
Abstract: The revolution in the field of autonomous vehicles
and driver assistance systems has brought with it the need for
the development of robust support systems such as traffic signal
and countdown timer detection in order to facilitate faster and
safer real-world adoption. Various deep learning models and
computer vision techniques have extensively been applied to de-
velop systems for the detection of traffic signals. However, the
task of detecting an auxiliary timer value along with a traffic
signal has relatively been unexplored. In this article, a novel
framework, TSCTNet (Traffic Signal and Countdown Timer
Detection Network), is proposed that leverages state-of-the-art
Mask R-CNN model for object detection followed by efficient
image processing techniques for detecting a traffic signal. Sub-
sequently, the detected signals are used to extract a local sub-
image, which is then processed and fed to a RetinaNet model for
detecting the countdown timer value. The framework has been
evaluated on a custom dataset (CFTS) of dash-cam videos and
achieves a high average precision value for detecting the traffic
signal as well as the countdown timer value. The proposed sys-
tem was found to be performant in various scenarios and can
assist in paving the way for the advancement of autonomous ve-
hicle infrastructure.
Keywords: RetinaNet, Mask R-CNN, Computer Vision, Au-
tonomous Vehicle, Object Detection, Color Transformation

I. Introduction

Traffic signals are used all over the world to control the right-
of-way at intersections, thus facilitating the safe movement
of vehicles on roads. Two major classifications of traffic sig-
nals based on the underlying mechanism are actuated (auto-
matic) signals and fixed time signals. While actuated sig-
nals direct the flow of vehicular movement based on the con-
centration of traffic via the use of sensors and other devices,
fixed time signals are set to repeat periodically a cycle of red,

yellow, and green lights. Fixed time signals use traffic sig-
nal countdown timers, which are devices that give informa-
tion about the time remaining until the traffic signal changes
color.

Although there are multiple traffic signal control systems
which are more efficient [1, 2], there are certain advantages
of fixed timer signals that have made them popular in Asian
countries, such as India [3]. Fixed time signals help save
fuel, smooth traffic flow, reduce traffic violation, and lower
driver stress [4]. Moreover, autonomous vehicles can make
better and safer traffic decisions based on feedback on the
amount of time remaining for the light to switch colors [5].
Therefore, an autonomous vehicle must be able to identify
and process not only the traffic light but also the traffic signal
countdown timer before it is made practically available for
Asian countries.

II. Related Work

Even though the domain of autonomous vehicles has experi-
enced a tremendous amount of research focus, with the de-
tection of traffic lights being one of the fundamentals, re-
search in traffic signal countdown timer detection has been
relatively dormant. The reason for this can be attributed to
the use of sensor-based traffic signals in western countries as
only a dozen Asian countries use fixed-timer traffic lights.

Previous works have been primarily focused on traffic
light detection [6]. Classical traffic light detection models
are based on image processing and there have been multi-
ple publications on traffic signal detection from image color
[7, 8]. Certain techniques involve using the shape of the traf-
fic light for predicting traffic light color [9, 10]. However,
these techniques fail to locate the exact location of all traffic
lights present.

Custom CNNs have been created for the sole purpose of
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traffic light detection. Bach et al. [11] performed deep con-
volutional neural network based semantic segmentation for
extracting traffic light color. Furthermore, DeepTLR [12]
also performs semantic segmentation where separate bound-
ing boxes are predicted for each differently colored traffic
light bulb. Gao & Wang [13] proposed a hybrid approach us-
ing classical and self-learning algorithms for detecting traf-
fic light color. Müller & Dietmayer [14] used an augmented
form of ‘single-shot detection’ for detecting traffic lights. Al-
though these techniques give good results, they do not fulfill
the requirements of the proposed overall pipeline well be-
cause these models are trained only for traffic light detection.

Popular object detection techniques have also been used
such as YOLO [15], which predicts bounding boxes within a
relatively small amount of time by leveraging only a single
layer, and SSD [16], which performs bounding box predic-
tion from multiple layers of the network. MultiBox [17] uses
a general approach in predicting bounding boxes for multi-
class tasks from a fully connected layer. However, these
models have lesser accuracy compared to Mask R-CNN [18],
and this work aims to also classify traffic lights based on their
color (red, yellow, green) along with detecting the entire traf-
fic signal.

