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Abstract: Research on Traffic Light Recognition (TLR) has grown in recent years, primarily driven
by the growing interest in autonomous vehicles development. Machine Learning algorithms have
been widely used to that purpose. Mainstream approaches, however, require large amount of data
to properly work, and as a consequence, a lot of computational resources. In this paper we propose
the use of Expert Instruction (IE) as a mechanism to reduce the amount of data required to provide
accurate ML models for TLR. Given an image of the exterior scene taken from the inside of the vehicle,
we stand the hypothesis that the picture of a traffic light is more likely to appear in the central and
upper regions of the image. Frequency Maps of traffic light location were thus constructed to confirm
this hypothesis. The frequency maps are the result of a manual effort of human experts in annotating
each image with the coordinates of the region where the traffic light appears. Results show that EI
increased the accuracy obtained by the classification algorithm in two different image datasets by at
least 15%. Evaluation rates achieved by the inclusion of EI were also higher in further experiments,
including traffic light detection followed by classification by the trained algorithm. The inclusion of
EI in the PCANet achieved a precision of 83% and recall of 73% against 75.3% and 51.1%, respectively,
of its counterpart. We finally presents a prototype of a TLR Device with that expert model embedded
to assist drivers. The TLR uses a smartphone as a camera and processing unit. To show the feasibility
of the apparatus, a dataset was obtained in real time usage and tested in an Adaptive Background
Suppression Filter (AdaBSF) and Support Vector Machines (SVMs) algorithm to detect and recognize
traffic lights. Results show precision of 100% and recall of 65%.

Keywords: Traffic Light Recognition (TLR); Machine Learning; Expert Instruction (EI); Frequency
Maps; Computer Vision

1. Introduction

According to Brazilian’s 2014 highway accident report, there were 150,000 accidents in that year,
with 425 fatalities. 5% of these are related to the contempt to traffic signs [1]. Although traffic lights
are worldwide used and known as a very intuitive traffic regulator, another study [2], from the city of
São Paulo/Brazil, points out that in August 2016 the advance of the red light was the second most
frequent violation associated with fatal accidents involving vehicles. Some particular situations can be
considered as probable causes of the red light advance:

• Poorly located traffic lights that cannot be noticed in advance;
• Defective traffic lights or with very dim light;
• Ambient lighting that disturbs driver’s vision;
• Driver’s visual impairment;
• Hesitation at the timing to advance when the signal turns yellow;
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• Number of traffic signaling to notice.

The first two aspects mentioned above can be solved by a preventive maintenance policy for
traffic signs. A Traffic Light Recognition (TLR) device can help with the remaining aspects. According
to [3], the main task of a DAS is to prevent accidents by warning the driver of the existence of a red or
yellow traffic light ahead in a non-intrusive way. In addition, the TLR can detect the main traffic light
for that road when there is more than one and how far the traffic light is.

There are, though, several issues to be overcome in order to reliably detect and recognize the state
of a traffic light and implementing a robust TLR is not a trivial task [3]. Among the challenges, are
the weather condition that alters the lighting of the environment, the existence of different types of
traffic lights (horizontal or vertical, suspended or pole), the angle from which the traffic light is being
observed which can distort its geometric characteristics and traffic lights that are partially hidden due
to exterior aspects.

Current work with Image Processing (IP) techniques and Machine Learning (ML) from traffic
lights image collections shows accuracy around 80%, except for the times when limitation occurs. A
way to get around the limitations can be the use of knowledge about the problem and the environment
that cannot be obtained directly from the image. We call such type of knowledge of Expert Instruction
(EI) since knowledge may be implicit in the form the model is built and not in the data itself, a theory
that this paper proposes to validate. Embedding expert instructions can also favor a smaller amount of
data needed by ML algorithms to perform well, which is highly desired considering that collecting
and categorizing traffic light data is indeed a extreme laborious task.

We are particularly interested in what is the impact of knowing the traffic light object location
in a photograph obtained from a camera in the interior of the vehicle to the ML-based recognition
process. The hypothesis is that there should be regions where the traffic light object image appear
more frequently within the photograph (on the top? on the bottom? right? left?) and, for that reason,
these regions may have higher likelihood. We believe that frequency maps properly sum up the result
of a deep analysis performed by human experts over traffic light image datasets towards the object
location discovering.

