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Abstract: There has recently been a rapid increase in the number of partially automated systems
in passenger vehicles. This has necessitated a greater focus on the effect the systems have on the
comfort and trust of passengers. One significant issue is the delayed detection of stationary or harshly
braking vehicles. This paper proposes a novel brake light detection algorithm in order to improve
ride comfort. The system uses a camera and YOLOv3 object detector to detect the bounding boxes of
the vehicles ahead of the ego vehicle. The bounding boxes are preprocessed with L*a*b colorspace
thresholding. Thereafter, the bounding boxes are resized to a 30 × 30 pixel resolution and fed into a
random forest algorithm. The novel detection system was evaluated using a dataset collected in the
Helsinki metropolitan area in varying conditions. Carried out experiments revealed that the new
algorithm reaches a high accuracy of 81.8%. For comparison, using the random forest algorithm alone
produced an accuracy of 73.4%, thus proving the value of the preprocessing stage. Furthermore, a
range test was conducted. It was found that with a suitable camera, the algorithm can reliably detect
lit brake lights even up to a distance of 150 m.
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1. Introduction

for Predictive Braking. Appl. Sci.

In recent years, the number of automated and partially automated systems has grown
rapidly in passenger vehicles. Advanced driver-assistance systems (ADAS), such as adaptive cruise control (ACC) and collision avoidance (CA), have become common features or
at least common accessories in new vehicles. ADAS development has particularly focused
on passenger safety and comfort. ACC has proven to work smoothly and safely on the
open road, as well as when driving behind another vehicle. However, radar-based ACC
can have difficulties detecting a slowly moving or stopped vehicle in time to perform a
controlled deceleration that is comfortable for the passengers. Similar deceleration issues
were also observed with the ACC of the research vehicle used in this study. Vigorous
deceleration reduces passenger comfort, as the ride feels unstable. Previously described
deceleration scenarios typically occur in suburban areas where speed limit is approximately
60–70 km/h and vehicles experience frequent stops, for example, due to traffic lights. On
these types of roads, vehicles move relatively fast, may also abruptly stop, and the visibility
is not as good as when driving on highways. By introducing more ways of recognizing and
identifying if the vehicle is at a standstill, especially from a distance, ride comfort levels
could be dramatically improved.
The adaptive cruise controller of a vehicle could act more robustly and with more
reaction time if the system could perceive braking or stopped vehicles from afar. By utilizing
machine vision, in this case a brake light status indicator, the control system could use
the intention of the preceding vehicle as one input. When approaching a vehicle that is
at a standstill, the decision of when to start braking in order to come to a full stop needs
to be as robust as possible. More information about stopped and slow-moving vehicles
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could be used in intersection areas in which a large portion of fatal vehicle accidents are
known to occur [1,2]. In addition to in-vehicle systems, careful consideration in traffic
infrastructure and road design play an important role in overall traffic flow and driving
comfort, especially in intersection areas [3,4].
In this paper, a novel brake light detection algorithm is presented. The presented
method is designed to help a vehicle detect decelerating vehicles in front earlier than by
relying on a radar system alone. The method is mainly intended for use in ACC systems,
but can also be applied in other driver assistance systems. The concept of Brake Light
Detection Algorithm for Predictive Braking is illustrated in Figure 1. A camera is installed
in the top center of the windshield inside the research vehicle. An existing machine vision
algorithm, YOLOv3 [5], is applied to detect any vehicles straight ahead, however this could
be replaced with any vehicle detector. Then, a novel algorithm is developed to classify
the brake light status of the vehicles in front. In addition to the color information used to
detect the lights, the final brake light status is classified using a random forest algorithm [6].
A clear triangle shape identification can be seen in the weights learned by the algorithm.
This highlights the transparency of the implemented machine learning model. The brake
light status is then used for anticipatory braking for passenger comfort, which will be
implemented in a separate study.
This article is structured as follows. Next, a state-of-the-art review is given of the most
related scientific research. Then, the utilized dataset and the constructed hardware and
software are described in the methods section, which is followed by a description of the
experiments. Experimental results are demonstrated which highlight the accuracy of the
proposed brake light detector on the gathered dataset. Finally, discussion regarding the
impact of the acquired results is presented.

