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ABSTRACT
Road trafﬁc video analytics aims at using a number of techniques to achieve better trafﬁc and road safety,
control congestion and provide immediate care for accident victims. In this paper, we propose a near real-time
trafﬁc analytics system which can automatically detect road accidents from live video streams. The system alerts
nearby hospitals and highway rescue teams when accidents occur. It also detects road congestion and
broadcasts alternative route information to relevant commuters. We have implemented the system using Apache
Hadoop. Analysis results are stored in Hive, which is a data warehouse built on top of Hadoop. This data
includes overall trafﬁc speed, trafﬁc volume, and individual vehicle speed. Hive provides data summarization,
query, and analysis. We have deployed and tested the system on a cluster computer.
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I. INTRODUCTION
The economy of a city greatly relies on its road network and it is important to monitor this infrastructure. Trafﬁc
jams, congestion, and accidents in city roads is a common problem in most major cities across the world. Road
trafﬁc accidents on the highways are increasing. The World Health Organization reports that by 2030 road
trafﬁc accidents will become the ﬁfth leading cause of human death. The National Crime Records Bureau
reports that every year in India more than 135,000 trafﬁc collision-related deaths occur [1]. Real-time and
historical data on road trafﬁc is essential to effectively manage city road networks and minimize road trafﬁc
related deaths. This data can be used to ease trafﬁc congestion by suitably programming trafﬁc lights and
suggesting alternative routes to drivers through instant messaging services. Also, historical trafﬁc data is used to
identify peak trafﬁc hours, highly congested road intersections and accident-prone roadways. Current generation
trafﬁc monitoring systems have the capability to capture and transmit real-time live trafﬁc data, number of
vehicles that pass through an intersection as a function of time intervals, and average speed of vehicles. The data
grows in size quite rapidly and analysis entails high computational requirements. Furthermore, this data
combined with Geographic Information Systems (GIS) and Global Positioning System (GPS) enable new
possibilities that were not possible hitherto.
To circumvent the requirements of lane discipline and sensor arrays, we propose a data-driven approach to road
trafﬁc analytics using digital video. Most cities have digital video cameras installed in hundreds of locations
primarily for monitoring crime and terrorist activities. They generate video data per day at the scale of terabytes.
Issues involved include efﬁcient and secure transmission and storage, processing and feature extraction, storage
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and retrieval of features, and performing analytics on feature data. Analytics reveal trafﬁc patterns keyed to
geographic location and time intervals, congestion and accident reports. History of feature data should be
maintained to enable both descriptive and predictive analytics. The latter is critical for enhancing accuracy of
trafﬁc pattern forecasting, preventive maintenance, and proactive capacity planning.
In this paper, we describe a trafﬁc monitoring system that we developed which is suited for road trafﬁc
conditions in the developing world. Our system is based on Hadoop MapReduce framework and can capture,
process, store, analyze, and retrieve video data at large scale. Our system detects and tracks individual vehicles
in the video frames and computes total number of vehicles that have passed through an intersection over a time
interval. It also computes the speed of individual vehicles and average speed of vehicles. The system detects
vehicle collisions which can be communicated to a nearby hospitals and highway rescue teams in real-time.
Additional functionality of the system includes suggesting alternative routes to commuters when congestion is
spotted on roadways.

II. APACHE HADOOP FRAMEWORK
Hadoop is a java based framework that is efficient for processing large data sets in a distributed computing
environment. Hadoop is sponsored by Apache Software Foundation. The creator of Hadoop was Doug Cutting
and he named the framework after his child’s stuffed toy elephant. Applications are made run on systems with
thousands of nodes making use of thousands of terabytes via Hadoop. Distributed file system in Hadoop
facilitates fast data transfer among nodes and allows continuous operations of the system even if node failure
occurs. This concept lowers the risk of disastrous system failure even if multiple nodes become inoperative. The
inspiration behind working of Hadoop is Google’s Map reduce which is a software framework in which
application under consideration is broken down into number of small parts [5, 6, 10].
Hadoop is a framework which comprised of six components [4, 8]. Every component is assigned a particular job
to be performed. To understand it lets suppose entire system as a Hadoop zoo as shown in Fig. 1.