This work thus intends to assess whether the use of a traffic light detection and recognition model
that explicitly embeds frequency maps as expert instructions achieves better results than a purely
ML-based solution. Scientific contribution is two-fold: (1) provide a human-tailored mechanism to
produce frequency maps as expert instructions from traffic light image datasets and (2) design an
hybrid model to the automatic recognition of traffic lights that demands lower data.

In section 2 we list some of the main attempts to solve the problem. Three of them were chosen
as the basis for our investigation and so we highlight enrolled techniques to expose the theoretical
foundations of our approach and ease the understanding. Section 3 presents our approach to embed
frequency maps as expert instruction in the machine learning model training. Results of model training
as also shown. In section 4 we present the TLR device we developed to show the feasibility of our
proposal. We conclude our work in section 5.

2. Current approaches for smart TLR device

An object recognition mechanism in an image consists of two parts: (1) a detection phase to
identify target objects and (2) a posterior classification phase. For traffic lights, colors, shape and light
are often the most important features to attent.

A sort of different techniques has been tried to deal with the detection phase. [4], [5], [6], [7],
for instance, uses Convolutional Neural Network (CNN) to detect the presence of a semaphore in
a image whereas [8] considers a PCAnet Neural Network to the same purpose. [9] uses a learning
algorithm based on the image features channels and gradient histograms. Salience maps are used by
[10], [11], [12], [13] and [6]. [14], [15], [16] employ Blob detection algorithms. Some of the geometric
transforms adopted in the detection phase are the Circular Hough Transform [17], [18] and [19] and
the Radial Symmetry Fast Transform [20]. Other less common techniques have also been noticed such
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as Adaptive Filters [21], Template Matching [22], Gaussian Distribution [23], Estimation of probability
class associated with CNN [4] and Top Hat [24]. The use of image processing algorithms as one of the
main techniques is also common; color or shape segmentation, for instance, is considered by [25], [26],
[27] and [28].

In the recognition phase, most work employs machine learning algorithms such as Neural
Networks or Support Vector Machines (SVM). [21], [14], [29], [30], [15], [8], [13], [31], [32], [33] employ
SVMs as the main technique to recognize the semaphore. A non machine learning approach to
recognition can be seen in the works of [11] and [34], where Fuzzy Logic has been successfully applied.
Actually, many other techniques have been applied in this phase as an alternative to machine learning
to improve false positive detection rates or to soften the connection between detection and recognition
phases. [35], [14], [30], [13], [12], [36] use Histograms whereas [37], [38], [19] and [39] considers the use
of Transforms for such purposes. The use of Template Matching [6], [40], [41], [42], Salience Map [7],
Normalized Cross Correlation [43] and Hidden Markov Models [44] should also be emphasized.

[15] proposes a new method that combines computer vision and machine learning techniques
to recognize traffic lights. Color extraction and blob detection are used to perform detection. Color
extraction is performed in the HSV color space. Blob detection is implemented by combining image
processing algorithms such as flooding, contour tracking and closing. The combination of such
techniques allows both circular traffic lights and traffic lights with arrows to be identified. After
detecting the regions of interest, a Principal Component Analysis (PCA) classifier is applied. The
proposed PCA classifier consists of a PCA network (PCAnet), a type of neural network that simulates
the functioning of a CNN with fewer layers and a linear SVM. Principal Component Analysis (PCA) is
a statistical method that uses orthogonal transformation to convert a set of observations of possibly
correlated variables into a set of values of linearly uncorrelated variables called principal components.
This allows PCAnet to simulate the behavior of a CNN with less computational cost. In general,
convolution on PCAnet is performed using PCA filters as kernel; this filters are found by unsupervised
learning during the training. The number of PCA filters can vary and, according to [15], the more PCA
filters the better the network performance. In the work, 8 (eight) PCA filters were used within two
layers. For each set of pixels in the input image there is a set of pixels of the same size in the filter.
The average is calculated and the value is removed from the filter. Convolution is thus performed.
The combination of averaging and convolution are seen as stages (or layers) of the network. The
output of PCAnet contains positive and negative values, which are binarized and then converted to
decimal values. A feature vector is formed with these values and is then used as an input to the SVM.
Five PCA networks (number of groups of identified traffic lights) are created to estimate weights or
features capable of identifying the types of traffic light. The weights then feed the SVM that perform
the final classification. Tests are performed using a dataset produced and made publicly available by
the authors.