Figure 1. Concept of using camera feed in addition to radar feed in adaptive cruise control.

2. State-of-the-Art
The aspect of passenger comfort in passenger vehicles has previously garnered significant research interest. This research indicates that multi-directional acceleration affects the
passenger’s trust and comfort levels, but the longitudinal deceleration is more commonly
measured and studied in braking situations. Studies have focused on passenger comfort
and anticipated feelings of safety in the existence of ADAS systems [7–10]. Traditionally,
roughly 0.2 g has been considered a critical comfort limit for longitudinal deceleration;
anything above the limit is beyond the comfort zone [7]. More recent studies have considered even lower deceleration values to be uncomfortable for passengers [10]. In a study
conducted by Hoberock, a passenger tolerance was assessed for longitudinal acceleration
and jerk [7]. The study included 11 different cases, including subjective questionnaires as
well as objectively measured comfort related parameters. Although there was no conclusive
statement, due to a wide variation between the studies and the form of results, it could be
seen that normal braking fallings in the range of 0.11–0.15 g would be considered acceptable.
Wu et al. [8] proposed a comfort-based vehicle-following model. The model considers
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the comfort aspect by measuring the acceleration to which the passenger is exposed, thus
using comfort as control input in the longitudinal deceleration. The results showed that the
model is effective and practical for real-world longitudinal deceleration control without
sacrificing comfort. Jamson et al. [9] studied the impact of a secondary task uptake, such
as watching a DVD while driving, in highly-automated vehicle control. The study was
performed with 49 driver participants in a simulation environment, each session lasting for
2 h. The conclusion of the study was that automation improves safety margins associated
with vehicle following, drivers are more drawn to secondary tasks while the automation
levels increase. However, the study also demonstrated that driver fatigue increases with
automation. These studies highlight that automated driving tasks are welcomed and that
especially control-related tasks need to consider comfort in the design.
The importance of considering passenger comfort will further increase in the coming
years as partially automated and autonomous vehicles become more common. In this study,
brake light detection is realized by a three-stage process involving object detection, image
preprocessing, and random forest classification. In further studies, brake light detection will
then be used to improve passenger comfort by enabling early braking. This is to ameliorate
radar-based ACC by fusing visual information about vehicles braking in front. To the
best of the authors’ knowledge, no scientific publications regarding this approach exist.
However, it is uncertain which technologies are currently being tested and implemented by
vehicle manufacturers.
The usage of radar in ADAS systems and, more specifically, in measuring the distance
to the vehicle driving directly ahead is well established in the industry and researched in
academia. Patole et al. [11] focused on the various developmental approaches to radar data
processing. In addition, the authors discussed estimation techniques and radar waveform
characterization. According to the authors’ prognosis, fusing radar data with camera vision,
lidar, and other sensors will be more common in the future, as such systems have delivered
promising results [12]. In a recent simulation study by Kamal et al. [13], a look-ahead
scheme of ACC was introduced, predicting the future position and speed of the preceding
vehicle by utilizing a conditional persistence prediction technique. The study shows that
anticipatory behavior of the ACC could improve the overall driving performance and
comfort in high-speed driving.
Previous brake light detection research with machine vision can be divided into nighttime studies [14–17] and daytime studies [18–20]. During the nighttime, the task of brake
light detection becomes simpler, due to the vehicle lights already being clearly discernible
against a dark background. This is demonstrated in the work of O’Malley et al. [15] who
used an HSV filter for detecting vehicle tail-lights, reaching a notable accuracy of 97% in
detecting brake lights. Following a similar methodology, Thammakaroon and Tangamchit [14] developed a system that detected brake lights in the darkness with a simplistic
RGB model. They used a test sample of 45 images and managed to classify brake light
status with 87% accuracy. Chen [16] used a light distribution based Nakagami-distribution
model and achieved an average detection accuracy of 76%, with extensive testing in urban
and highway routes, as well as under different weather conditions.
During the daytime, simple colorspace filtering is inadequate for detecting the vehicle
lights due to the limited contrast of brake lights in regards to image background. Thus,
daytime brake light detection is typically performed in such a way that a vehicle is first
detected and marked with a bounding box and then the bounding boxes are extracted from
the full image to limit the processed image area. The bounding box area has commonly