Fig. 1. Hadoop Zoo
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 HDFS – HDFS are distributed cages where all animals live i.e. where data resides in a
distributed format.
 Apache HBase – It is a smart and large database.
 Zookeeper- Zookeeper is the person responsible for managing animals play.
 Pig – Pig allows to play with data from HDFS cages.
 Hive- Hive allows data analysts play with HDFS and makes use of SQL.
 HCatalog helps to upload the database file and automatically create table for the user.

III. WORKING OF MAP-REDUCE TECHNOLOGY
The flowchart depicting the working of Map-Reduce technology [9, 11, 13] is shown in Fig. 2.

Fig. 2. Flowchart showing working of Map-Reduce technology
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IV. MAPREDUCE BASED VIDEO ANALYTICS
Hadoop does not have built-in capability to extract structured data from unstructured video. Vehicle detection is
performed in two stages. First, Haar classiﬁers are used for pre-detecting vehicles in the video frames [8]. This
is a pre-processing step. In the second stage, a Support Vector Machine (SVM) is used to accurately detect the
presence of vehicles.
The Haar classiﬁer works fast with low-resolution images. However, SVM works slower due to algorithmic
complexity involved in extracting complex features and the need for high-resolution detection window. Next,
vehicle speeds are estimated, accidents and congestion are detected. All this structured data is written to Hive
data warehouse. If congestion is detected, alternative route messages are sent to mobile phones of subscribed
users. I fan accident is detected, messages are sent to hospitals and highway rescue teams which are close by the
accident site. These steps are discussed below in some detail.

A. Video Splitting
Generally, in Hadoop the ﬁle is split into blocks of speciﬁed size (default is 64 MB). Each block is processed by
one map process and map processes run in parallel. Larger block size offers several advantages. Video ﬁles are
split into blocks in a way to avoid information loss. In other words, we do not want some video frames of an
accident to go to one mapper process and remaining frames of the same accident go to another mapper.
We split video into blocks based on time units, which is speciﬁed by the users of the system. In the case of a
single cluster mode, the video ﬁle is processed by one map process. For two- and three-node scenarios, the video
ﬁle is processed two and three map processes, respectively. Our scalable video analytics approach is illustrated
in Figure 3.

Fig. 3. Process ﬂow for MapReduce based video processing
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B. Vehicle Detection using Haar Classiﬁer and SVM
As indicated in Section IV, vehicle detection is done using a two-step process. Haar classiﬁers’ detection speed
is high. The prediction accuracy is high with low false positives. In the second step, SVM uses Histogram of
Gradients (HOG) features to further improve vehicle detection accuracy.
A Haar feature for vehicle contains a set of adjacent rectangles and the position of the rectangles is deﬁned
relative to the detection window that acts like a bounding box to the vehicle. To detect vehicles, a window is
scanned over the input image, and for each subsection of the image Haar-like feature is computed. This
difference is then compared to a learned threshold that separates non-objects from objects. The Haarlike features
are combined into a classiﬁer cascade to form a strong classiﬁer.
Though vehicle detection using Haar-training is more difﬁcult compared to SURF (Speeded Up Robust
Features) [9], its robustness and execution speed compensate for this difﬁculty. We ﬁrst train the classiﬁer by
providing both positive and negative examples. We have used 2,000 photos containing vehicles (positive
examples) and 2,500 background images without vehicles (negative examples) for the training step of the
classiﬁer.
A detector was used to identify Regions of Interest (ROI) in images by sliding a window across the image. The
detector determines whether the detected object is present inside the window by using a cascade classiﬁer. The
size of the window is varied to detect objects at different scales, but keeping the aspect ratio constant. After
coarse detection, the ROI is clipped from the original video frame and then the presence of the vehicle is
veriﬁed using the SVM. If more than one vehicle is present in a video frame, all the ROIs are clipped and
veriﬁed using the SVM.

