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ABSTRACT

Emergency Traffic Management (ETM) is one of the main problems in smart urban cities. This paper focuses on
selecting an appropriate object detection model for identifying and counting vehicles from closed-circuit television
(CCTV) images and then estimating traffic flow as the first step in a broader project. Therefore, a case is selected
at one of the busiest roads in Christchurch, New Zealand. Two experiments were conducted in this research; 1)
to evaluate the accuracy and speed of three famous object detection models namely faster R-CNN, mask R-CNN
and YOLOV3 for the data set, 2) to estimate the traffic flow by counting the number of vehicles in each of the four
classes such as car, bus, truck and motorcycle. A simple Region of Interest (ROI) heuristic algorithm is used to
classify vehicle movement direction such as “left-lane” and “right-lane”. This paper presents the early results and
discusses the next steps.
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INTRODUCTION

Traffic flow estimation is important for urban planning and management of road traffic infrastructure. It is also
essential to have a good understanding of the flow of traffic in order to manage emergencies (eg., to re-route traffic
through alternative routes) (Yuan et al. 2013). Researchers and developers have recently focused on deep neural
networks for traffic prediction, particularly in smart urban cities (Lv et al. 2014; Kang et al. 2017). Emergency
Traffic Management (ETM) can be described as a specific case of traffic management requiring extensive planning
to ensure secure and effective egress. The causes of traffic emergencies can be small-scale (e.g., vehicle crash) or
large-scale (e.g., earthquake or tsunami). They can also be planned (e.g., scheduled maintenance, noticed evacuation
before a disaster) or unplanned. Wrong decisions made without a clear picture of the situation have led to multiple
unfortunate incidents resulting in dozens of human casualties during mass evacuations (Carpender et al. 2006;
Harten et al. 2018).
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Identification of traffic flow is the first step in consolidated planning of managing traffic emergencies. Today,
closed-circuit television (CCTV) systems are extremely common and mounted in many public areas to support
real-time monitoring. As they are operated continuously, they generate a massive amount of data contributing to
big data. Among the other types of sources, CCTV data can be used as the foundation for accurate traffic flow
estimation (Fedorov et al. 2019; Peppa et al. 2018).

The majority of recent research use state-of-the-art deep learning based object detection frameworks such as Faster
R-CNN (Ren et al. 2015), YOLO (Redmon, Divvala, et al. 2016) and mask-RCNN (He, Gkioxari, et al. 2017) for
vehicle detection and tracking (Laroca et al. 2018; Y. Zhang et al. 2017; F. Zhang et al. 2019; Q. Zhang et al. 2020)
from image data sets. Faster R-CNN and mask-RCNN belong to the R-CNN family networks that use regions
to locate the objects within an image. In comparison, the YOLO algorithm divides the entire image into cells
and predicts the bounding boxes and class probabilities. However, traffic flow estimation using these algorithms
for surveillance camera data sets is still in very early development. Difficulties in moving, storing, developing
efficient, intelligent algorithms for processing and analyzing CCTV big data have been identified as major challenges.
(Fedorov et al. 2019).

The study presented in this paper seeks to answer the questions; 1) What object detection algorithm is best suited to
the CCTV image data set for vehicle detection? 2) Can traffic flow be estimated by counting the number of vehicles
in CCTV images using an object detection algorithm?. Therefore, we collect real-time CCTV imagery from traffic
cameras through the New Zealand Transport Agency’s (NZTA) traffic cameras Application Programming Interface
(API)!. During the first experiment, we compare the performance and accuracy of faster R-CNN, Mask R-CNN and
YOLOV3 algorithms in vehicle detection for the CCTV image data set. Then, as a case study, we focus on one of
the busiest roads in Christchurch Central Business District (CBD) to estimate the traffic flow. However, broader
research extending this work would use the estimated flow of traffic to predict the short-term traffic flow. The results
of this research, along with the prediction system can be used by city authorities to understand traffic flow patterns,
predict traffic flow at a given time, understand traffic anomalies, and make management decisions.

The rest of our paper is outlined as follows. The next section reviews the existing work. Then we illustrate our
methodology of the study and discuss the results. Finally, we present concluding remarks and future research steps.