been determined by utilizing the well-established histogram of oriented gradients (HOG)
detection algorithm [21]. More modern deep learning-based approaches applicable for
vehicle detection include YOLOv3 [5], SSD [22], or RCNN [23]. The latest methods include
the detection of small vehicles with ASPP-CenterNet [24]. After extracting the vehicle
bounding boxes, the brake light status in each vehicle bounding box is classified. The
classification has typically been accomplished with machine learning classifiers, such as
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convolutional neural networks (CNNs), or colorspace filtering. Common colorspaces for
filtering include CIELAB (L*a*b), YCbCR, and hue saturation value (HSV) [25].
The brake light detection framework of Chen et al. [18] utilized HOG to capture the
vehicle bounding boxes. They identified lower two tail light candidate regions from these
bounding boxes as radially symmetric areas that were found on a common horizontal
plane. In other words, the two brake lights should exist as a pair symmetric with respect
to the vehicle center line. These regions were filtered with an L*a*b filter. The brake light
status was then detected based on high red chromaticity difference to the tail light region,
as the lights only occupy some of the tail light region. Their approach yielded an accuracy
of 87.6% on their own non-public dataset.
Wang et al. [19] have proposed another brake light detection algorithm based on
extracting vehicle rears utilizing a HOG detector. They modified the original HOG detector
to better suit the purpose of using road- and vehicle-specific information. The brake light
status of a vehicle was evaluated using a CNN classifier, which was trained with images of
vehicles with brake lights either on or off. Their classifier achieved an average accuracy of
89% with ten-fold cross-validation on their self-gathered non-public data.
Cui et al. [20] studied tail light detection and signal recognition including turn signals.
Their approach included bounding box extraction, a preprocessing stage in HSV colorspace,
and signal classification. Bounding box extraction was based on HOG, a pairing algorithm,
as well as a support vector machine. The preprocessing stage included HSV colorspace,
clustering, and the orientation and location of taillight pairs inside the bounding box. A
dictionary learning algorithm was used for the classification stage. The study primarily
focused on closely located vehicles, i.e., 5–40 m.
Despite earlier research in the field of brake light detection, not a single available
open source implementation exists. Moreover, previous daytime studies have focused on
detecting brake lights from clear pictures captured of vehicles close to the research vehicle,
in high traffic situations, mostly at a standstill. The detection method presented here is
designed to detect the brake lights of moving vehicles at distances ranging from 5 m to
150 m. The approach is benchmarked, and proven to function in a multitude of scenarios,
accurately performing at far distances. The presented approach is designed to be used in all
daytime weather conditions, yet it also has drawbacks common to camera-based systems,
such as lens flares caused by direct sunlight. The proposed algorithm and the gathered
dataset will be published in an online repository to facilitate further research on the topic.
3. Methods
3.1. Dataset
A self-gathered dataset was used to test and validate the brake light detection algorithm. Detailed specification of the videos used for constructing the dataset can be seen
in Table 1. The equipment used to gather the dataset is introduced in detail in the next
section. The dataset was recorded during multiple days at different times, thus including
variations in weather conditions such as rain, clear sky, cloudy sky, and indirect sunlight.
The recording took place in real traffic conditions in Helsinki metropolitan area during
February and March 2020, and the real traffic conditions made it possible to collect data
from different distances, mostly over 50 m. Longer distances were emphasized due to the
intended application of predictive braking. The dataset includes image material of vehicle
rears with brake lights on or off. The recorded dataset captured during this study will be
publicly available after the publication. Therefore, this dataset can be used for algorithm
training and testing operations in the future.
The developed algorithm was trained and tested with images from the recorded
dataset. The images were manually labeled and separated with a classical split of 80/20%
into a train set and test set as can be seen in Table 2. The vehicles in the images have three
brake lights in a triangular formation (two on the sides and one in the top middle). The
images in which the brake lights were active were labeled as “on”. The aim of the study was
to train a random forest algorithm to identify a triangular formation of filtered colorspace
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information in order to exclude scattered light, other light sources, and disturbances. Later,
it will be shown that training the random forest algorithm with the dataset leads to a
mask of weights with a triangular formation, emphasizing any light in those areas and
attenuating light sources outside those areas.
Table 1. Detailed specification for the test videos.
Video