[21] proposes an adaptive background suppression algorithm in order to highlight regions
of interest, the AdaBSF. Normalized gradients of the input image are calculated. Combining the
normalized gradients with the values of the R, G, and B layers of the original image gives a simple
4-layer feature map. Each Wi detection window in this feature map can be represented as a basic
feature vector xi ∈ IRD×1. When searching for vertical and horizontal traffic lights, the window size
is fixed at 16× 8 pixels and 8× 16 pixels, respectively. The size of each detection window is then
D = 16× 8× 4 = 512. To solve the multi-scale problem in which the traffic light can appear in
different sizes in the image, the original image is re-scaled while the detection window is kept to
the same size. The purpose of the AdaBSF algorithm is to specify a Finite Impulse Response filter
specified by the vector w = [w1, w2, ..., w256]

T so that yi = wTxi. The value yi represents a score for
each detection window that represents the probability of that window be part of a semaphore, xi
represents the weights learned by the algorithm. In the recognition phase, each candidate region
is checked and classified into different traffic light classes using an SVM. The local color histogram
and the gradient-oriented histogram of each candidate region are used as descriptors of linear SVM
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characteristics and are used to train the model and to classify the regions found by AdaBSF. The tests
are performed with a specific dataset, provided by the author and discussed in the following section.

3. Embedding expert instructions

According to [45], the main problem that machine learning algorithms face is the amount of data
needed to learn correctly. In addition to the need for a reasonably large amount of data, these need to
be well balanced and categorized. Building a data set with the aforementioned requirements requires
time and human effort, and may be even unfeasible considering the natural shortage of data in some
specific domain. Finally, more data implies more processing power needs, which can be another
serious limiting factor.

One way to reduce the amount of data needed to train the algorithms is to introduce some sort of
previously known information about the data (or the domain). This type of information is named as
prior knowledge [45]. In this paper, we call this prior knowledge as "Expert Instruction" (EI).

An usual type of IE in regards to traffic aspects is geolocation, Global Positioning System (GPS). GPS
as an IE can be used in different ways, associated with different techniques. Some works consider the
exact position of the traffic light and compare it with the position of the vehicle; in such case, previous
knowledge of all traffic light positions can be used, as in the work of [46], or a traffic light mapping
algorithm can be defined as in [35], [47] and [48]. To considerably decreases the amount of processing
required, it is also possible to check if the vehicle is positioned close to an intersection and, just in this
case, activate the traffic light recognition mechanism [16]. [7] also use this type of information to assist
in the recognition phase as a false positive eliminator at the end of processing.

The relationship between the geometric objects that make up the traffic light can also be considered
as expert knowledge. It is a common understanding that a basic traffic light is mostly formed by 3
circles positioned horizontally or vertically within a dark rectangle. [49] and [42] made use of these
characteristics.

[50], finally, combined these two types of expert knowledge in a system that requires little
processing power and can be run on a smartphone.

In this section we propose an approach to validate the previously defined assumption that it
is possible to reduce the amount of data needed to train a machine learning algorithm using rules
created by an expert in the field. In the context of this research, these rules will be referred to as Expert
Instruction (EI).

We implemented a model of traffic light detection and recognition that uses Frequency Maps as
expert instructions and compared it with the works of [15] and [21] as baselines.

3.1. Description of the experiments scenarios

Two different experiments scenarios were set.
In the first scenario, data from two datasets were used; the first provided by the work [21] and the

second from [15].
To elaborate the EI, test data for each dataset were firstly divided into 2 groups, one for testing

and the other to generate the EI. From this second group, 650 images were randomly selected. A total
of 1300 images divided into 2 sets of EI were thus provided.

Classification algorithm of [15] was implemented and used to compare the influence of EI on
training results. Each experiment was carried out with and without the inclusion of EI and has the
following tasks:

• Model training (for different dataset lengths:1000, 4000, 7000, 10000 and 13000 items);
• Model testing;
• Usage of EI;
• Accuracy evaluation.

