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ABSTRACT

In general, Driving Assistance Systems continuously monitor surrounding environment,
providing information to assist human driver, in order to increase safety and convenience. By
observation we found when stopping at a long-waiting traffic signal, a driver may be distracted
by other tasks and not focus on traffic. When it is time to go, he or she may block the traffic or
be honked by the rear car for blocking the traffic, if he or'she does not move. This thesis
provides a vision-based detection system which reminds the driver while it is time to start
moving. The system includes three modules: (1) a spatiotemporal-profile-based or scan-line-
based ego-motion detection mechanism.which determines whether the driver’s vehicle is
moving, (2) a Gentle AdaBoost-based vehicle detector finds possible front vehicles and sends
notifications once they move, and (3) a traffic signal detector based on color/shape attributes
and a background model finds possible candidates and notifies the driver once the traffic signal
turns green. This system tries to provide a convenient functionality that assists people in easing

driving effort in such a less critical condition. Experiments show when a driver stops at a red



traffic signal in day-time urban areas, this detecting system sends notifications at a recall of

95.5% and a precision of 87.5%, therefore prevents a driver from blocking the traffic.
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Chapter 1. Introduction

1.1 Motivation

For typical driving experience in the urban areas in Taiwan, there is a high possibility that
a driver need to stop at the traffic signals for more than 60 seconds. If a driver is distracted from
the waiting for the traffic signal to turn green, e.g., for tuning for a radio program or finding
accessories in the purse, he or she is very likely to miss the traffic signal transition, or be honked
by the rear vehicle for blocking the traffic. We want to develop a detecting system which starts
to monitor traffic signals and vehicles when the driver stops at a red traffic light, and notifies
the driver when it is time to. move again.

As car video recorders become popular, more and more people attach these devices to the
windshield or on the dashboard to record their journeys. Compared to the radar or laser solutions,
camera-based solutions are more accessible. Many brands of car video recorders, ranging from
NTD 3,000 to NTD 10,000, can be easily bought. Furthermore, considering the computation
power of mobile devices today, e.g., HTC One X with 1.5 GHz quad-core CPU (2012), car
video recorders with more powerful computing capabilities are also expectable. Therefore, we

choose vision-based approach to detect traffic events and issue timely notifications to the driver.

1.2 Review of Related Works

While driving on the roads, the traffic conditions may change rapidly. Besides controlling
the vehicle, a driver has to continuously attend to and react immediately and properly to receive
visual and acoustic information around the vehicle. However, humans may not maintain a high
level of concentration for a prolonged period of time, nor has automatic vehicle driving net

been mature, the development about Driver Assistance Systems (DAS) [1] becomes an

1



important research field. A DAS monitors surrounding environment continuously by sensors
and provides extra information to the driver. Besides assisting the driver, some DAS
technologies can be the foundations of autonomous driving in the future.

Categorized by applications, many technologies [2] have been developed for DAS which
include: lane departure warning system [3] [4], adaptive cruise control [5], collision avoidance
system [6], pedestrian protection system [7] blind spot detection [8], driver drowsiness
detection [9], automatic parking [10], traffic sign recognition [11] [12] [13], etc. Some of these
technologies have also been commercialized. For example, Volvo’s City Safety [14] can
prevent collision at speed under 50 km/h by using an active sensor to scan the region 10 meters
in front of the vehicle, and will apply brake if the driver is not aware of the obstacle.

While most DAS technologies attempt to increase car safety by informing the driver
immediately when the system detects a possible danger, others, such as automatic parking and
traffic sign recognition intent to provide useful and convenient functionalities to ease the
driving effort. This thesis will concentrate on the convenience point of view.

As described previously we plan to design a system to notify a driver stopped by the traffic
signal or stopping vehicles in front when to start moving again. In general, whether a
notification should be issued will be determined by the transition of traffic signals as well as
the behavior of front vehicles. Color and shape are important features for detecting traffic
signals. Park and Jeong [15] find traffic signal regions by thresholding RGB values, applying
circularity check and rejecting candidates which do not last long enough. Gonzales et al. [13]
use Hough transform and aspect ratio to extract possible traffic sign locations. Meanwhile,
multi-frame validation is proved to be effective to reject unstable candidates.

As for vehicle detection, Zheng and Liang [16] train classifiers by using RealBoost [17]
with edge-like stripe features and deal multi-view problem with Cluster Boosting Tree [18]

algorithm. Kuo and Nevatia [19] detect multi-view vehicles with a tree structure detector in



which each node is a Gentle AdaBoost classifier [17] based on HOG feature [20]. Chen and Lin
[21] identify vehicles at night by analyzing candidates of brake light regions in the frequency
domain. Jazayeri et al. [22] represent the movement of vehicles in a spatiotemporal image
constructed by horizontal edges. To the best of our knowledge, there are no studies about

detecting the transitions of traffic signals, which motivates the proposed approach.