Value

Format
Frame rate
Resolution

I420 YUV (raw)
35 fps
2448 × 2048

Table 2. Images in the dataset.
Dataset

Brake ON

Brake OFF

Train
Test

299
76

371
76

3.2. Hardware
The algorithm setup used has three main requirements from the hardware: a high
definition (HD) camera, narrow angle optics, and suitable computational power. The HD
camera was chosen to have a USB interface for ease of use and to minimize installation and
setup related errors. The computer has a powerful graphical processing unit (GPU), which
is required to run the YOLOv3 algorithm without slowing down a 30-frames-per-second
HD-video stream.
The camera was mounted under the original camera of the vehicle on the rear-view
mirror casing in the windshield as seen in Figure 2. This location ensures similar frontal
view that the original camera obtains and enables retrofitting the brake light detection
system in the vehicle. In the current study, the original camera in the vehicle could not be
used. The original camera on the vehicle could be a suitable solution if proper optics were
in place. However, access to the original camera feed was not possible. Due to the lack of
this type of access to the cameras and control units installed in the vehicle, it was necessary
to build a measurement system parallel to the original one. Detailed specifications for the
PC and camera can be seen in Table 3. A machine vision grade camera was installed to
ensure high resolution video/frame quality and for better overall performance.
Table 3. Detailed hardware specification.
Device

Value

Camera Flir Blackfly: BFS-U3-50S5C-C [26]

Frame Rate: 35
Pixel Size: 3.45
Sensor Type: CMOS
ADC: 12-bit
Chroma: Color
Interface: USB 3.1 Gen 1

Optics: Navitar MVL35M23, Thorlabs [27]

diagonal fov: 17.9 deg
focal length: 35 mm

Installed computer:

Graphics card: RTX 2080 Ti
Processor: i7-9700K 3.6 GHz × 8
RAM: 2 × 16 GB DDR4
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Figure 2. Hardware installations on the test vehicle. The windshield camera installation on the (left)
and computational power with accessories on the (right).

3.3. Algorithm
The developed brake light detection algorithm builds upon a YOLOv3 [5] CNN model
implemented in PyTorch [28], open source computer vision library OpenCV 3.4.0 [29] and
a random forest classification algorithm [30,31].
The used version of YOLOv3 has been trained on the COCO dataset [32] which
contains nearly 100,000 samples of passenger vehicles. The detailed training parameters
of the network can be found in the original source code [33]. A 608 pixel frame input,
which is relatively high for CNN processing, was selected for YOLOv3 to achieve the
highest possible detection rates. High input resolution ensures that vehicles can be detected
from a longer distance while preserving details in the detected vehicle. Distances up to
150 m are considered here. After detecting the vehicle rears with YOLOv3, the bounding
boxes are preprocessed, which means performing colorspace filtering. These preprocessed
images are downscaled in resolution and fed to the random forest algorithm. Resolution
reduction is necessary to prevent overfitting of the random forest algorithm. However,
proper resolution reduction is only possible when the original image is clear. In this case,
the clarity is ensured by the high resolution.
Predicting the brake light status of the preceding vehicle from all three brake lights,
including upper middle brake light, requires that the rear of the vehicle is properly detected.
The developed algorithm assumes that all the vehicles have a center brake light as well as
no faulty equipment or malfunctions, such as brake light operation failure or faulty lamps.
The entire detection process is depicted in Figure 3. For clarity, the detection process
can be divided to three stages: (i) object detection, (ii) image preprocessing, and (iii) random
forest classification. In Stage (i), the image is processed through the YOLOv3 object detection for vehicle recognition. YOLOv3 object detection returns bounding boxes indicating
the areas that have vehicles in the image. The bounding boxes extracted from the original
image are then fed into the image preprocessing stage.
For the colorspace filtering in the preprocessing stage, L*a*b colorspace was used. This
colorspace was chosen after observing the LAB, HSV, and RGB values of the brake lights in
the gathered dataset. LAB produced the most consistent and separable values for the brake
lights. Figure 4 provides a pixel distribution of lit brake lights (marked as red triangles)
in comparison to vehicle rear (marked as gray dots). By examining the plot representing
an example of the dataset, it can be seen that L*a*b colorspace pixels provide a compact
volume in lit brake light pixels. The same distribution was seen in the dataset pixel value
scatter and distribution.
In the L*a*b colorspace, pixels are represented by three variables: L, a, and b. L is the
value for lightness, a the green-to-red spectrum, and b the blue-to-yellow spectrum. The
L*a*b colorspace was defined by the International Commission on Illumination (CIE) in
1976 and it is officially called the CIELAB colorspace.
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Figure 3. Workflow for the algorithm.