Vitas et al. [19] have proposed a two-step deep learning
based approach for traffic light detection. They use adaptive-
thresholding and blob detection for region-of-interest selec-
tion, and a VGG-16 based CNN model for traffic signal lo-
calization. Yoneda et al. [20] have used a digital map to ex-
tract the region-of-interest and a machine learning detector
(OpenCV cascade detector trained on AdaBoost) for detect-
ing traffic lights, which sacrifices accuracy for faster compu-
tation. Additionally, they detect direction lights using prior
spatial information.

The primary goal of the solutions given above is to pro-
vide only traffic light detection. Moreover, to the best of the
knowledge of the authors, there has been only one other re-
search conducted on detecting the auxiliary countdown timer
and its countdown value along with the traffic light. Sathiya
et al. [21] use color segmentation-based techniques to find
traffic light and the auxiliary timer, however, they use images
containing only a single traffic light and its auxiliary timer.
Additionally, their approach has a high processing time. The
approach mentioned in this article uses cascaded multi-task
models that can be used to give the desired results. There
have been many works published where cascaded networks
were successfully used. For instance, the authors of TTNet
[22] use a cascaded model for detecting and tracking a ta-
ble tennis ball on a table. A rough detection is estimated in
earlier stages of the network which is then refined by a cas-
caded network. DeepPose [23] uses a cascaded regressor for
refining the joints of human parts that were detected in the
preceding networks of its framework. In this work, a new
cascaded model for the detection of traffic signals and count-
down timers has been devised.

III. Proposed Approach

This section describes the proposed framework for Traffic
Signal and Countdown Timer Detection Network, TSCTNet,
whose end-to-end architecture is shown in Figure 1. The goal
of the network is to process video frames and swiftly de-

tect traffic lights along with their auxiliary countdown timers.
The knowledge gathered from the network can be fed to an
autonomous vehicle system so that it may process the infor-
mation and take necessary actions. The proposed framework
performs the major tasks in the following order of stages:

S1: Traffic Signal Detection

S2: Traffic Signal Color Detection and Feature Extraction

S3: Traffic Signal Countdown Timer Detection

S4: Combining all the Stages’ results

The following sections explain the different stages involved
in performing the aforementioned tasks.

A. Traffic Signal Detection

In this framework, Mask R-CNN [18] is used as the object
detection architecture for traffic signal detection, which is
shown in Figure 2. Mask R-CNN is used as it improves
Faster R-CNN [24] by using Region of Interest (RoI) Align
instead of RoI Pooling. The key feature of RoI Align is that it
rectifies the location misalignment issue present in RoI Pool-
ing when it takes the input proposals from the Region Pro-
posal Network (RPN) by dividing them into ‘bins’ using bi-
linear interpolation. Hence, Mask R-CNN improves upon the
core accuracy of Faster R-CNN and is therefore used over it.
The mask branch of Mask R-CNN network is removed as
it is not applicable for the proposed system and leads to an
improvement in the processing performance.

In the proposed network, the Mask R-CNN framework
consumes raw video frames of resolution 1920×1080 px
(downscaled to 1024×1024 px) sampled at 30 frames per
second and outputs bounding boxes for traffic signals. The
result of this stage is an output list with each element com-
prising of the top-left corner and bottom-right corner spatial
coordinates of the bounding box, and its detection score.

B. Traffic Signal Color Detection and Feature Extraction

Once the object detection phase is completed for a video
frame, only those detected traffic signals are retained in
the output list that have a detection score above a specified
threshold (taken here to be the standard value of 0.5). Subse-
quently, images of all the traffic signals are cropped based on
their respective coordinates and then processed sequentially.
The next step is to identify the color of each traffic signal.