1.3 Overview of Proposed Methods

In this thesis, we design an innovative and practical daytime DAS system, entitled
Time2Go, which is capable of reminding the driver when it is time to drive forward by analyzing
the video clips captured by a car video recorder. Fig. 1 illustrates the flowchart of the Time2Go
System which is initiated whenever a video frame. is captured. After it is converted to HSV
space the frame is then sent to different modules in the system depending on the driver is
moving on the road (state MOVING) or stopping at the traffic signal (state STOPPED), as
determined by the Ego-Motion Detector. (Both a spatiotemporal-profile-based method [22] and
a scan-line-based method will be considered for the Ego-Motion Detector in this thesis.)

If the system determines that driver’s vehicle Is stopped, video frames will be sent to the
Vehicle Detector and the Traffic Signal Detector in an interleaving way. The Vehicle Detector
finds the locations and mations of front vehicles based on Gentle AdaBoost [17] and HOG
features [20]. The performance is further improved with a red-region-pair checking. The Traffic
Signal Detector is used to locate the candidates of traffic signals, and sends out a notification
when a red-to-green happens. The concept of multi-frame validation is widely used in all three

modules.
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1.4  Thesis Organization

The remainder of this thesis is organized as follows. Chapter 2 elaborates the detail of each
modules of the proposed DAS system, including Ego-Motion Detector, Vehicle Detector and
Traffic Signal Detector. Dataset collection, experiment results and assessment of system

performance are described in Chapter 3. Finally, conclusions and future works of this thesis are

given in Chapter 4.



Chapter 2. System Architecture

The purpose of the Time2Go system is providing a notification, T2G, to signal the driver
it is time to start moving when stopping at a traffic signal. However, it is still the driver’s
responsibility to decide if it is actually a safe timing to move, in case of any vehicle or
pedestrian charging into the way suddenly. In the following sections, we will describe when

the T2G notification will be issued and the design concept of the whole system.

2.1 Timing to issue a T2G notification

Table 1 shows the timing when a driver should concentrate back on the driving when
stopping at a red traffic signal. One can see that the timing to notify is when the green signal is
turned ON while the red signal turns OFF, or when a green signal shows up near a red signal
(i.e. a right-turn signal), or when the front vehicle, if exists, starts moving.

Note that not all types of traffic signals are considered. In this study the traffic signals are
considered to be setup in a landscape way due to the local settings.in Taiwan. As shown in Fig.
2, landscape traffic signals have the red (green) light on the left (right). The traffic signal
detection method described in section 2.5 can be easily modified to adapt the traffic signals of

portrait types.

Figure 2. Landscape type (left) and portrait type (right) traffic signals



Table 1. Timing to issue notification
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Figure 3. The finite state machine maintained in the system



According to the above rules, the Time2Go System maintains a finite state machine which
consists two states: MOVING and STOPPED, as shown in Fig. 3. Ego-Motion Detector (EMD)
is enabled in both states and processes every frame to decide if the driver’s vehicle is moving
or not. When it is in STOPPED state, Vehicle Detector (VD) and Traffic Signal Detector (TSD)
are enabled. Frames are sent to the two modules alternatively to ease CPU loading. The system
sends notifications only when VD detects front vehicle movements or TSD detects traffic signal

transitions (shown in green in Fig. 3) as described earlier in section 2.1.

2.3 Ego-Maotion Detector (EMD)

In this thesis two methods are studied and compared for their effectiveness in determining
the status of ego-motion. The spatiotemporal-profile-based approach is inspired by the method
for detecting vehicle locations in [22]. Various stripe patterns can be used to distinguish
between moving and stopped. In addition, a scan-line-based approach which calculates the
moving speed of feature points in video frames along scan lines originated from the vanishing

point of the road.
2.3.1 Spatiotemporal-profile-based Approach (SpT)

Referring to the method used in [22] to detect vehicle positions, the approach will find (i)
horizontal edges E: (X, y) of a frame t, (ii) apply a mask w(x, y) on Ez (X, y) to focus on the region
of interest, and (iii) vertically project the masked ROI onto a spatiotemporal image T(x, t) with

h/2

T )= D w(x Y)E(X,yt) (1)

y=-h/2
where h is the height of spatiotemporal image. T(x, t) can be seen as a profile of horizontal

edges along the time axis of consecutive frames.

When driving in urban areas, edges of buildings, elevated highways, lamps and traffic



signs provide enough information to generate distinctive profiles. In this thesis, the mask w(x,
y) is set to focus on the upper portion of video frame, as shown in Fig. 4, to avoid interference
of relative motions of nearby vehicles. The height of spatiotemporal image provides a temporal
buffer when the vehicle is temporarily stopped or passing an open sky area (Fig. 6¢). This buffer
also means a cool-down duration (Dcq) before the finite state machine going to STOPPED state.
In urban area, a buffer of 300 frames (about 10 seconds) is considered to be a reasonable time
window.

Instead of horizontal edges in [22], we extract edges of all directions in frames to form
spatiotemporal images since it retains more information than the horizontal edges. Fig. 5 shows
the patterns under different driving situations. While a strait-stripe pattern shows the vehicle is
stopped, an outward spreading. pattern represents a forward ego-motion. A tilt pattern shows

when the vehicle is turning.