Figure 4. Scatter plot represents individual pixel values in LAB, HSV, and BGR colorspaces. Red
triangles represent the brake light color values when lit, and gray circles represent full image value distribution.

Stage (ii) receives bounding box images from Stage (i) and filters away pixel values
that do not belong to a pre-specified threshold range. The threshold ranges are defined for
all three variables (L, a, b) as shown in Table 4. These threshold ranges were acquired by
capturing initial image samples of brake lights and analyzing the color values found in the
brake light area at different ranges with different vehicles with the research vehicle camera.
Pixels that do not have all their (L, a, b) values in the specified ranges have their values
changed to 0. These preprocessed images are used as input for the random forest algorithm
in Stage (iii). The purpose of defining the threshold ranges and sending only (L, a, b) within
those thresholds is to help the random forest algorithm to respond to those colors that are
present in brake lights while they are lit.
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Table 4. Threshold values for the L*a*b colorspace.
Lower Threshold

Upper Threshold

77 < L < 147
169 < a < 224
161 < b < 210

180 < L < 255
98 < a < 161
140 < b < 241

In Stage (iii), the random forest algorithm (Figure 5) must classify whether the brake
lights are on or off. The random forest algorithm is an ensemble of decision trees which
have been trained on the image dataset. A hundred decision trees were included in the
forest in the conducted tests. The image preprocessed earlier is resized into a pixel size
of 30 × 30. The 30 × 30 image is then transformed into an input vector including all the
three variables (L, a, b) with a length of 2700 elements. This input vector is fed into the
random forest classifier. The classification was chosen to be positive if the confidence value
returned by the random forest surpassed 0.6. A confidence level of 0.6 was chosen as a
suitable value, after practically evaluating the algorithm performance on videos captured
from traffic. The 0.6 confidence level increases the robustness of the classification, while
still upholding reliable classification in actual braking scenarios. This is somewhat higher
than the intuitively selected confidence level of 0.5.

Figure 5. Workflow for the random forest classifier.

Figure 6 shows the mask visualizing the relative importance of the individual variables,
based on the weights learned by the random forest algorithm (the color white being
important, black being less so). From these weights, one can observe the process through
which the algorithm chooses to report a positive. It searches for high pixel values in the
learned areas in each channel. In the presented application of brake light detection, L gives
an overall light, a gives red, and b gives yellow. It should be noted that the mask in the
figure is a visualization of the training result brought back to image format; the random
forest algorithm has the mask information in its own input vector format. In the algorithm,
the lights in triangular formation are amplified, whereas a light in a random location would
be excluded or attenuated. This approach allowed attenuation of light sources, such as
sunlight, scattered light, or oncoming vehicle headlights. The mask can also be viewed
as a probability distribution indicating the degree to which each pixel value affects the
prediction whether the brake lights are on or off.
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Figure 6. Visualization of the learned weights in image format (white color important, black less important).