C. Vehicle Speed Estimation
The speed of the moving object is computed using the displacement of centroids. To overcome the problem of
perspective distortion, the camera calibration parameters are used to convert the pixel distance measured from
the video frames into real world distance. Images represent the real-world 3D coordinates as 2D points.
Therefore, the camera calibration matrix must be known to convert the speed measurement calculated in pixels
per second to the actual distance traveled by the object [10]. The accuracy of the estimated speed is calculated
by comparing it to the average trafﬁc speed.
RGB format video frames are converted into gray scale and a reference background image from video stream is
generated. Then, the moving objects were extracted from the video frame by ﬁnding the difference between the
current frame, It and the reference frame or previous frame, It−1. The frame differencing algorithm is used to
detect the motion of the detected vehicles.
When there is a change in the illumination, the reference background image is updated. The extracted vehicle
moving regions in the image are converted into binary format. A series of morphological operations are
performed on the binary image. Next, the objects contours are ﬁlled to remove holes inside object areas.
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The speed of a vehicle is the ratio between the difference of object centroid at time t and t + 1 and the frame rate
of the capturing device. The speed computed is in pixels per second and is converted to km/h using the camera
calibration parameters.
Trafﬁc congestion was detected when vehicles are traveling below the average speed for a period of time.
Similarly, road accidents were detected using two measures. One is the difference between the centroids of the
detected vehicles, which indicates that there may be a collision. The second one is when the vehicle speed falls
close to zero. For generating rerouting messages to subscribers in case of congestion, current positions of users
are calculated using the Geolocation API and an alternate route estimation is provided using Google Maps API.

V. EXPERIMENTS AND RESULTS
For our experiments, we placed a handy cam just outside our lab building facing the roadside and collected
videos during various lighting conditions. The camera was connected to a laptop and live video was streamed
and transmitted to the MapReduce application running on a virtualization server through local campus network.
The performance of the application is also tested on the road trafﬁc videos collected from Internet sources.

Fig. 4 Result of the vehicle detection process

Fig. 5. (a) Single vehicle detected (b) & (c) Collision detected (d) The speed of the vehicles becomes almost
zero
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To detect vehicles, Haar classiﬁer cascades have to be trained ﬁrst. For training two image sets are needed –
negative and positive examples. The location of vehicles within the positive images was given as input to the
classiﬁer. The SVM is then trained with HOG features extracted from the training data. The intermediate result
of the vehicle analytics process in two consecutive video frames is shown in Figure 4.
Next, vehicle speed is estimated by ﬁnding the centroid of the vehicle. When there is a collision the centroid of
the vehicles colliding with each other appears to be closer. This does not guarantee an accurate detection of the
collision or accident since the same condition will prevail when the vehicles pass each other. When the distance
between the centroids is less than a threshold value T1, the speed of the vehicle is checked. If the speed is less
than a threshold value T2, an accident is conﬁrmed. Figure 5 shows the output of the frame differencing process
done to detect vehicle collision and speed estimation in the consecutive frames with an interval of three frames.
The result of the vehicle detection was veriﬁed manually by annotating a short video sequence and then
comparing the result of the MapReduce application. The overall accuracy of the vehicle detection process was
found to be 88.6%. Certainly reducing the rate of false positives will increase the detection accuracy. This is
achieved by limiting the region of the video frame that is analyzed.

Fig. 6. Performance of MapReduce application
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VI. CONCLUSION AND FUTURE WORK
In this paper, we presented an analytics solution for road trafﬁc video using Apache MapReduce
implementation, Hadoop. We have demonstrated the scalability of the system. In future, the system performance
will be analyzed by incorporating more nodes. Live analysis of video data is a task operating on a stream of
data. Hadoop is intended for batch processing of large volumes of data. To support real time stream computing,
Storm will be considered in future instead of Hadoop. We plan to work on enhancing high-level event
recognition and prediction as well as classifying vehicles. We will also investigate and validate the relationship
between collision probability and safety.
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