Figure 4. Mask w(x, y)

A spatial-temporal (o |[@ ]| =] A spatial-temporal 177; El 7722 f

Moving forward

|| Turn right
Slow down

Turning right

stopped

s

@ (b)

Figure 5. Different patterns of spatiotemporal image T(x, t) (a) Moving forward and then
turning right (b) Turning right, slowing down and then stopped
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Figure 6. Gray image (top), spatiotemporal image (middle) and StdDev (bottom). (a) An
ego-moving condition (b) A full-stop condition (c) Vertical stripes at the middle of
spatiotemporal image indicates a temporary stop or passing through an open-sky area.

To describe if the driver is ego-moving, standard deviation of each column in T(x, t) is

used to describe the vertical homogeneity of profile, as shown in the bottom row of Fig. 6.

1 G =2 T T ) v

03 = [rZI (TG 0) - ()2 3

When there is an ego-motion, continuous high standard deviation values appear in ot (X) as
shown in the bottom charts of Fig. 6. A simple mechanism searches for the existence of
segments using a threshold Isp for the values of ot (x) and a threshold Lseg for the length of

segments, and thus distinguishes between the states of moving and stopping.
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2.3.2 Scan-line-based Approach (SL)

For a forward looking video recorder, objects in the video will spread outward from the
vanishing point of the road as the vehicle is moving forward along a straight road. Therefore
we can design a method to track feature points in 1D space (i.e. a scan-line) rather than in 2D
space (video frame), to save much computation time. Gradients of pixels are calculated, with

high gradient values identified as featUFe pomtsf(Fig 72 For the detection of ego-motion,

- - .' m' (,.!
moving speed of feature pumlé\o,n;e‘agj Sg_an—slme a’reéalcul&tqd ‘and then averaged to be the
"-‘1/ '
"'\ '>’ --',\_.:,.__;-;-,;_/;./ o
direction and speed(ohserveet‘b\] thls scan-line. \'-\\r\'“'.{-_: ¥ .
b N ¥

Figure 7. Scan-lines arranged as a fan shape. Green- (red-) colored feature points and scan-lines
represent forward (backward) moving direction. The vanishing point in yellow color is
manually set.

In general, as the vehicle moves forward, feature points should move outward along the
scan line. For each scan-line, the scan-line-based algorithm compares the same scan-line in the

previous frame, and searches for a nearest neighbor for each feature point in a predefined range
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Rneighbor. The distance between these two neighbor feature points is used as the moving speed
(in pixels/frame) of this point, and the average speed of these points defines how fast and which
direction the scan-line observes ego-motion. E.g., as shown in Fig. 8, scan-line #1 on the left
has two feature points. The green one is a forward moving point and the red one is backward
moving. The scan-line is green-colored due to the average of the two points is still positive.
To filter noises, this fan is designed to report ego-moving only when more than one scan-
lines observe movement (as described above) larger than a threshold Ss. for continuous Ms.
frames. Although a fan, rather than an upper half circle, 1S used, it is unavoidable that while
ego-motion does not exist, the scan-lines at both ends are occasionally interfered by large

moving vehicles such as buses or trucks, and therefore the scan line produces false alarms. Such

04011641 _4213.avi
Frame 346 Time 00:12
Scan line 23 triggers {300) Status: GO

00
01
02

Scan-line @ frame t

Feature Points @ frame t L4 ® ®
Feature Points @ frame (t-1) ® ® °
Point speed @ frame t T o T
Negative speed Positive speed

Figure 8. List of statuses of scan-lines and the legends.
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false alarms can be reduced heuristically by confirming if both leftmost and rightmost scan-
lines agree or not. The fan reports stopped only after a cool-down duration D¢ of 300 frames

(about 10 sec), as same as in the spatiotemporal profile.

2.4 Vehicle Detector (VD)

To detect the vehicles in front of the driver, a Gentle AdaBoost [17] classifier cascade
using Histogram of Oriented Gradients (HOG) features [20] is trained. AdaBoost [23] is an
iterative process to train a strong classifier by adding weak classifiers in each turn, until a
predetermined number of weak classifiers are found or a target accuracy is met. In each iteration
the training process re-weights samples to focus on those misclassified in the last iteration.

Real AdaBoost [24] and Gentle AdaBoost are two of the several variants of AdaBoost.
Unlike the weak classifiers which output discrete values {-1, 1} in AdaBoost, weak classifiers
of Real AdaBoost output real values between [0, 1]. This value is a probability that an input
sample belongs to a class, under current weight distribution of the training samples. Real
AdaBoost performs exact optimization on each weak classifier Hn(x). Gentle AdaBoost further

improves it by using Newton stepping and provides a more stable ensemble that outperforms

Algorithm 1. Gentle AdaBoost

Input: 7 := {24,245, ..., 2y, }, 2i = (x4, ¥4), the training set
M, a maximum number of weak classifiers
Output: sign(H(x)), a strong classifier for the training set Z
1. Initialize weights w; « 1/N, i:={1,2,...,N}
2. form=1toMdo
3 Fit the regression function h,,(x) by weighted least square y; to x; with w;
4, Update H(x) < H(x) + hy,(x)
5 Update w; « w;exp(—y;hn,(x;)) and renormalize
6. end
7

return sign(H(x)) = sign(Zm_; hm(x))

13



Real AdaBoost. Algorithm 1 shows how Gentle AdaBoost works.