All experiments were performed twice with data selected at random. Accuracy was then
measured. Data used in the experiment are images of traffic lights taken from the inside a vehicle.
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In the second scenario, the EI was considered on the complete traffic light detection and
recognition flow. The traffic light detection algorithm of [15] was implemented and included in
the experiment. The regions selected by the detection algorithm were submitted to classification by the
[15] algorithm trained with and without EI. The regions identified as traffic lights were marked in the
original test image for further evaluation by a human expert. Precision and recall were then calculated.
The 17 test sequences of the [15] datatset were used in this scenario. The tasks performed on the test
are listed below:

• Model training with 7000 data;
• Use of the detection algorithm from [15] to find ROIs in traffic scenes obtained from the inside of

a vehicle;
• Model testing with 17 traffic scene sequences;
• Use of the original EI;
• Precision and recall analysis.

All experiments were performed on a Dell Inspiron 15 7000 notebook, 7th generation i7 processor
and 16 Gigabytes of RAM. The experiments were organized as follows.

3.2. Frequency maps as Expert Instructions

If we consider an image taken from the inside of a vehicle towards a traffic light, it is more likely
to note the traffic light in the central and upper regions of the image, since they are usually suspended
on poles along the road. This knowledge is an important clue, indeed. We, thus, produced traffic light
frequency maps to test this hypothesis.

The method consisted on the analysis of a series of images by a human expert. In each image,
the region where the traffic light is located is demarcated. A matrix of the same dimensionality of the
analyzed images is then created. The points of the matrix related to the demarcated regions receive
an increment. In the end, the entire matrix is divided by the total number of images analyzed, thus
generating the frequency of traffic lights for each pixel in the image.

The datasets from [21] and [15] were used to generate two frequency maps as shown in Figures 1
and 2); redder hues represent higher frequencies. A random sample of 650 images was generated from
the test data for each dataset, totaling 1300 images. The frequency data was smoothed using a masked
averaging algorithm.

To properly compare the results of two different machine learning models, it is necessary to train
both models with the same data. However, the datasets do not provide the coordinates from where the
traffic light events were obtained from the original images, making it impossible to directly combine
the previously calculated frequency with the training samples.

To solve this problem, it was assumed that all training samples were found in regions with a
non-zero value on the frequency map, so the combination could be made with random frequency
values (in respect to the beta distribution). Figures 3 and 4 show the frequency distribution histograms
of the frequency maps. The values of the parameters of the beta distribution found for the map of
Figure 1 were (α = 0.01655, β = 1), and for the map of Figure 2 were (α = 0.03420, β = 12.8985).

3.3. Model training

The method used to evaluate the insertion of the expert instruction was that proposed by [15].
The authors proposed a PCANet to find feature vectors given the set of traffic lights informed for
training. The feature vectors are then used to train SVMs that will classify pixels as belonging to (or
not) a traffic light.

The addition of the expert instruction in this process can take several forms. It is possible, for
instance, to obtain the coordinates of the original image of the region recognized as a traffic light and
analyze the frequency map at the same coordinates by checking whether the values are above a certain
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Figure 1. Frequency map obtained from the random dataset sample of [21]

Figure 2. Frequency map obtained from the random dataset sample of [15]
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Figure 3. Histogram of the frequency distribution of the map in Figure 1

Figure 4. Histogram of the frequency distribution of the map in Figure 2
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threshold. The problem with this alternative is that the algorithm becomes too deterministic, since only
the static regions where the traffic lights appear on the frequency map would obtain positive results.

Another form of using the expert instruction is to perform a sum or multiplication operation in
one of the internal phases of the recognition method. One of these phases could be between the PCAnet
layers, or at the PCAnet exit before the data entry in the SVM. The problem of such combination is the
size of the image that decreases as the convolutions inside the algorithm take place, making it difficult
to combine directly with the value of the frequency map.

The most convenient form, thus, is to treat the expert instruction as the first layer of the recognition
method. Soon after the detection phase, the Regions of Interest (ROI) are added or multiplied by the
value of the frequency obtained for that region in the frequency map. Since the frequency map and the
original scene have the same dimensionality, and knowing the ROI coordinates of the original scene,
this combination will tend to highlight the ROI found for the next algorithm. The operation used in
this work was multiplication. In Figure 5 we see the structure of a PCANet in the form of a process
model. It is possible to notice the inclusion of the expert instruction soon after obtaining the input
image for classification, in this case, the ROIs.

