic videos in four different surveillance areas was acquired. 
The dataset contains a variety of traffic scenes. Fig. 4 shows sample images from each dataset. 
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Each video clip shrinks to a 50*50 resolution with 50 frames. The surveillance area of Dataset 
1 (78 videos) is an intersection during the daytime. The surveillance area of Dataset 2 (50 
videos) is an intersection at night. Pedestrians were seen across the road in the two datasets, 
and vehicles stopped at the red light in Dataset 2. The surveillance area of Dataset 3 (30 videos) 
is characterized by a light change, which significantly affects the segmentation results. The 
surveillance area of Dataset 4 (67 videos) is similar to that of Dataset 1, but in a different 
intersection. The surveillance camera was mounted at a low position. Thus, the vehicle shapes 
changed significantly as the vehicles approached the camera.  

The ground truth classification for each video clip is determined manually. The dataset is 
classified into four categories according to traffic conditions: red, light, medium, and heavy. 
Red signifies the occurrence of a red light. Light signifies few vehicles on the road. Medium 
signifies several vehicles on the road. Heavy signifies the occurrence of traffic jams. 

For the classification strategy, the K nearest neighbor classifier with k=5 is chosen as the 
classifier, and the one vs. all classification strategy is employed. At each time, one video is 
chosen for testing and the rest are used for training. 

 

 
Fig. 4. Examples from our dataset 

 
Fig. 5 illustrates part of the computed feature results. The pixel intensity series in 

different positions shows different chaotic features. 
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Fig. 5. Computed features 
 

Fig. 6 provides an example of our segmentation result. Neighboring feature vectors with 
similar values are clustered. Traffic roads are separated with buildings. Segmentation results 
vary with different traffic conditions. The EMD algorithm is then employed to compare the 
traffic conditions according to the segmentation results. 

 

 
 

Fig. 6. Segmentation results 
 
6.2 Traffic Classification Results 

Fig. 7 shows the confusion matrix of our dataset. The overall classification performance 
is 73.33%. When the dataset is separated, the classification results for Datasets 1, 2, 3, and 4 
are 65.38%, 64%, 83.33%, and 85.07%, respectively. The proposed scheme can 
approximately classify different traffic conditions.  

As shown in Fig. 7, the majority of misclassifications occur between neighboring classes 
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(i.e., light vs. medium, and medium vs. heavy), which is reasonable for such matches because 
of the indeterminate nature of category boundaries and the corresponding ambiguities of 
generating ground truth. Furthermore, different surveillance areas and lighting conditions will 
deteriorate such scenarios. In Datasets 1 and 2, the traffic condition is more complex than that 
in Datasets 3 and 4. Hence, the boundary effect is more evident. 

The reason for the confusion of light, heavy, and red is that light traffic largely depicts the 
background (i.e., few cars are present), whereas heavy traffic and red depict cars that are 
virtually at a standstill. From the viewpoint of the change in pixel intensity series, both scenes 
are similar, thus making mismatches reasonable, especially in Dataset 2 under night time 
conditions in which the color of the cars will be similar to the color of the road. 

The classification rates in Datasets 1 and 2 are lower than that for the other two datasets. 
The reason for Dataset 1 is that several people occasionally cross the road before the red light 
flashes, which results in segmentation failures. The reason for Dataset 2 is that the colors of the 
cars at night are similar to that of the road, which also results in segmentation failures. In most 
cases, the proposed method can match different traffic conditions accurately. 

 
 

 
Fig. 7. Confusion matrix for our datasets 

 
 

The ground truth of the overall dataset and our classification results are shown in Fig. 8. 
The misclassified results are highlighted with red squares. 
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Fig. 8. Classification of traffic videos: (a) Ground truth; (b) Classification results of our method. Errors 

are highlighted with red squares 
 
 

Part of the classification results are shown in Figs. 9, 11, 13, and 15. The classification 
results are mainly determined by the EMD algorithm, which compares the segmentation 
between videos. As shown in Fig. 5, different parts of each video vary significantly. Different 
cluster centers are important factors affecting the EMD results. Several representative 
segmentation results with original frames are shown in Figs. 10, 12, 14, and 16. 

In Fig. 9, (a) is a correct classification result, whereas (b) is a wrong classification result. 
Fig. 9(b) shows that the medium condition is confused with the light condition. In the third 
and sixth columns, the videos are under light traffic condition. However, pedestrians crossing 
the road, as well as vehicles and motors traveling, affect the segmentation result. As a result, 
the two videos are similar to the medium condition.  

In Fig. 10, (a) shows a light traffic condition with a few cars passing through quickly. The 
cars can be separated from the road. Fig. 10(b) shows a medium traffic condition, and the 
segmentation result shows that the cars integrate with part of the road, thus indicating the 
presence of more cars. Fig. 10(c) shows a heavy traffic condition. Several cars are passing 
through the road. Pixels of cars dominate each pixel intensity series. The segmentation result 
shows numerous connected parts.  

