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Abstract— Automatically recognizing rear light signals of
front vehicles can significantly improve driving safety by auto-
matic alarm and taking actions proactively to prevent collisions
and accidents. Much previous research only focuses on the
detection of brake signals at night. In this paper, we propose a
novel and robust framework to detect rear lights of vehicles and
estimate their signal states at daytime. Comparing with existing
state-of-the-art works, our experimental results show the high
detection rate and robustness of our system in complicated light
conditions.

I. INTRODUCTION
In the context of intelligent transportation system (ITS),

situational awareness is the most fundamental building block
to autonomous driving systems. Automatic detection of rear
light signals of front vehicles, such as turn signals and
brake signals, has received much attention recently. With
the advances in image processing and object recognition
techniques, most existing works of detecting signals of
vehicle rear light utilize vision-based methods. Although
some of these methods, such as extracting red color features
of frames [1] and filtering out noisy color in non-RGB
color spaces [2], have good performances at night, they
are not robust enough to detect rear light signal states in
daylight condition. A few works monitoring the vibration of
luminance with Kalman filter [1] during the day also turn out
to be unavailable in several situations, such as over exposure
in frames, asymmetry of rear lights when turning or lane
changing.

In this paper, we present a novel and integrated system
for estimating rear light states of vehicles during the day-
time. Our framework encompasses the following stages: (i)
detecting the vehicles; (ii) image processing applied to the
bounding boxes of vehicles in order to extract red regions
as light candidates; and (iii) estimating rear light signal
states. Our experiments shows the framework outperforms
luminance-based approaches with high accuracy in sunny
and rainy conditions.

II. APPROACH
Considering complex traffic conditions and various auto-

mobile types and colors, previous works which use matching
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(a) Vehicle bounding box (b) Red pixels (c) Two largest clusters
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(d) Two clusters generated by OPTICS, containing the points under the pink
line

Fig. 1. Extraction rear light regions by OPTICS

or graphical algorithms are not sufficiently robust to select
rear light pairs in most daytime cases. Thus, we put forward a
cascaded procedure to improve the detecting accuracy. First,
we determine the bounding boxes of vehicles to filter out
the wrong candidates of rear lights in the background of
the frames. Second, we extract rear light regions from the
bounding boxes to estimate rear light signals.

A. Detect Vehicles
We utilize Deformable Part Model (DPM) [3], a state-

of-the-art method for category-level object detection with
high precision and recall, to determine the bounding boxes
of vehicles. The DPM model we used in our system is
trained from PASCAL 2007 dataset for cars. With the well
trained model, we can obtain the bounding boxes of detected
vehicles in the frames, as shown in Fig.1(a).

B. Extract Rear Light Candidates
The red pixels in the vehicle bounding box appear as

clusters in which the two largest clusters belong to the
regions of the two rear lights. As we tested, the density-
based clustering algorithm, ordering points to identify the
clustering structure (OPTICS) [4], is obviously superior to
other methods relying on the symmetric property. We extract
the discovered red color pixels, illustrated in Fig. 1(b), as the
input of OPTICS. The output pixels, which under the pink
line in Fig. 1(d), represent the selected two biggest clusters
covering the two rear light regions, as shown in Fig. 1(c).
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(a) Turning.(LL = 81 and RL = 90) (b) Braking.(LL = 80 and RL = 88)

Fig. 2. Rear lights in (a) and (b) have similar level of luminance but with
totally different signal status as our experiment tested

C. Estimate Rear Light States

We crop the frames into patches of the acquired bounding
boxes of rear lights and classify them into 3 class: No light,
Braking, and Turning. Considering various circumstances,
including vehicle color, natural light, and rear light shape,
we introduce Hierarchical Matching Pursuit (HMP) [5], a
hierarchical and robust classification algorithm, into our
system to classify the rear light states.

As the bounding boxes of left and right rear lights are
nearly symmetrical, we flip the right patches laterally to
generate new patches containing flipped right lights with the
same shape of the left ones. Then, we train a generic model
of left lights for HMP which is also applicable to the flipped
right lights. This novel strategy leads the training set doubled
and model categories reduced to enhance the efficiency and
accuracy of the prediction of the rear light states.

III. EXPERIMENTS AND EVALUATION

Experimental data were obtained by extracting frames
from videos recorded by vehicle dashboard camera in dif-
ferent challenging weather and light situations. Dataset for
our experiments containing over 100,000 extracted frames.

As we observed in our experiment, the detection rate of
rear lights by using DPM and OPTICS is as high as nearly
95% overall. Despite we classifiy the rear light patches into
3 states (No light, Braking, and Turning), in fact, the state
of Turning with Braking (TB) of vehicles is also a common
situation, especially at the crossroads. Thus, we determine
the TB state by combining the states of the two rear light,
like the right light turning and the left light braking, as the
detected results shown in Fig. 2(a).

A. Robustness

Comparing to state-of-the-art methods, which monitor the
variation of luminance in red color regions in daylight
condition, our method proves its great advantages in complex
scenarios. It is the robustness of our framework that we
need no empirical threshold, required by previous works, to
judge the luminance levels of rear lights. The thresholds of
luminance-based methods can be invalid in some cases, as
shown in Fig 2, that similar luminance levels of the right
rear lights represent different signal states.

B. One-shot classification

Moreover, as we observed from the experiments, the
luminance-based methods require long time to detect a new

TABLE I
ESTIMATION ACCURACY

OF OUR METHOD AND LUMINANCE-BASED METHOD

Real State(Column) Our Method Luminance-based

N 94.8% 79.2%
B 75% 66.7%
T 91.2% 84.2%

TB 94.6% 81.0%

turn signal, since they need to compare the luminance level of
rear light of current frame to that of previous frames. As the
turn signal normally shines for 0.5 to 1 second a time, it takes
at least 1 second to detect a new turn signal or rule out the
possibility of false alarm under ideal conditions. However,
our framework is with no need to concern with this problem,
since it can detect signal based on only 1 frame with no other
temporal reference.

Table I summarizes the results of the comparing experi-
ment, in which each row in the table represents the detection
rate of the four states under both of the two methods. As
we can see from the data of experiment, 3 states (N, T
and TB) can be detected with accurate higher than 90%,
whereas the detected B state merely achieves a percentage
of 75%. After analyzing the testing dataset, it turns out to be
the experimental circumstance, in the rainy weather at dusk,
that causes the decline of detection rate of Braking state. At
the rainy dusk, most vehicles turn on their headlights, which
leads their rear lights on and emitting weak red light that is
very similar to the brake signals. In spite of this experimental
condition, it is also possible to highly increase the detection
rate of B state if additional data is collected for training.

IV. CONCLUSION AND FUTURE WORK
We propose a novel and robust system for detecting

turning and braking signals of vehicles, which can reliably
operates in complex light conditions. Our experimental re-
sults reveal an average detection rate of above 90% which
is superior to previous works. In the future research, we
may focus on enhancing the recall and precision of vehicle
recognition to obtain higher detection rate and reducing
the time of detection to make the real-time system more
effective.
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