HOG is based on the idea that object appearance can be described by the distribution of
intensity gradients. An HOG detection window (Fig. 9a) scans all over the input image to find
expected objects. The window is divided into cells of 8x8 pixels. For each pixel in the cell, the
magnitude and orientation of gradients are calculated and stored in a histogram. Each HOG
descriptor is a block consisting 2x2 cells (i.e. 4 histograms), and the positions of blocks in the
window are overlapped. Fig. 9b shows an example of HOG feature.

The output of the training procedure is an object detector of the training samples. Several

strong classifiers generated by Gentle AdaBoost concatenated in a cascade to form an object

1 block =2x2.cells 1 cell = 8x8 pixels

ses-hazs

e
Detection window

(a)

(b)
Figure 9. Histogram of Orientation Gradient (a) An HOG detection window and its structure
(b) A bicycle and its HOG feature
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Figure 10. Some false alarms of AdaBoost vehicle classifier
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detection cascade on each  be detected twice and regions should have a red
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and right 1/3 region.

(d) Focus on 2/9 of center (e) Apply a Sigma-Delta- () A vehicle is'moving if
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plate and excludes braking is above a threshold and
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Figure 11. Procedures used in VVehicle Detector

detector. We trained the detector by using OpenCV 2.4. At the training stage, a target false
alarm rate of each level, and a maximum number of levels should be set as parameters to be the
stopping criteria. Although we set the target false alarm rate of each level with 0.4, and the false
alarm rate of the whole cascade is 0.4 1 = 6.71 x 10 after 13 levels were generated, it is still
too high when comparing to the total number of detections, i.e. the number of detection

windows in a single frame, multiplied by the number of frames in a video. Some false positive

15



examples are shown in Fig. 10. To increase the precision of Vehicle Detector, two techniques
are applied as shown in Fig. 11b and 11c. First, a detected candidate d in frame t is confirmed
to be a “stable” one only when there is another detection de+1 in frame (t + 1), and d+1 overlaps
d:over 80% in area (Fig. 11b). Second, since we are searching for the rear view of vehicles, the
braking light pair is a good clue to reject false alarms. A “stable” candidate is recognized as a
“good” one only if two red regions are identified in the left 1/3 and right 1/3 of the detecting
window (Fig. 11c). The technique of finding red regions is the same as in Traffic Signal
Detector (section 2.5).

Once good vehicle candidates are found, the next step is to determine when the vehicle
moves. A Sigma-Delta Background Model [25] is applied on each good candidate for motion
detection. The background model is.applied only on the center-bottom area of detection window,
for the reasons that the license plate provides rich textures, also the luminance changes of both
break lights and the center brake lamp are avoided (Fig. 11d & 11e). The front vehicle is
recognized as moving if the percentage of foreground pixels is over Py % for consecutive My

frames (Fig. 11f), and the Vehicle Detector issues a T2G notification.

2.5 Traffic Signal Detector (TSD)

Another source indicating the timing of start moving comes from the traffic signals. The
idea behind traffic transition detection is to find a status change when a green signal appears
near the location of a red signal. Compared to other methods which locate static traffic signals
in a video, the detection of dynamic transition from red to green can be benefitted by utilizing
background estimation. The background model allows us to generate more red regions with
loosen thresholds regardless of the quantity of false positives, because fewer candidates are able
to change brightness over time. To determine thresholds such as colors, area, width-height ratio,

bounding box dimension for traffic signals, we cropped 228 traffic signal images from the
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testing video dataset for training (Fig. 12).

A red signal finding procedure in HSV color space is the first step for finding traffic signal
candidates. Due to the high luminance of LED traffic signals, different view angles to the LEDs,
as well as the auto white balance and auto gain control of the car video recorder, we found the
hue value of red traffic signals may range from red to orange, also saturation values vary
dramatically. A single set of thresholds may cover too much in the HSV space and generates
many false detections in the video frames, therefore two sets of thresholds which partially

overlap are chosen empirically for detecting the red lights. One is for normal red regions:

0° < H <23°338° < H < 360° (4)
100 < S < 255 (5)
100 < V < 255 (6)

and the other is for bright red regions:
0° < H < 40°,338° < H < 360° (7)
25 < S <150 (8)
180 < V. < 255 9)

M o NN KM P o (O

Figure 12. Samples of red traffic signals cropped from video clips

Next we reject regions with improper shapes and sizes. Separated regions are identified by
a region growing process and attributes of each region including area, bounding box, width-
height ratio are calculated as well. The traffic signal detection proposed in [15] also introduces
a circularity check for identifying red lights. However, it is not considered in this thesis due to
lens distortion, perspective distortion, and occlusion all make circularity impractical. Only
regions with proper range of region sizes, width-height ratios, bounding box size are chosen for
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Figure 13. Glare reduction (a) A red signal with glare (b) The red light and the glare (c) After

removing the glare
HSV Iﬂ
I Detect Zone BG l BG -1;
- N 8
(a) (b) ©)

Figure 14. Traffic Signal Detector (a) A Detect Zone aligns and surrounds a good red
candidate. (b) Detect Zone #27 and the BG/FG of Sigma-Delta BG Model. 0 hits of green
regions. (c) Detect Zone #27 has 5 hits and a red-green transition is found.