In Fig. 11, (a) is a correct classification result, whereas (b) is a wrong classification result. 
Fig. 11(b) shows that the red light condition is confused with the heavy condition. In the first, 
fourth, and sixth columns, the videos are in red light, and pedestrians are crossing the road. In 
the remaining columns, a traffic jam occurs while the vehicles are on the road.  

In Fig. 12(a), the traffic light is on red, and pedestrians are crossing the road. The 
segmentation result shows the path of the people. In Fig. 12(b), the cars are traveling at a slow 
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speed, which caused the car pixels to occupy a large part of the whole pixel intensity series. 
The property of light traffic condition pixel intensity series is similar to that of the heavy traffic 
condition. The segmentation result shows several cars passing through, but only a few cars 
pass through at low speeds. 

In Fig. 13, (a) is a correct classification result, whereas (b) is a wrong classification result. 
In the wrong classification results, sunlight varied significantly in the videos, thus affecting 
the segmentation results.  

In Fig. 14(a), several cars pass through, and the road is separated. In Fig. 14(b), sunlight 
appears and significantly affects the segmentation result. 

In Fig. 15, (a) is a correct classification result, whereas (b) is a wrong classification result. 
Part of the heavy traffic condition is defined as that in which several cars turn right or left. Fig. 
15(b) shows traffic jams occurring in the video of the first column and vehicles stopping for a 
long time, the motion information of which is similar to the light traffic condition. 

In Fig. 16 (a), several cars proceed northward and from east to south. The segmentation 
result shows the two paths. In Fig. 16 (b), the segmentation result mainly shows the road and 
other backgrounds. 
 
 

 
Fig. 9. Video classification results for Dataset 1. (a) A correct classification result; (b) A wrong 

classification result. 
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Fig. 10. Example frames of segmentation results. (a) Segmentation result of a light traffic condition; (b) 
segmentation result of a medium traffic condition; (c) Segmentation result of a heavy traffic condition. 
 
 
 

 
Fig. 11. Video classification results for Dataset 2. (a) A correct classification result; (b) A wrong 

classification result. 
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Fig. 12. Example frames of segmentation results. (a) Segmentation result of the traffic light is on red; (b) 

Segmentation result of the light traffic condition. 
 
 

 
Fig. 13. Video classification results for Dataset 3. (a) A correct classification result; (b) A wrong 

classification result. 
 
 

 
Fig. 14. Example frames of segmentation results. (a) Segmentation result of a light traffic condition; (b) 

Segmentation result of a light traffic condition in sunlight. 
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Fig. 15. Video classification results for Dataset 4. (a) A correct classification result; (b) A wrong 

classification result. 
 

 
Fig. 16. Example frames of segmentation results. (a) Segmentation result of two paths; (b) 

Segmentation result of the road. 
 

The experiments show that our proposed framework can effectively classify different 
traffic conditions and is robust to occlusion, low resolution, and sunlight. The segmentation 
results and feature vector ensure classification accuracy.  

 
6.3 Comparison 

LDS [16] is applied to the dataset described above. LDS is a parametric model for 
spatio-temporal data and can be represented by 

 
x(t + 1) = Ax(t) + w(t)    w(t)~N(0, R)                                (12) 
z(t + 1) = Cx(t) + v(t)    v(t)~N(0, Q)                                 (13) 

 
where x(t) is the hidden state vector; z(t) is the observation vector; and w(t) and v(t) are 
noise components that are modeled as normal with 0 mean and covariance R  and Q , 
respectively. In this work, A is a state-transition matrix, and C is the observation matrix. Let 
[z(1), z(2), … z(τ)] = UΣVT, T be the singular value decomposition of the data matrix for τ 
observations. Then, the model parameters are calculated [16] as C� = U  and A� =
ΣVTD1V(VTD2V)−1Σ−1 , where D1 = [0 0; Iτ−1 0]  and D1 = [Iτ−1 0; 0 0] . The distance 
metric used was based on subspace angles [17]. The overall classification performance is 
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30.67%.  
Overall, two results were observed for the traffic video representations when evaluated on 

the datasets. Our proposed feature vector outperforms the LDS approach. The poor 
performance of the LDS on the dataset can be explained by the viewpoint and illumination 
change.  

A significant limitation of the LDS approach is that the metrics used for comparing traffic 
video are not designed to be invariant to changes in viewpoint and scale. As a consequence, 
these methods perform poorly when videos contain traffic scenarios with such variabilities.  

Another shortcoming is that the choice of the metric used in these approaches requires 
that the training and testing data have the same number of pixels. This requirement poses a 
challenge when one wants to compare local regions of a video sequence, thus adding 
additional overhead for normalizing all video sequences to the same spatial size. 

7. Conclusions  
This paper introduced a feature vector matrix representation of traffic videos. Such 

representation measures traffic conditions under varying environmental conditions and at low 
resolutions. Compared with most extant approaches, the proposed approach has two 
advantages: (1) non-reliance on tracking or optical flow estimation and (2) robustness to 
lighting variation. The experiment was performed on a traffic dataset that we collected, which 
allowed us to test the descriptive power of our proposed feature vector. Classification results 
demonstrate that the algorithm is effective. 
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