RELATED WORK

One of the first steps in traffic flow estimation is vehicle identification. Object detection differs from classification as
it attempts to draw a bounding box around the object of interest in order to locate it within the image. In computer
vision research, there are three primary object detectors (Redmon, Divvala, et al. 2016; Ren et al. 2015):

* R-CNN and their variants, including the original R-CNN, Fast R- CNN, Faster R-CNN and Mask R-CNN
* Single Shot Detector (SSDs)
* YOLO

These Convolutional Neural Networks (CNN) based object detectors can be roughly divided into two main categories:
single-stage detectors and two-stage detectors. The single-stage detectors are generally fast and predict object
bounding boxes together with classes within a single network pass (e.g., SSDs and YOLO) (Redmon, Divvala,
et al. 2016; Liu et al. 2016). Comparatively, two-staged detectors such as R-CNN family networks detection
happens in two-stages; 1) the model proposes a set of regions of interests by selective search (Uijlings et al. 2013)
or using Regional Proposal Network (RPN) 2) a classifier only processes the region candidates to identify the
objects (Girshick et al. 2014; Girshick 2015; Ren et al. 2015; He, Gkioxari, et al. 2017). Therefore, two-stage
detection tends to be slow. Huang et al. (Huang et al. 2017) provide a thorough review of the key advantages and
disadvantages of single and two-stage detectors.

The use of CNNs to identify objects in all regions of an image has been computationally inefficient (Zhao et al.
2019). Therefore, Girshick et al. (Girshick et al. 2014) proposed the first Regions with CNN features (R-CNN)
algorithm to use selective search (Uijlings et al. 2013) to extract just 2000 regions from images to propose candidate
bounding boxes that could contain objects. The identified regions were then passed into a CNN for classification,
which eventually led to one of the first deep learning-based object detectors.

However, the R-CNN algorithm was painfully slow and could not be used for real-time detection. Therefore,
Girshick et al. (Girshick 2015) improved R-CNN and published a second paper in 2015, entitled Fast R- CNN. The

INZTA Traffic Cameras API . Retrieved January 5, 2020, from https://www.nzta.govt.nz/traffic-and-travel-information/
infoconnect-section-page/about-the-apis/traffic-cameras/
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Figure 2. Fast R-CNN architecture (Girshick
Figure 1. R-CNN architecture (Girshick et al. 2014). 2015).

Fast R-CNN algorithm made significant improvements to the original R-CNN, namely by increasing accuracy and
reducing the time it took to perform the forward pass. However, the Fast-RCNN model still relied on an external
region proposal algorithm (see Figures 1 and 2).

In 2015, the follow-up paper by Girshick et al. (Ren et al. 2015) introduced Faster R-CNN as a true end-to-end
detector of deep learning artefacts. It has been improved by removing the selective search requirement and instead
relying on RPN that is fully convolutional and can predict the object bounding boxes and “objectness” scores (e.g.,
a score that quantifies the probability of an image region may contain an object). The outputs from the RPNs were
then passed into the R-CNN component for final classification and labelling.

Kaiming et al. (He, Gkioxari, et al. 2017) extended faster R-CNN by proposing instance segmentation rather than
drawing bounding boxes, which resulted in proposing mask R-CNN. It is considered as a flexible and efficient
framework compared to other R-CNN family networks (Zhao et al. 2019).

The most significant problem with the R-CNN family of networks was their speed as they were incredibly slow, even
faster R-CNN obtaining only 5 FPS (Frame Per Second) on a Graphical Processing Unit (GPU) (Ren et al. 2015).
Both SSDs and YOLO use a one-stage detector strategy to help increase the speed of deep learning object detectors.
One-stage detectors treat object detection as a regression problem, taking a given input image and simultaneously
learning bounding box coordinates and corresponding class label probabilities. Generally, single-stage detectors
tend to be less accurate than two-stage detectors, but are significantly faster (Huang et al. 2017).

¥ TR
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Figure 3. YOLO object detection (Redmon, Divvala, et al. 2016).

You Only Look Once (YOLO) was First introduced in 2015 by Redmon et al. (Redmon, Divvala, et al. 2016) as
an object detector capable of real-time object detection, obtaining 45 FPS on a GPU (see Figure 3). YOLO has
gone through several different iterations until they introduced YOLO9000 (Redmon and Farhadi 2017). They were
able to achieve such a large number of object detection by performing joint training for both object detection and
classification. The authors simultaneously trained YOLO9000 on both the ImageNet classification data set and
the COCO detection data set using joint training. However, as the performance was not satisfactory, they recently
introduced YOLOvV3 (Redmon and Farhadi 2018), which is significantly larger than previous models and with
greater accuracy. Table 1 provides the details of popular object detection models, their objectives and links to
source codes.