An important concern is to ensure that expert instruction does not make the method deterministic,
as it would be if it was applied at the end of the method. It is possible that some part of the frequency
map has a value of 0 (zero), which means that in the analyzed sample, no traffic lights appeared in that
region. However, it is also possible for a traffic light to appear in an unusual region of the scene, and
the DAS should be able to find it. It was necessary to define an increment inc that is added to every
multiplication factor f at, which consists of the frequency value found in the frequency map. All the
experiments depicted in this section assumed inc = 0.1.

The [21] training dataset is composed of 2 main classes: GREEN and RED. Each of these classes
has data that can be divided into 4 classes according to the type of traffic light: round, with an up
arrow, left arrow and right arrow. In this phase of the work, only the main division between GREEN
and RED was used. The dataset has 9,977 units of green traffic lights and 10,975 units of red traffic
lights, summing up 20,952 units of training.

The recognition method proposed by [15] was trained with different amounts of data obtained
from the training dataset from [21]. Firstly, no expert instruction was considered. Next, we embedded
the frequency maps. After each training episode, an accuracy test was performed. Final accuracy
values can be seen in Figure 6. It is possible to notice the great positive effect of expert instruction on
the accuracy for a smaller amount of data (orange line vs. blue line in the figure). For greater data,
behavior becomes similar until over-fitting occurs.

Similar experiment was carried out with the dataset from [15], using the same amounts of training
data. As in the previous experiment, data is distributed along 4 classes according to the type of traffic
light: round, with an up arrow, left arrow, and right arrow. However, in this case, data are divided
into more specific groups depending on how the traffic light appears: GreenRoi1, GreenRoi3 and
GreenRoi4 for variations of green traffic lights; and RedRoi1 and RedRoi3 for red traffic light variations.
Final accuracy values can be seen in Figure 7. As before, it is possible to notice the great positive effect
of expert instruction on the accuracy for smaller amount of data. Also, results seem to indicate that
over-fitting for EI version happens earlier.

It is worth noting that the behavior of applying EI to different data may vary, even within the
same problem domain. Figures 8, 9, 10, 11 and 12 further detail the accuracy for each traffic light set.
Although the EI has improved the rates for all sets, the groups concerning the red traffic lights got
minor improvements if compared to the green ones. This suggests a lower sensitivity of the red traffic
lights to the addition of EI. This hypothesis is further supported by the sharper fall in the accuracy rate
for the green groups of Figures 8 and 9 (over-fitting), which not happens with that intensity in the red
groups.
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Figure 5. Structure of a two-phase PCANet (atages) including EI.
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Figure 6. Test accuracy levels with Expert Instruction (orange line) and without Expert instruction
(blue line) for the dataset [21]

Figure 7. Test accuracy levels with Expert Instruction (orange line) and without Expert instruction
(blue line) for the dataset [15].
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Figure 8. Test accuracies for the GREENROI1 data group of [15] after training with EI (orange line)
and without EI (blue line).

Figure 9. Test accuracies for the GREENROI3 data group of [15] after training with EI (orange line)
and without EI (blue line).
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Figure 10. Test accuracies for the GREENROI4 data group of [15] after training with EI (orange line)
and without EI (blue line).

Figure 11. Test accuracies for the REDROI1 data group of [15] after training with EI (orange line) and
without EI (blue line).
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Figure 12. Test accuracies for the REDROI3 data group of [15] after training with EI (orange line) and
without EI (blue line).

3.4. Detection and recognition

To validate the inclusion of EI in the complete flow of a DAS, an experiment was carried out
performing the ROIs detection phase followed by the submission of the ROIs found to the trained
model. The detection algorithm of [15] was used in conjunction with the PCANet for classification.
Unlike the previous experiment, the frequency value obtained from the original frequency map is gets
an increment of inc = 0.1, since the ROIs are now identified by the detection algorithm and keep the
region’s origin coordinates. In the previous experiment, a frequency estimate was generated based on
the beta distribution of the original frequencies.