The input image is first converted from RGB (Red-Green-
Blue) to HSV (Hue-Saturation-Value) format. This is done
because RGB color space has three channels for color en-
coding while HSV has only the hue channel which makes it
easier to segment based on color. After the color space con-
version process, color thresholding is performed on the im-
age as shown in Figure 3. Three color ranges are chosen: red,
yellow, and green, which represent the three different colors
of a traffic light. Color image thresholding involves replac-
ing each pixel in an image with a black pixel (‘0’ bit) if the
pixel HSV value is outside of a specific range, or a white
pixel (‘1’ bit) if the pixel intensity is within the bounds of the
constants. This process is performed three times by using the
lower and upper HSV range for red, yellow, and green colors
to isolate the presence of these colors in the image.
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Figure. 1: TSCTNet architecture

Figure. 2: Mask R-CNN architecture

Figure. 3: Thresholding an image with red colour
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Figure. 4: A visual example depicting how countdown timer value is detected in a frame

The range of HSV values used byOpenCV (the library used
for image processing) [25] for Hue, Saturation, and Value are
0-180, 0-255 and 0-255 respectively. The thresholding of the
image for the three traffic signal colors is performed based on
the condition shown in Eq. 1 for Hue, Saturation, and Value
of the input image to obtain three thresholded images: IR,
IY , and IG respectively. It should be noted that H denotes
the Hue value at the corresponding pixel (x, y), and similarly
S denotes Saturation and V denotes Value.

IR(x, y) :



1, if (0 <= H <= 10 and

70 <= S <= 255 and

50 <= V <= 255) or

(170 <= H <= 180 and

70 <= S <= 255 and

50 <= V <= 255)

0 otherwise,

IY (x, y) :


1, if 20 <= H <= 30 and

100 <= S <= 255 and

100 <= V <= 255

0 otherwise,

IG(x, y) :


1, if 40 <= H <= 100 and

50 <= S <= 255 and

50 <= V <= 255

0 otherwise,

(1)

Next the percentage coverage (C) for each of the three
thresholded images is calculated. The percentage coverage

is defined to be the percentage of white pixels in a thresh-
olded image. Let nw be the count of white pixels in a binary
image. For an image of width w and height h, percentage
coverage is defined as shown in Eq. 2.

C =
nw
w × h

× 100 (2)

Coverage for IG is CG, IY is CY , and IR is CR respectively.
The maximum coverage among the three is found out using
Eq. 3.

Cmax = max(CG, CY , CR) (3)

If Cmax is above a certain constant, then the corresponding
color is assigned as the color of the traffic signal. Else, the
traffic light is assumed to be turned off.

C. Traffic Signal Countdown Timer Detection

The penultimate stage deals with the detection of the count-
down timer value. The output list from Stage III-A is used
to obtain the approximate presence of the timer. The traffic
signal countdown timer is an auxiliary device that is attached
to the same structure as the traffic light. This information
is used to an advantage by detecting the timer, not from the
entire image but from an extended cropped image (ECI).

An extended area around the traffic signal is cropped,
thresholded, masked, and fed forward to a cascaded digit
detection network with RetinaNet architecture (which com-
prises a ResNet-50 backbone). Let the center of the cropped
image to be the pair (x0, y0), and height and width to be h
and w respectively. The top-left (x1, y1) and bottom-right
(x2, y2) coordinates can be represented as given in Eq. 4.
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x1 = x0 − 0.5(w)
y1 = y0 − 0.5(h)

x2 = x0 + 0.5(w)
y2 = y0 + 0.5(h)

(4)

To obtain this extended cropped image, two scaling factors
for the original image, σh and σw, are chosen based on
heuristics. Next, an extended image is cropped after in-
troducing the scaling factor by updating the top-left (x1′,
y1
′)and bottom-right (x2′, y2′) coordinates as shown in Eq.

5.

x1
′ = x1 − σw(w)

y1
′ = y1 − σh(h)

x2
′ = x2 + σw(w)

y2
′ = y2 + σh(h)

(5)

A new image (ECI, Figure 4(c)) cropped from these updated
coordinates has a high chance of capturing the auxiliary timer
device. In the event that a timer isn’t detected in the first
attempt, the scaling factor is increased, and the process is
repeated once more. If the model fails to detect a timer again,
it is concluded that the traffic light pole does not have an
attached auxiliary timer device.