HSV

later process. Further, to get more precise regions of red lights with glares, regions marked as
normal red (darker gray region in Fig. 13b) are removed if they are surrounded a bright red
region (light gray region in Fig. 13b). The result here are refined regions of the red lights.

Multi-frame validation is then applied to detect stable red light candidates. The red signal
detecting procedure starts from the time entering STOPPED state. To be recognized as a good
candidate, each red region should be overlapped by the later regions for over Preq % and Mred
times. The size range of the later regions should also between Ssmalter (< 1) and Siarger (> 1) times
of the candidate. This detecting procedure is expected to complete within Moy frames, otherwise
this candidate is considered to be a blinking light such as a neon signboard and discarded.

The intensity of traffic lights changes as time goes by, which is a good property to
differentiate from other objects. For each good red region candidate, a larger Detect Zone of
predefined scale, Wpz times wider and Hpz times higher, is created. This scale ensures both the

widest traffic signal and slightly tilt traffic signals can be included (Fig. 14a). Each Detect Zone
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is actually a Sigma-Detla Background Model (Fig. 14b). By introducing a background model
we further reduce the data size from the whole frame to a small bounding box, and thus the
thresholds of green colors can be loosen. The thresholds below are determined subjectively to

include all light green colors:

100° < H < 200° (10)
3<S<255 (11)
70 <V < 255 (12)

One more characteristic helps reduce false detection. Since traffic signals are visually
darker when no light is shown, the average luminance value of the darker pixels (V < Vgark,
excluding the red region and sky area) inside the Detect Zone, should be lower than the average
luminance of the red region. Also the number of dark pixels should be at least Pgark % of the
red pixels. A low value of 30%.is.chosen for Pqdark because the number of dark and red pixels
vary dramatically due to glare or different viewing angles.

Next we determine when the traffic signal turns green and the following two characteristics
describe this behavior well. First, foreground pixels in the BG model imply luminance change.
Second, if there are more than Pgr % of foreground pixels are green, and this situation lasts for
Mgr frames, these pixels are eligible to be a stable light green region. A Detect Zone recognizes
that the green signal is stably ON after Mg, consecutive counts is accumulated, otherwise the
counter is reset. The Traffic Signal Detector then issues a T2G notification if any Detection

Zone finds a stable ON green region.
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Chapter 3. Experiment Results

3.1 Data Collection and Ground Truth Generating

To evaluate the system performance a new dataset is created by collecting the videos
captured by Vosonic V737W car video recorder (1280 x 720 at 29.97 fps, RGB format). We
drive around Taipei City (Fig. 15) in cloud and sunny day times. The total distance is 155.6
KM, and 9 hours 7 mins is spent. The raw video files are cut into short clips containing about
10 seconds before the driver stops and 10 seconds after the traffic signal transition or front
vehicle movement. All timings (in seconds) when the driver stops, the front vehicle starts
moving, and the traffic signal turns from red to green are manually recorded as ground truths.
There are total 223 stop-then-go video clips created. Besides video clips, 197 images of rear
views of sedans are cropped from the video frames for vehicle detector training (Fig. 16).

Table 2 shows part of the statistics of testing dataset we created. According to the table,
when stopped, there is a 100% probability that a vehicle or a traffic signal is in camera view.
There is a 96.1% probability that a front vehicle exists or the traffic signal is large enough (>
4x4) for the system to identify. These are the reasons showing automatic vision-based detection

is feasible.
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Figure 16. Samples for Vehicle Detector training

Table 2. Part of statistics of the dataset used in this thesis

. Front vehicle position Traffic signal size
‘2;}:0 Left |Directly| Right | __ 4 0| _ 44 |Occlnded| "%
front ahead front

ta00 L.avi 1 1

ts002.avi 1 1

ta003.awi 1 1 1

ta004.awi 1 1

ts005.avi 1 1

ta(I06.avi 1 EEE B
[ ts007.avi 1

ts008.avi 1 1

t8009.awi 1 1 1

ts010.avi 1 1 1

ta01 Lavi 1 1 1

ta0 12 avi 1

ts253.avi 1

ts254.avi 1 1

ts250.avi 1 1

ts256.avi 1 1

ts257.avi 1 1

ts258.avi 1

ts259.avi 1 1
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3.2 Performance of Ego-Motion Detector

To test both performances of the spatiotemporal-profile-based (SpT) and the scan-line-
based (SL) Ego-Motion Detector, all 9 hrs and 7 mins video files are used for evaluation. We
separately evaluate recall and precision of the timestamps when the detector reports STOPPED
and MOVING. Note that the total number of reported detections may be different from the
number of ground truths. For example, when each time the driver’s vehicle is stopped, the
detector may incorrectly report an extra false MOVING, due to certain unwanted reasons before
the driver really starts moving, and then reports another extra false STOPPED after the cool-
down is finished again.