Two tests was performed with the images test dataset provided by [15]: with and without EI. This
test dataset consists of 17 sequences of 2142 images (in which there is a traffic light), the shortest with
56 frames, and the largest with 518 frames.

A sample of length 7,000 for the training set of both tests was chosen. This value is the average of
the minimum and maximum amounts of data used in the previous experiment.

Accuracy measure is manually done. Indeed, automating the counting of hits and errors in such
kind of problem is quite complicated because it is not possible to associate an image to a specific
class, since it is not a matter of classifying images, but embedded objects. In addition, the number of
objects that can be found in the image may also vary in each image of the dataset, and could even
be 0. A metadata file for each image containing a list of expected objects with their classes could be
created, but, without a manual review, an unexpected object could be erroneously classified in one of
the classes.

Table 1 shows the precision and recall rates obtained by the test with and without EI. The use
of EI presents significantly better results, achieving accuracy of 83% and recall of 73%, in contrast to
75.3% and 51.1% for the version without EI.

Observing the results for each sequence, individually, in the Table 1, we notice better precision
rates for the use of EI in 12 of the 17 sequences, worse rates for 3 sequences (10, 11 and 14), and similar
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rates for the rest. In regards to recall, the use of EI performed better in 11 of 12 sequences; sequence
number 12 shows similar behavior. It is worth noting that although the use of EI performed consistently
better, improving recall is clearly critical in the domain of traffic light detection and recognition.

Table 1. Precision and recall rates using the full images.

Sequence Prec. Expert Recall Expert Prec. PCA Recall PCA
1 66% 52% 56,7% 45,8%
2 100% 92% 92,0% 41,0%
3 95% 95% 78,3% 42,0%
4 95% 64% 95,0% 77,8%
5 100% 100% 89% 77,1%
6 60,4% 45% 60,1% 14,0%
7 100% 92% 89,7% 80,0%
8 98% 98% 79,7% 81,3%
9 84% 43% 76,3% 42,0%

10 79% 90% 84,3% 67,5%
11 51% 37% 62,5% 18,1%
12 89% 60% 81,8% 61,3%
13 91% 97% 63,6% 35,0%
14 92% 85% 95,0% 76,0%
15 96% 72% 84,0% 41,1%
16 87% 78% 73,5% 38,0%
17 53% 48% 48,0% 31,2%

Average 83% 73% 75,3% 51,1%

4. TLR prototype deployment

We developed a car device to interact with the driver and continuously capture images of the
environment from the inside of the vehicle. In this section we depict the device and its usage in the
creation of a local dataset and the ensuing employment of the developed algorithm.

One of the main concerns when prototyping a TLR device is where it will be positioned in
the vehicle, once it has to provide a clear view of the exterior scene and at the same time do not
compromise the vision of the driver. Another critical point is that the device shall be protected from
adverse meteorological conditions like rain, or be waterproof. Heat also might cause problems, so
the sunlight incidence may be considered as well. Also, trepidation of vehicle motion might have
critical influence in the device vision and, so, stabilization is a huge requirement. Finally, the device
should be able to provide warning sound to advise the distracted driver. Smartphones accomplish
these requirements and, so, are an affordable alternative to TLR device.

A smartphone was positioned inside a vehicle to capture actual traffic scenes with and without the
presence of traffic lights. To meet the requirements depicted previously, we designed a stable device
support using a two-sided tape and part of a windshield suction cup support. We removed the support
portion that holds the device from the cable with suction cup that is attached to the windshield. Next
we fixed the first part centralized at the vehicle panel with the two-sided tape. This design allow the
device to capture the traffic scene without a bias to the left or to the right. The proposed layout forces
the device to use the camera in landscape mode, reducing the portion of sky captured and maximizing
the traffic scene size obtained (Figure 13).

Three different smartphones were used to capture traffic videos containing traffic lights: a
Motorola G second generation, an iPhone 6, and a Galaxy S8+. All devices were configured to capture
video with HD resolution. Figure 14 shows an example of images obtained with these devices. The
images were extracted from videos at 5 frames per second (fps) rate.

4.1. Results and discussion

The images were subjected to classification using the method of [21].
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Figure 13. TLR device support holding an iPhone 6.