3.4. Experiments
All the camera feed was captured using Spinnaker Python API. The captured raw
video format had to be converted into AVI for an OpenCV suitable format. The collected
image data was acquired by extracting the bounding boxes placed by YOLOv3. As the
bounding box sizes varied, the vehicle rear image sizes also varied. This image data of
vehicle rears was used to quantify the classification accuracy of the proposed brake light
detection algorithm.
In order to locate the feasible operation range of the algorithm, a test setup was created
with two vehicles. The test setup consists of traffic cones placed on the side of a road. The
cones were placed with 25 m spacing from 0 to 150 m, resulting in 6 different measurement
points. All the cones were placed using a laser distance measurement to achieve accurate
distances. Two vehicles were utilized for the experiments. The vehicle with brake light
detection was in a standstill at 0 m and the vehicle to be detected was placed with 25 m
increments all the way up to 150 m. A video of each position was captured, ensuring that
each increment includes a video with brake lights on and off.
4. Results
For evaluation of the performance and suitability of the proposed algorithm for
the classification task, presented results include the acquired detection accuracies and a
comparison to an approach without the preprocessing step in Stage (ii). This alternative
approach skips the colorspace filtering, and performs classification on the raw bounding
box images. A confusion matrix is presented to compare the classification results acquired
with both approaches. Additionally, an experimental range evaluation was performed with
a test vehicle all the way up to 150 m in distance.
4.1. Accuracies
The random forest algorithm was trained based on the images in the dataset. To
show the benefits of the preprocessing stage, detection accuracies were compared with
preprocessed images and raw images as the input for the random forest algorithm. All
the reported accuracies are the average results of 15 full training iterations, meaning that
the algorithm was fully trained 15 times and the average accuracy was calculated over
the individual classification results on the test set. On average, the algorithm classified
an image in 6.6 ms, whereas the YOLOv3 bounding box extraction required 28 ms. The
result is from the dataset test set including 152 pictures. Evaluating the algorithm with
the preprocessing stage led to an accuracy of 81.8%. The corresponding accuracy without
preprocessing was 73.4%. These average accuracies can be seen in Table 5 as well as
minimum and maximum over 15 training iterations. Min and max values were reported to
show that the algorithm behavior is robust and consistent. Accuracies with preprocessing
were found superior to those achieved with raw images.
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Table 5. Accuracies for the comparison.
n:15

Raw Image (%)

Preprocessed (%)

Average:
Min:
Max:

73.4
69.7
75.0

81.8
80.3
83.6

The acquired confusion matrices are shown in Figure 7, with the confusion matrix from
the raw image classifier shown on the left, and the confusion matrix from the classifier with
preprocessing shown on the right. In the reported confusion matrices, top left and lower
right mean correct perception. The lower left and top right show false negative and false
positive perceptions, respectively. The result shows that the algorithm with preprocessing
performs well, although indicating a small bias towards false negatives. Nevertheless, the
overall accuracy achieved with preprocessing is still higher. Direct comparison of the presented algorithm to other state-of-the-art algorithms would be beneficial, yet unfortunately
the source codes of relevant algorithms are not available. However, Table 6 presents main
operation conditions and key parameters of each study respectfully. Results are presented
from each study and compared to the result achieved in this study. Unambiguous comparison of the accuracies is difficult, as each study has utilized different datasets, specific
hardware, different weather conditions, and distances to the vehicles in front.

Figure 7. Normalized confusion matrices from the random forest algorithm.
Table 6. Comparison of the brake light detection algorithms.
Study
O’Malley [15]
Thammakaroon [14]
Chen [16]
Chen [18]
Wang [19]
Cui [20]
This paper

Algorithm(s) 1
HSV
RGB
NDM
HOG, LAB
HOG, CNN
HSV, HOG, SVM
RF,Y3

Conditions 2
N
N
N, R
D
D
D
D, DU, R

Range (m)
0–50
-3
0–38
5–40
5–100 4

Acc. (%)
97
87
76
88
89
89
82

1

RGB = RGB filter/model, NDM = Nakagami-distribution model, HOG = histogram of oriented gradients, LAB =
L*a*b filter, CNN = Convolutional Neural Network classifier, HSV = hue saturation value filter, SVM = Support
Vector Machine, RF = Random Forest, and Y3 = Yolov3. 2 D = Day, DU = Dusk, N = Night, and R = Rain. 3 - = Not
reported. 4 Mostly over the distance of 50 m.