Figure. 5: MECI: Output after thresholding and masking the
ECI

Once ECIs are obtained, an important intermediate step is
performed to increase the robustness of the architecture. The
prior knowledge of the colors of the traffic lights from the
previous stage coupled with the fact that the color of the timer
digits is the same as the traffic light enables the framework
to process the ECI by converting it to a Masked ECI (MECI,
Figure 4 (d)). This is done by thresholding the ECI in the
range of the color of the contained traffic light and masking
(performing bitwise AND operation) the resultant with the

original ECI, thus generating MECI as shown in Figure 5.
This process results in a more suitable image to work with
as it facilitates the job of the neural network by masking the
noise. Additionally, this process removes any unwanted dig-
its appearing in the scene.

Layer Type
Number of

iterations

Kernel Size

(h × w × d)

Number

of filters
Stride

Input Layer

Conv1 (C1) 1 7×7×3 64 2

Max pool 1 3×3 1 2

Conv2 (C2) 3

1×1×64 64 1

3×3×64 64 1

1×1×64 256 1

Conv3 (C3) 4

1×1×256 128 1

3×3×128 128 1

1×1×128 512 1

Conv4 (C4) 6

1×1×512 256 1

3×3×256 256 1

1×1×256 1024 1

Conv5 (C5) 3

1×1×1024 512 1

3×3×512 512 1

1×1×512 2048 1

Table 1: Layers involved in modified ResNet-50 architecture

Multiple MECIs are generated and fed into a RetinaNet ar-
chitecture to detect numerical digits in the frame. The fol-
lowing steps indicate how an image is passed through Reti-
naNet:

• Preprocessing: The input image is preprocessed by
normalizing and centering. Normalizing is done by
scaling the input image such that its pixel values are be-
tween 0 and 1. Thereby, the pixels are channel-wise
centered by taking the mean of pixels across all training
examples for the 3 color channels and subtracting the
mean from the pixel value of the input image. This is
done to center the values around 0. Images are then
scaled between a minimum side length of 224 and a
maximum side length of 256.

• ResNet-50 backbone (Bottom-Up-Traversal): The
ResNet-50 architecture is modified by removing the
last 3 layers (average pooling, FCN, and Softmax), and
adding a Feature Pyramid Network (FPN). The archi-
tecture is shown in Table 1. Each convolutional layer
is followed by a batch normalization layer and a ReLU
activation unit.

• FPN (Top-Down-Traversal): Similar to the working
of Mask R-CNN [18], the Conv5 (Convolution stage
5) layer output is directly used as a feature map M5.
Further feature maps are generated by downsampling
the preceding feature maps from top-down layers by
a factor of 2 and combining them with corresponding
bottom-up convolution stage output via a lateral connec-
tion. The layers in the bottom-up pathway are passed
through a 1×1 convolutional layer so that the depths
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can be downsampled to their corresponding depths of
the top-down layer for in-place addition to take place.
This is the process for generating feature maps M4 and
M3.

• Feature maps (M3-M5): Each of these feature maps
is passed through a 3×3 convolutional layer to generate
pyramid feature maps (P5-P3). P5 is passed through a
max-pooling layer to generate feature pyramid P6.

• Classification subnet: Pyramid feature maps are fed to
this subnet, which consists of four 3×3 convolutional
layers with a depth of 256. This is followed by ReLU
activation, 3×3 convolutional layer having 50 filters,
and sigmoid activation.

• Regression subnet: This subnet performs regression
on the anchor boxes, which also consists of four 3×3
convolutional layers similar to the classification sub-
net. However, the following 3×3 convolutional layer
has only 20 filters, which is then followed by sigmoid
activation.

An important point to note is that the images fed into the
network need not be of a fixed size as the network does not
have any fully connected layers. Instead, 1×1 convolutional
layers are used to perform the part of fully connected lay-
ers. This helps in feeding variable-sized cropped traffic light
images to the network.

The detected digits are combined to form a number, with
the rightmost digit taken as the one’s position. Subsequent
digits from right to left are taken with the increasing power of
ten’s positions. If multiple MECIs successfully detect num-
bers, the one which detects the number with the highest con-
fidence is taken and the rest are removed.