Fig. 17 below shows how the statistic indices in this thesis are defined. Note that the
timestamps are compared in frames. The detected STOPPED time Tsr_qet should fall in the range
between (Tst_gt— Errst) and (Tst gt + Ded + Errst) to be a true positive, where Tst gt is the ground
truth of STOPPED time, D¢q IS the cool-down duration for passing by an open-sky area, and
Errstis a tolerance limit. The detected MOVING time Twm_det Should fall in the range between
(Tm gt — Errmy) and (Twm gt + Errmz) to be a true positive, where Twm gt is the ground truth of
MOVING time, Errmi and Erruz are the tolerance limits.

We consider 300 frames (about 10 seconds at 29.97 FPS) to be a reasonable value for the
cool-down duration D¢q of the Ego-Motion Detector in urban region. Errst is set to 30 frames
due to the ground truths are manually recorded in a time resolution of seconds, and the frame

rate is 29.97 fps. Errmy is also set to 30 frames for the same reason. Errwz is considered to be

Tst_gt Tm_gt
Ground truth  — I —— >
Tst_det Tvde o ____ ,
Detector —— . . L == > 1
FPst  FPm  TPst TPm  TPst FPm FPst TPy FNst FNwm

Figure 17. Definitions for EMD performance. (TP = True Positive, FP = False Positive, FN
= False Negative, ST = STOPPED, M = MOVING)
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Table 3. Performance of Ego-Motion Detectors

Spatiotemporal-based (SpT) Scan-line-based (SL)

STOPPED MOVING STOPPED MOVING

Recall 91.9% 90.7% 91.7% 90.8%
Precision 74.3% 63.3% 92.3% 82.5%
AVQ. Proc. | Original: 84.8 ms/frame

0.14 ms/frame

time 1/16 size: 8.3 ms/frame

less critical since the main purpose of the EMD is to enable (from MOVING to STOPPED) the
other two modules, but not to disable (from STOPPED to MOVING) them. We set it to 90
frames regarding the starting-movement may be slow and difficult to be detected.

Table 3 shows the performance of both methods. For the SpT method, video frames are
scaled down to 1/16 of the original size to achieve real-time (over 30 FPS), saving time for the
other two modules to work simultaneously in the state STOPPED. For the SL method, original
720p frames are used. Both methods show excellent recall rate of over 90%. This means when
the driver stops or moves, EMD is highly possible to be triggered. For both methods the only
the reason of not detecting a stop (i.e. a false negative) in this experiment is that the period of
stop is shorter than the EMD cool-down duration, therefore before the detector reports
STOPPED ego-motion starts again.

From the perspective of precision, the SL method does better than the SpT method at both
reporting STOPPED and MOVING. Nearly all false alarms of STOPPED-MOVING pairs by
the SL method are due to slow ego-motion at an open sky area such as driving near a traffic
circle (Fig. 18a), where textures in the sky are not rich enough to leave patterns on the
spatiotemporal image. Another condition of false MOVINGs is when the driver starts slowly,

tiny relative motions of objects in the background trigger the SL-based EMD late. The SpT
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method suffers from the same reasons. Besides, the SpT method does not tell relative forward
motions from backward ones. This results in false alarms when buses or trucks (i) come and
stop at the traffic signal later than the driver (Fig. 18b), (ii) pass by at the opposite lane, or (iii)
stop in front of the driver. In such situations buses/trucks are possible to enter the region of sky
mask w(x, y) so that SpT-based EMD may incorrectly recognizes as MOVING. This explains
why the precision of SpT is much lower than the precision of SL. For the performance and
computing cost reasons, we choose the SL method as the Ego-Motion Detector to integrate with

the other two modules. Parameters used in this experiments are shown in Table 4.

(@ (b
Figure 18. Conditions for the Ego-Motion Detector to behave incorrectly (a) Passing an open
sky area (b) A high-height vehicle comes and stops nearby after cool-down is completed.

Table 4. Parameter of Ego-Motion Detectors (EMD)

Modules | Param. Value Description
SpT Isp 100 Lower bound (L.B.) of standard deviation
Lseg 15 pixels L.B. of consecutive pixels
Rneighbor 20 pixels Search range in a scan-line
SL SsL 0.2 pixel/frame | L.B. of speed of feature points
MsL 5 frames L.B. for a scan-line to report movement
Ded 300 frames Cool-down duration for EMD
Errst 30 frames Error tolerance for a STOPPED ground truth
Performance Errme 30 frames Error tolerance earlier than a MOVING ground
truth
Errme 90 frames Error tolerance later than a MOVING ground
truth
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3.3 Performance of Vehicle Detector and Traffic Signal Detector

I stopped

Figure 19. User interface of Time2Go System

Next we test if VD and TSD issue T2G notification on time. Fig. 19 illustrates the user
interface. The white-colored text at the center bottom indicates EMD status. The green rectangle
stands for a good candidate of VVD. The small square in the rectangle is the ROl of background
model for detecting vehicle motion. A bar at the left indicates the proportion of foreground
pixels. Yellow rectangles represent Detect Zones created by TSD and white blocks at the top
shows their statuses.