4.2. Range Test
To analyze the applicability in a real-world use case, a range test with two vehicles
was performed at 25 m intervals from 25 m to 150 m. The algorithm with preprocessing
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performed with a high accuracy in standstill situations, recognizing brake light occasions
at every 25 m point all the way up to 150 m. An example of the recognition can be seen in
both extremes in Figure 8. A brake light detection occurrence is displayed with a yellow
triangle featuring an exclamation mark.

Figure 8. Range test with preprocessing at 25 m and 150 m, warning triangle indicating detected
brake lights.

4.3. Algorithm Output
Additional video material was captured for analysis from the Helsinki metropolitan
area, mostly driving on two specific main roads during intensive traffic or congestion.
Based on this experimental test with video material, the proposed method shows promising
results on detecting brake lights in video material. It is shown in Figure 9 in Pictures (a)–(d)
that brake lights were detected well. Interestingly, even on a rainy day the algorithm
performed well as shown in Picture (b). Examples of false predictions are shown in the
second row in Pictures (e)–(h). The most notable cause of false predictions was capturing
vehicle bounding boxes that did not actually contain vehicle rears.

Figure 9. Example of the algorithm output. Upper row shows successful detections, and lower row
unsuccessful detections. Respective confidence values in the collage from left to right: (a) 0.98 and
0.9, (b) 0.9, (c) 0.95, (d) 0.97, (e) 0.53, (f) 0.7, (g) 0.59, and (h) 0.86.

5. Discussion
5.1. Algorithm Performance
As seen in the results, the developed algorithm performs well in detecting lit brake
lights when tested with the images from the dataset as well as with test video material.