Multiple open-source visual data sets with manually labelled features have contributed to the advancement in
computer vision research (Gauen et al. 2017). We use YOLOv3 and R-CNN networks trained on two such data
sets, namely Common Objects in Context (COCO) (Lin et al. 2014) and Computational Learning Visual Object
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Table 1. Popular object detection models and their objectives

Algorithm Author Objective Code
R-CNN (Girshick et al. 2014) Object detection https://github.com/rbgirshick/rcnn
fast R-CNN (Girshick 2015) Object detection https://github.com/rbgirshick/
fast-rcnn
faster R-CNN (Ren et al. 2015) Real-time Object de- https://github.com/rbgirshick/
tection py-faster-rcnn
mask R-CNN (He, Gkioxari, et al. Image segmentation https://github.com/
2017) facebookresearch/Detectron
YOLO, (Redmon, Divvala, et Real-time object de- https://pjreddie.com/darknet/yolo/
YOLO9000, al. 2016; Redmon and tection
YOLOv3 Farhadi 2017; Redmon
and Farhadi 2018)

Classes (PASCAL VOC) (Everingham et al. 2015). COCO is an image data set introduced by Microsoft, consisting
of 80 common objects in their natural context (Lin et al. 2014). Training and testing data sets for PASCAL VOC
consisted of 27,450 detection objects in 11,530 images of 20 different classes. Also, the test and training data sets of
PASCAL VOC segmentation consist of 6929 segmented objects in 11,530 images (Gauen et al. 2017; Everingham
et al. 2015).

The traffic flow estimation is identifying the number of vehicles during the ¢*" time interval at the i observation
location in a transportation network which can be denoted as X!. Therefore, the traffic flow prediction problem can
be stated as follows: Given X denote the observed traffic flow during the ¢/ " time interval at the i** observation
location, t = 1,2,...,T and i = 1,2, ..., m, the problem is to predict the traffic flow at time interval (¢ + A) for some
prediction horizon A (Lv et al. 2014). Most of the traffic-related research using Deep Learning techniques have
focused mainly on the problem of traffic flow prediction (Yi et al. 2019; Polson and Sokolov 2017; Kunde et al.
2017). However, these studies are different from the scope of this paper. The main problem we address is the traffic
flow estimation from CCTV image series as discussed by Fedorov at el. (Fedorov et al. 2019), a subject area in very
early development. Therefore, there are a minimal number of researches which address the same problem.

Previously, inductive loop detectors, pneumatic road tubes, and temporary manual counts were the primary methods
for estimating traffic flow (Barthélemy et al. 2019). However, depending on the costs and difficulties of installation,
these methods can not be used in large areas. As highlighted in the introduction, CCTV monitoring is currently very
common and these large networks are barely used except for the investigation of incidents and anti-social behaviour
(Barthélemy et al. 2019). Previously, due to privacy concerns, only the police and city councils used to access these
data. However, the current trend of most city councils is to put their CCTV data sets for open access. Fedorov et al.
(Fedorov et al. 2019) have used Faster R-CNN for a video data set to identify traffic flow. However, only a short
video clip containing 982 frames has been considered for their research. A similar study has evaluated the accuracy
of two deep learning algorithms, namely MobileNet, and faster R-CNN trained on COCO data set (Peppa et al.
2018). They show that the accuracy of faster R-CNN is more for their CCTV image data set. However, the direction
of vehicle movement is not considered during the flow estimation process. Taking advantage of the open access
CCTYV image series and considering the research gap, we focused on developing a method for estimating traffic flow.

METHODOLOGY

The study presented in this paper evaluates the performance of three Deep Learning algorithms and estimates the
flow of traffic from CCTV images. Therefore, in the first experiment, we evaluate the performance and accuracy of
three of the most popular object detection algorithms, such as faster R-CNN, mask R-CNN and YOLOv3. We used
a faster R-CNN model trained on PASCAL VOC data set with ResNet-50 backbone (He, X. Zhang, et al. 2016) and
mask R-CNN model trained on COCO data set with ResNet-50 backbone, which is implemented in GluonCV?Z2.
Also, YOLOv3 implementation in cvlib python library3 trained on COCO data set. During the second experiment,
we apply YOLOV3 to formulate the traffic flow by counting the number of vehicles in each minute. The flow of
methodology is shown in Figure 4.