In this experiment the performances of the two modules are evaluated independently with
the 223 cut video clips. Each traffic signal transition from red to green and the start timing of
front vehicle movement are manually recorded as ground truths. If there are more than one
vehicles in front, the one which is closer to the center is chosen. Due to the training set for the
Vehicle Detector includes only sedans, movements of front buses and trucks are not recorded

in the ground truths. Traffic light transitions and front vehicle movements found in the cool-
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down duration Dcq after the stopping of driver’s vehicle are not recorded either.

A T2G notification is issued when a front vehicle movement or a traffic signal transition
is detected. This timing should fall in the range between (Tq — Err1) and (Tg + Errz) to be a
true positive, where Tgt is the ground truth and Erry, Errz are the tolerance limits. When neither
expected object (traffic signal or front vehicle) is in view nor T2G is generated is the detection
considered as a true negative. Note that more than one detections can be generated in each video
clip. For example, a front vehicle moves forward and stops again, or a traffic signal Detection
Zone is unexpectedly triggered, deleted and then re-created. As the same reason in the previous
section, we set Errito 30 due to ground truths are manually generated. Err2 is set to a larger

value 60 for the multi-frame validation to take effect. Refer to table 5 for the parameters used

in this experiment.

Table 5. Parameters of Vehicle Detector (VD) and Traffic Signal Detector (TSD)

Module Param Value Description
s Prg 8 Lower bound (L.B.) of % of foreground pixels
My 15 frames | L.B. of consecutive frames to report T2G
Pred 75 L.B. of % for a red region to be overlapped
Pgr 40 L.B. of % for green pixels in a foreground region
Pdark 30 L.B. of % for dark pixels in a red region
Whpz 8 Expansion factor of width for a Detect Zone
Hpbz 2 Expansion factor of height for a Detect Zone
TSD Mred 5 frames L.B. of consecutive frames for red regions
Mgr 10 frames | L.B. of consecutive frames for green regions
Moy 20 frames | Upper bound of time for a Detect Zone to be ready
Ssmaller 0.75 L.B. of % for size comparison of red regions
Siarger 0.751 U.B. of % for size comparison of red regions
Vdark 100 U.B. of intensity value for dark pixels
Err 30 frames | Error tolerance earlier than a ground truth
Performance
Err, 60 frames | Error tolerance later than a ground truth
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Table 6. Performance of Vehicle Detector (VD) and Traffic Signal Detector (TSD)

Vehicle Detector Traffic Signal Detector
Recall 82.6% 87.4%
Precision 76.2% 85.8%

Table 6 shows performance of the VD and TSD. VD gains a good recall of 82.6% and a
lower precision of 76.2%. The main reasons for the false alarms are: a false positive detection
(Fig. 20a) triggered by other moving objects, far distance from the vehicles (Fig. 20b), and
trucks or SUVs detected by the sedan-specific AdaBoost classifier. An occasional condition is
a pedestrian or a scooter passing through a true detection (Fig. 20c). In contrast, false negatives
are resulted by slow movement of front vehicle when VD is detecting, and red cars which cannot
be granted by the red-pair checking mechanism (Fig. 20d). Fig. 20e shows a correct detection
of vehicle.

The proposed TSD achieves a good recall rate of 87.4% and 85.8% precision respectively.
A variety of reasons may results in false positives, e.g., Detect Zones which are triggered by a
waving tree or a greenish bus (Fig. 21a), or a dynamic neon board forms a Detect Zone and
triggers (Fig. 21b), etc. False negatives are generated by a red-like background region which
includes the red traffic light, forming a large red region and being rejected by the TSD (Fig.
21c). Also the flicker effect of a bus LED board makes the Ego-Motion Detector staying in the
MOVING state (Fig. 21d), thus the TSD is never enabled. Fig. 21e shows a correct detection
of traffic signal.

In summary, the Vehicle Detector and the Traffic Signal Detector achieve good
performance under most circumstances. The accuracy of AdaBoost cascade majorly affects the
performance of Vehicle Detector, and a variety of environmental factors may result in incorrect

detections for the Traffic Signal Detector.
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(b)

(d)

Figure 20. Examples of VD detections (a) A false vehicle detection (b) Skew rear view (c) A
detection triggered by a scooter (d) A red car rejected by VD (e) A true positive detection

Figure 21. Examples of incorrect TSD detections (a) A bus triggers a Detection Zone (b) A
neon board forms a Detection Zone and triggers (c) Background with red-like color (d)
Flickering effect of a bus LED sign board (e) A true positive detection
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3.4 Performance of the Time2Go System

Recall in section 2.1, we define the timing for issuing a T2G notification is when the front
vehicle moves or the traffic signal transition happens. In this experiment, we integrate all three
modules (EMD, TSD and VD) to be the Time2Go System, and test it with the same video clip
set. When the system goes into the STOPPED state, video frames are sent to the VD and TSD
alternatively to save computing effort. EMD still works in the STOPPED state to disable the
other two modules once the driver starts moving. Since the timing of issuing a T2G notification
is when the front vehicle moves or when the traffic signal turns green, if both VD and TSD
issue notifications, we compare the timestamp of earlier notification with the ground truth. In
case that the earlier event is failed to be detected, the timestamp of the other event is used

instead. Parameters and definitions of statistic indices are still the same as in section 3.3.

