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Results

We present a system for real-time traffic flow estimation using a low-quality
video footage. Traditional methods of traffic data acquisition such as
underground inductive-loops, pneumatic road tubes, and manual counts are
labour intensive, expensive, difficult to install and can be inaccurate. The
recent advancement of computer vision techniques in conjunction with
freely available closed-circuit television (CCTV) datasets provided
opportunities for vehicle detection, tracking and classification.
Introduction
Figure 3:A screen capture of the real-time traffic flow estimation of the analysed video

Today, rapid urbanisation in city environments have contributed to an
increase in the number of vehicles on an urban road network. Traffic
congestion and related issues must be addressed to ensure efficient
transportation for everyone. Traffic flow estimation is the first step
contributing to urban planning, traffic modelling and design processes for
all aspects of the road network
The Dataset
I We obtained CCTV footage from New Zealand Transport Agency (NZTA),
Christchurch, New Zealand.
I As a case study, we focus on a multi-lane road in Christchurch Central
Business District (CBD).
Location

West along Yaldhurst Rd
from Curletts Rd
Latitude & lon- (-43.53074, 172.56812)
gitude
Frame rate
≈ 10
Resolution
1280 ∗ 720
No of frames
2, 784

Figure 4:Real-time traffic flow by vehicle movement direction

Evaluation

Accuracy =

No of correct detections

No of ground-truth detections
TP
Precision =
TP + FP
TP
Recall =
TP + FN
2 * Recall * Precision
F1 =
Recall + Precision

Methodology
I The problem of traffic flow estimation is divided into three sub-tasks:
vehicle identification, vehicle tracking, and traffic flow estimation.
I The vehicle identification module draws a bounding box around vehicle
objects in order to locate it within a frame, while vehicle tracking module
tracks the movement of a vehicle object between different frames.
I The traffic flow estimation module counts vehicles based on the direction of
movement and also the class of the vehicle.
I Our algorithm can be easily applied to any similar location with very few
modifications and extended to complex locations by making minor changes.
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Table 1:Accuracy of vehicle detection

Direction Detected Not de- Accuracy
of movetected
ment
Northbound 70
9
89.60%
Southbound 89
15
85.57%
Table 2:Accuracy of flow estimation

Class

northbound
accuracy F1
car
0.8661
0.8909
truck
0.9020
0.7273
bus
0.9494
0.3333
motorcycle 0.9747
0.5000

Figure 1:The architecture of the real-time event extraction system

southbound
accuracy F1
0.8046
0.8466
0.8909
0.7092
0.9323
0.2500
0.9519
0.4444

Conclusion

Figure 2:Drawing of the location analysed - Line coordinates (L1[0], L1[1], L2[0], L2[1]) and
bounding box properties of a vehicle object (x, y , width(w ), height(h)).

I We explored the problem of traffic flow estimation from a low-quality CCTV
video footage in real-time. As a case study, we focused on a multi-lane road
in Christchurch Central Business District (CBD).
I We obtained the traffic flow based on vehicle movement direction such as
“northbound” and “southbound”. Furthermore, vehicle counts were
obtained for four vehicle classes, such as car, bus, truck and motorcycle.
I Proposed algorithm is easily extendable to any location with minor
modifications.
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