2GluonCV. Retrieved January 5, 2020, from https://gluon-cv.mxnet.io/index.html
3cvlib. Retrieved January 5, 2020, from https://www.cvlib.net/
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Figure 4. Methodology.

Data set

A CCTYV image data set was formulated by collecting traffic camera images in real-time through the NZTA traffic
cameras API from 10" of October to 31 of October 2019 in Christchurch CBD. There are 83 cameras operated in
the CBD, and for this experiment, we selected a busiest road namely "West along Yaldhurst Rd from Curletts Rd"
(latitude -43.53074, longitude 172.56812). The total size of the data set we selected for the experiments is 1.6 GB.
The images are low resolution, taken from different angles, in different illumination levels and also under different
weather conditions. Each image has a height of 600 pixels and a width of 800 pixels. A sample image is shown
in Figure 5. Occasionally, cameras create an “unavailable” image with a message due to the technical faults (see
Figure 6).

100
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50 100 150 00 3300 300 350

200 300 400 500 600 70O

Figure 5. A sample CCTV image Figure 6. Camera ''unavailable' image

Data processing

We found 6.3% of the data set considered for the experiment as “unavailable images” (see Table 2). Therefore, they
were filtered out using a simple python script, considering the total pixel value.
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Table 2. Data set before and after pre-processing

Total number of images before pre-processing 24, 085
Total number of “unavailable images” 1519
Total number of images after pre-processing 22, 566

Experiments
Experiment 1

We selected a sample 10% of the of pre-processed images under different conditions, such as day, night and blur.
Then we evaluated the accuracy and performance of YOLOv3, mask R-CNN and faster R-CNN in the detection of
vehicles in each of the classes such as [’car’, "truck’, 'motorcycle’, *bus’]. The performance was measured in terms
of time taken to detect objects. According to Table 3, YOLOV3 has always achieved the highest performance by
having the lowest time detect vehicles.

Table 3. Performance and accuracy of the three models for our CCTV data set

Model Performance/ mean time taken Recall Precision
to detect vehicles (seconds)

YOLOv3 0.86 0.79 0.96

faster R-CNN 8.37 0.50 0.96

mask R-CNN 55.6 0.69 0.77

For the same sample, we evaluated the accuracy in terms of precision and recall (see Table 3). First, we manually
counted the number of vehicles in each image and then used the faster R-CNN, mask R-CNN and YOLOv3 models to
count the number of vehicles (see Figure 7). Then precision and recall values were obtained. Precision is the number
of True Positives (TP) over the number of predicted positives (PP), and recall is the number of true positives over
the number of actual positives (AP). PP = TP + FalsePositives (FP) and AP = TP + FalseNegatives (FN)

s _ TP _ TP =Ie _ TP
and therefore, Precision = $p = 7575 and Recall = 35 = 757

Experiment 2

Our next experiment was to estimate the traffic flow by counting the number of vehicles in each image. Traffic flow
estimation has two tasks; 1) determining the direction of movement of the vehicle 2) counting the number of vehicles
in each image by the direction of the vehicle movement. Therefore, to identify the “left-lane” and the “right-lane”,
each image must be divided into two. We also wanted to avoid the parking area, and hence, the most appropriate
region of interest was identified as a trapezium. Two trapeziums were selected having the sizes points [[100, 600],[250,
1991,[450, 199],[800, 600],[100, 600]] as the “left-lane’”” and [[750,600],[450,200],[800,200],[800,600],[100,600]]
as the “right-lane” (see Figure 8 and 9). The algorithm for selecting the trapezium is as follows:

Algorithm 1 ROI selection as a trapezium

1: fori € I do

y_size,x_size = i.shape|: 2]

vert_coef =0.3333

hor_coef =0.312

v_coef =vert_coef

up_left_coef = hor_coef

up_right_coef =1—-up_left_coef

low_left_point = [0, y_size]

low_right_point = [x_size, y_size]

up_left_point = [x_size xup_left_coef,y_size x v_coef]

up_right_point = [x_size * up_right_coef,y_size x v_coef]
2: end for

We used the YOLOv3 implementation in Python cvlib to obtain the traffic flow count in every single minute.
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Figure 7. Vehicle Detection (a) faster R-CNN-Day (b) mask R-CNN-Day (¢) YOLOv3 R-CNN-Day (d) faster R-CNN-
Night (e) mask R-CNN-Night (f) YOLOv3-Night (g) faster R-CNN-Blur (h) mask R-CNN-Blur (i) YOLOv3-Blur

RESULTS AND DISCUSSION

According to Table 3, YOLOV3 has high recall and precision values for the selected data set. High precision relates
to a low false-positive rate, and high recall relates to a low false-negative rate. High scores for both show that the
model is returning accurate results. Comparatevely, faster R-CNN has high precision but low recall, which means
that very few results are returned, but most of its identified objects are correct. furthermore, mask R-CNN returns a
low recall and precision values compared to YOLOvV3. Therefore, based on both performance and accuracy values,
we have chosen YOLOV3 as the most appropriate algorithm for this project to estimate traffic flow. All experiments
were carried on Ubuntu 18.04.3 with Nvidia Geforce graphics, 8 CPU cores (Intel(R) Core(TM) i7-8565U CPU @
1.80GHz) and 8 GB RAM. Figure 10 and 11 show a sample of the vehicle counts generated by YOLOv3 for the data
set. However, these results are not validated. Therefore, we will use a CCTV video recording at the same location
to get the traffic flow by manually counting as the ground truth. Then, the generated traffic flow will be evaluated
against the ground true flow.

The contribution of the paper can be summarized as follows:

* We have constructed a new, challenging data set by collecting CCTV images at each minute through the
NZTA traffic cameras API, which includes a total of 24,085 images for the experiments discussed in this
paper. To the best of our knowledge, this is the first time that such a large CCTV data set has been used to
formulate traffic flow using Deep Learning.

WiP Paper — Al Systems for Crisis and Risks
Proceedings of the 17th ISCRAM Conference — Blacksburg, VA, USA May 2020
Amanda Lee Hughes, Fiona McNeill and Christopher Zobel, eds. 106



Algiriyage et al. Traffic Flow Estimation Based on Deep Learning

200 300 400 500 200 300 400

Figure 8. Left Lane. Figure 9. Right Lane.
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—— LeftLane

2019-10-15 14-44-00 1 0 10 RightLane
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Figure 11. A plot showing a sample of traffic flow
Figure 10. A sample of the obtained vehicle counts

* We have evaluated the performance and accuracy of YOLOV3, faster R-CNN and mask R-CNN in counting
vehicles for the CCTV images. Then, we obtained the traffic flow counts for the selected road at Christchurch
CBD.

* We have developed a simple ROI algorithm to identify “left-lane” and “right-lane” in the CCTV images to
identify the direction of vehicle movement.

CONCLUSION

In this paper, we discussed the problem of traffic flow estimation as the first step of a broader project for emergency
traffic management. As a case study, we considered one of the busiest roads in Christchurch, New Zealand. This
subject area is still in the early stages of development, and there are only a few works that aim to process the CCTV
image series automatically for traffic analysis. To address this issue, we started by evaluating the performance
accuracy of three popular object detection models, namely faster R-CNN, mask R-CNN and YOLOv3. Our
experiment 1 results showed that YOLOv3 was very fast to detect objects compared to the other two models. Also,
in the same experiment, we demonstrated that YOLOv3 had the highest accuracy. During the experiment 2, we
introduced a simple ROI selection heuristic algorithm to select “left-lane” and “right-lane” of each image. We
applied the YOLOV3 model to count the number of vehicles in such as car, bus, truck and motorcycle in each minute
to formulate the traffic flow.

Future work for this project beyond this paper will be extended to the identification of traffic flow to the entire city
of Christchurch using multi-cameras. Then, the short-term traffic flow will be predicted at any location in the city.
During the final step of the project, the prediction of traffic flow will be compared with the real-time traffic flow to
identify traffic anomalies. This will allow emergency management personnel to decide whether to re-route, change
traffic signals or make any other decisions within a few seconds of an incident. Also, during an incident, emergency
managers can use the prediction to estimate the traffic flow attempting to evacuate from different routes in the city.
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