Figure 14. Images obtained using the TLR device support prototype with different smartphones. From
top to bottom (left to right): (a) Motorola G 2nd Generation, (b) iPhone 6, and (c) Galaxy S8+
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First images set, obtained with a Motorola G2, did not present good results and was discarded.
Second set, with images obtained by the iPhone 6, contains 682 images, being 209 without traffic lights
and 473 with traffic lights. The third images set, from Galaxy S8 +, consists of 247 images, being 165
with traffic lights and 82 without traffic lights. The final dataset contains 929 traffic images, being 638
images with green or red traffic lights and 291 images without traffic lights, the negative group.

It was also found that just categorizing the dataset images is not enough to properly evaluate the
results. Suppose the label of image 01 says it is a red traffic light and the TLR also say that there is a
red traffic light in such image. Suppose further that the red traffic light found by the TLR is actually
a stop sign. If the comparison were made only between the labels found, it would result in a false
positive. Hence, when working with the recognition of isolated objects in the image, it is crucial that
the TLR highlights the exact region identified as a traffic light within the image, and when computing
the results, the human expert must check each image one by one.

Considering that most of the time there are two equal traffic lights for the same route, only
one positive result was counted for the type of traffic light found when one or both traffic lights are
recognized in the image. So for each image we have 01 error or 01 hit. This reflects the daily behavior
of observing a single traffic light to make a choice.

Figure 15 shows the detailed results per images set. Both sets achieved high precision rates, but
the "iPhone 6"’s images set had poor recall of only 60%. This can be explained by the fact that the
samples of traffic lights used in training are very different from some of the examples found in the test
set, as shown in Figure 16. Indeed, when the training set do not fully represent the real world, some
traffic lights are not recognized.

Figure 15. Precision and recall rates per images set.

Lighting conditions in the training dataset also vary from those under which the test dataset was
created; indeed, the geography, weather, and the device used to take the images have a major influence
on lighting.

It is worth noting that the distance between the TLR and the traffic light is crucial for recognition.
The greater the distance from which the TLR is able to correctly classify the traffic light, the greater its
robustness. A threshold has been empirically defined in respect to the size of the traffic light in the
image: only traffic lights with at least 20 pixels on their diagonal were taken into account.

Low recall for the iPhone’s set has adversely affected the final results of the tests with the TLR,
as observed in Figure 17. However, compared to original results of [21], results validate the TLR and
justify its use in future research.
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Figure 16. From left to right: examples of green and red traffic lights used in training, examples of
green and red traffic lights obtained by the TLR device and used in tests.

Figure 17. Precision and recall: our reproduction of the work of [21], the original work of [21], and the
tests using the images obtained by the TLR, respectively.
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5. Conclusions

The main goal of this work was to evaluate whether the inclusion of Expert Instruction (IE)
could decrease the amount of data needed to train a machine learning algorithm in the Traffic Light
Recognition (TLR) problem. For this, a PCANet with and without EI was trained. The EI consisted of
the frequency of occurrence of semaphores per pixel of a sequence of images. This was chosen based
on the driver’s implicit knowledge of what is the usual location of a traffic light in his/her field of view
from the inside of the vehicle: central and upper regions of the scene has higher likelihood. Frequency
maps were built to confirm such hypothesis.

Results have shown that the use of EI helps to decrease the amount of data for model training,
for both datasets of [21] and [15]. Test results with EI model training performed better than the
conservative approach. Even for little data (around 1,000 elements) EI-based approach achieved 75%
of accuracy.

To evaluate the use of this training in a complete TLR process, an experiment was carried out in
which an ROI detection algorithm was applied and then the ROIs were subjected to classification by
PCAnet using EI and without EI. EI-based TLR achieved 83% of precision and 73% of recall against
75.3% of accuracy and 51.1% of recall of its counterpart.

A TLR device was also deployed. The goal was to show the actual feasibility of such a device
for driver assistance. The images obtained with the TLR device were submitted to the TLR algorithm.
Precision of 100% and recall of 65.17% validate the use of this TLR device layout.

Further research include handling of parameters and values. One of these parameters is the
number of images used to generate the frequency map, which can be expanded to be even more
representative. Other important parameters are: the mask used for smoothing the frequency map and
the increment inc added to every frequency value f at for the combination with the algorithm’s input
image.
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