Appl. Sci. 2022, 12, 2804

12 of 15

The overall performance of the algorithm on the utilized challenging and extensive dataset
is close to those of previous daytime brake detection studies [18,19]. However, a direct
comparison to previous algorithms is not productive due to usage of different datasets.
The dataset utilized here features vehicles at considerable distances of up to 150 m, thus
differentiating the contributions of this paper from previous studies which focused on
vehicles at shorter distances. The lack of an open dataset for benchmarking brake light
detection algorithms has been acknowledged in the literature [19], and the dataset used
here will be published to allow for accurate future benchmarking.
Due to the aim of the use case to improve ride comfort, the algorithm was designed
to include a bias towards false negatives. In practice, the algorithm did not detect all the
braking events. Nevertheless, the algorithm hardly produced any false positives, indicating
that it would be extremely rare for predictive braking to be unnecessarily engaged. This
behavior was here considered beneficial, because the brake light detection algorithm was
aimed at complementing the radar readings in the decision-making process. False negatives
from the camera are eventually corrected by the radar, only leading to an occasional slightly
more steep braking operation. Still, the reliable true positives complement the braking
decision making, resulting in more frequent comfortable decelerations.
5.2. Applicability in Industrial Applications
The factory-installed camera setup of the vehicle could be used with proper optics.
In this study, the camera and optics were installed parallel to the existing vehicle multipurpose camera to ensure effortless access to a video feed of the road ahead. Most of the
vehicle manufacturers use high-quality multipurpose cameras for road lane recognition
and other fairly demanding partially, automated tasks, so the camera quality should be
sufficient for this type of system as well. The computation power of the vehicle and factory
installed control units could turn out to be a bottleneck for the algorithm task. In order
for the algorithm to work with live video-feed from the camera, a substantial amount of
computation power is required. The classification solution proposed here is lightweight but
suffers from the object detection part, which should be replaced to reduce the computational
power requirements while maintaining a good performance. Regarding the applicability of
the developed algorithm in production grade systems, the algorithm has the benefit of not
requiring an excessive amount of data for training. The colorspace threshold values are
camera-dependent, meaning that the values must be adjusted when a different camera is
used. Nevertheless, as shown in this paper, these threshold values and the random forest
classifier training can be achieved with a few hundred images. Considering many other
machine vision and machine learning applications, this amount of data is fairly modest for
achieving a functional detection system.
5.3. Future Improvements to the Algorithm
While conducting the experimental tests, it was noted that the algorithm suffered from
some issues common to most machine vision algorithms, such as glares and reflections
caused by sunlight. Future tests could include more sunny data with the sun being at different heights. The angle of the sun affects the glares and reflections captured by the camera,
thus it could affect the accuracy of the algorithm. Nevertheless, it was noticed that the
presented approach was rather robust towards rain. Raindrops on the windshield or light
fog did not noticeably impact the performance of the algorithm. More application-specific
issues in the tests included detected vehicles that were sideways, and different types of
emergency vehicles that significantly differ from normal passenger vehicles in appearance.
The presented test results highlight that the algorithm featuring the preprocessing displays
a bias towards false negatives.
As stated earlier, on some occasions the algorithm reacts to vehicles that are sideways,
as seen in Figure 9. These false positives, in the picture marked with (e), occur quite rarely.
This type of false identification could be solved by using other methods for vehicle rear
detection. When utilizing other methods for vehicle rear recognition, attention should be
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focused on robust detection rates as well as on a fast algorithm run-time. One option could
be a vehicle orientation analysis with a 3D bounding box estimation, separating different
sides of the vehicle, thereby relaying only the rear to the brake light algorithm.
The conducted experiments were measured among real traffic on relatively straight
roads. Sharp turns or steep inclinations were not featured in the gathered dataset. In all
of these cases, the detection can be affected as the vehicle ahead may move out of the
region of interest in the camera view. In future research, these types of scenarios could be
recognized utilizing sensor data of the steering angle or the vehicle accelerometer. This
type of approach would solve such cases to some extent.
6. Conclusions
This paper presented a lightweight algorithm for brake light detection built by combining existing YOLOv3 object detection and scikit-learn random forest classifier implementations. Conducted experiments yielded promising results, delivering a high prediction
accuracy even up to distances as far as 150 m. The hybrid approach of colorspace preprocessing and a simple random forest classifier showed a notable improvement when
compared to processing with only a random forest classifier. When analyzing the performance of the algorithm, it was remarked that most false readings were caused by light
reflections and rapidly changing lighting conditions.
The method presented could be used to improve many other assistance systems in
vehicles, such as adaptive cruise control and possibly collision avoidance. In suburban
areas, detecting brake lights could be used as a part of brake assist. In both cases, the best
result would be achieved with a sensor fusion of camera and radar data.
Future research will include utilizing the communication interface of the research vehicle for tuning the adaptive cruise controller with the output of a real-time implementation
of the brake light detection algorithm. The goal is to improve the ACC performance in real
world field tests by improving the longitudinal control and more accurately anticipating the
preceding vehicle intentions than the current radar-based system installed in the research
vehicle. The radar-based ACC can only tell the current speed and heading of the object
with limited information about the future intentions of the vehicle. Utilizing machine
vision to detect the braking status of the vehicle ahead adds another layer for control, thus
potentially rendering the ACC more predictive. The predictive nature in the control system
would improve the overall safety and comfort levels of passengers in the vehicle. This type
of predictive control system should be equipped in future production vehicles for enhanced
passenger satisfaction.
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Abbreviations
The following abbreviations are used in this manuscript:
ACC
ADAS
CA
LAB
CNN
GPU
HD
HOG
HSV
NDM
RF
RGB
SVM
USB
YCbCR
YOLO

Adaptive cruise control
Advanced driver-assistance systems
Collision avoidance
L for lightness, a and b for color components (colorspace)
Convolutional Neural Network
Graphical processing unit
High definition
Histogram of oriented gradients
Hue, Saturation, and Value components (colorspace)
Nakagami-distribution model
Random Forest
Red, Green and Blue components (colorspace)
Support Vector Machine
Universal serial bus
Y, CB, and CR for luma and chroma components (colorspace)
You only look once
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