Table 7. Performance of the Time2Go System

Time2Go System

Recall 95.5%

Precision 87.5%

As shown in table 7, the 95.5% recall shows that with TSD and VD working together the
system detects nearly all the timings of start moving, and prevents a driver from blocking the
traffic. The precision reaches 87.5%, among the failed cases there are total 24 false positives
and 8 false negatives found in 223 ground truths. After analyzing the reasons for false detections
we categorize them (Fig. 22) as follows:

1. Ego-Motion: the driver’s ego-motion is not obvious enough to disable \Vehicle

Detector but triggers it.

2. Moving background: passing by buses, waving trees or dynamic neon boards trigger
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Table 8. Reasons for false detections of Time2Go System.

Reason Fr?ll.se Fals.e
Positives Negatives

Ego-Motion 5 0
Moving background 0 1
Region 2 5
Similar color 2 0
Vehicle Detector performance 9 2
Vehicle Detector BG Model 4 0
Misc. 2 0
Subtotal 24 8

VD or TSD. (Fig. 20¢, 21a, 21h)

3. Region: TSD cannot create Detect Zones due too small red regions.

4. Similar color: A large combined region, e.g. one formed by a sunset sky and a red

signal, is rejected by TSD. (Fig. 21c)

5. \Vehicle Detector performance: false detections are generated by Vehicle Detector.

(Fig. 20a, 20b, 20d)

6. \ehicle Detector BG Model: the background model of VD is not sensitive enough to
detect small movements of front vehicles.

7. Misc.: TSD is triggered by traffic signals of non-related lanes, stopping at a green

traffic signal with un-trained vehicles.in front, etc.

As shown in the Table 8, false positives are mainly resulted from Vehicle Detector
performance, due to the errors from the trained cascade. On the other hand, errors due to small

red or green regions ignored by the TSD dominate false negatives.
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3.5 Supplemental Information

In order to improve the performances of TSD and VD, we have tried the following two
approaches. Although the improvement is not as expected, these efforts are still worth to be
recorded for reference.

As mentioned in section 3.3, a bus passing through a Detect Zone may cause the false
trigger of the TSD (Fig. 21a). We try to reject these cases by setting a threshold on the
foreground pixel ratio in the background model. This ratio of green lights varies from 0.9% to
10%, due to view angles, lens distortion and partial occlusion. On the contrary, textures on the
buses are not necessarily rich. Therefore, when a bus passes through the background model, the
foreground pixel ratios change between 5% and 50%. These ratios overlap with the range of
green pixel ratios and fail to separate green lights from other objects. Hence, thresholding of
foreground pixel ratio is not capable of rejecting unwanted objects.

Second, in traffic signal detection cases we also try to exclude the false triggers due to
passing-by buses and waving trees by applying shape analysis on the green regions, just the
same as the red regions. This solution effectively filter unwanted objects (i.e. reduces false
positives), but it also rejects green regions such as far and small ones, as well as wider or higher
regions due to partial occlusion (i.e. reduces true positives). The recall therefore drops 0.2%
and the precision drops 1.2%, so this solution is not applied either.

Lastly, we provide the computation performance information. The system runs on an Intel
Core i5 (2.5 GHz) CPU platform. At the stage when the TSD is searching for traffic signal
candidates and the VD is searching for vehicle candidates, the processing speed is between 10
and 20 fps, mainly depending on the number of red regions detected. After candidates are

determined, detecting traffic signal transitions and vehicle movements the system achieves 20
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to 30 fps according to the number of Detect Zones found. The system runs in real-time at most

of the time.

Chapter 4. Conclusions and Future Works

In this thesis we propose a Time2Go System as a convenient functionality which works
when a driver stops at a traffic signal. This system identifies the timing of traffic signal
transitions and front vehicle movement, and then notifies the driver to start moving again. In
general, this system runs in real-time and performs well in most daytime circumstances of urban
areas. We also create a dataset which includes 223 video clips of stop-then-go scenarios. The
timestamps when the front vehicle stops or moves, as well as the traffic signals turn from red
to green are also recorded as ground truths. Our vision-based approach benefits from easy
access of mobile phone cameras or car recorders, and it is highly feasible to be integrated into
such devices.

Finally, to make this system more practical, it is essential to identify the rain drops on the
windshield, and the actions of windshield wipers. Also at night times, mechanisms to recognize
ego-motions, traffic signals and vehicles can be totally different from the method used in day

times. We believe these topics are worth exploring in the future.
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