D. Combining all the Stages’ results

The overall workflow of the framework is displayed in Figure
4. The input image is passed through the Mask R-CNN net-
work to detect traffic signals which are in turn pre-processed
and fed into the RetinaNet architecture to obtain the count-
down timer value.

Now, instead of detecting the countdown time every frame,
the value is stored and is reduced by one every second. How-
ever, some precautions need to be taken with this approach.
Each second, a fixed number of frames are passed. When
the traffic signal, along with its countdown timer, is detected
for the first time (with a good confidence score), it is highly
likely that the particular frame was not the first frame for
that countdown timer value. On storing this value and start-
ing an internal countdown every second (thirty frames), there
may be discrepancies with the actual countdown value of the
timer. Therefore, the following modified approach is taken
to ensure that the internal countdown clock is synchronous
to the actual countdown time:

S1: The first time a countdown timer’s value is detected,
it is not stored but the network continues detecting the
countdown value every frame until the next lower count-
down value is detected.

S2: Once the next countdown value is obtained, it is guaran-
teed that the frame was the first frame for that particular

value, therefore the new countdown value is stored in-
ternally, and the framework stops detecting countdown
values for every frame.

S3: Finally, to ensure robustness in synchronization of the
internal countdown clock and the actual countdown
value, every two seconds (sixty frames), the countdown
value is detected again and calibrated with the current
internally stored value. In case of discrepancies, the
newer value replaces the older one. This works because
as the automobile gets nearer to the traffic signal, the
image of the traffic signal increases in size and becomes
clearer, thus enabling the neural network to get better
detection results.

Figure 4(d) displays the detected countdown value as the
‘wait time’ for the autonomous vehicle on the top-left cor-
ner of the image. ‘Wait’ timer (Red light) is counted down
until zero while the ‘Go’ timer (Green light) is reset once the
vehicle crosses the traffic signal i.e., the traffic light is not in
the frame.

IV. Experimental Evaluation

A. Operating Environment

The authors have utilized Intel® Xeon® CPU @ 2.30GHz
with NVIDIA Tesla K80 GPU, 12 RAM (accessible on the
Google Colab platform) to perform the training and testing
for the models involved. The program modules were writ-
ten in Python− 3.6 and made use of Tensorflow − 1.14.0
and Keras− 2.2.4 libraries. Video and image processing
was done using OpenCV 4.1.2 library.

B. Datasets Used

The following datasets have been used for training and vali-
dating the deep neural networks in the TSCTNet framework:

• MS COCO: The Microsoft Common Objects in Con-
text (MS COCO) dataset [26] is a well-known dataset
that has annotations for instance segmentation and
bounding boxes which are used to evaluate how well ob-
ject detection and image segmentation models perform.
It contains 91 common objects as classes. Out of the
total classes, 82 have 5,000 annotations or more. There
are overall 328,000 images with more than 2,500,000
annotated objects. The dataset has been utilized to per-
form training on the Mask R-CNN [18] framework on
traffic signals object class.

• SVHN dataset: The Street View House Number
(SVHN) dataset is an annotated image dataset [27] con-
sisting of real-world colored house-number images with
annotated bounding boxes for each digit. It contains ten
classes, one for each numerical digit. A subset of 50,000
images (40,000 for training subset; 10,000 for valida-
tion subset) has been taken for training and testing the
RetinaNet model.

• Custom Fixed Traffic Signal (CFTS) dataset: The
performance measure for traffic signal detection using
Mask R-CNN along with the overall framework has
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been evaluated on dash-cam footage of vehicles cross-
ing pre-timed traffic lights, compiled from YouTube.
The dash-cam videos have been taken at 30 frames per
second and traffic signals and countdown timers have
been annotated manually. The dataset consists of dash-
cam video footage from various countries around the
world, including India, Thailand, and Cambodia. A
handful of dataset images are shown in Figure 6.

Figure. 6: Images taken from test videos of traffic light de-
tection dataset

C. Results, Statistics, and Comparison with Existing Models

The performance of the two key stages of TSCTNet is eval-
uated based on two parameters: precision (Eq. 6), and recall
(Eq. 7), which are calculated from the number of True Pos-
itives (TP), False Positives (FP), and False Negatives (FN).
A curve is generated between precision and recall with de-
tection values sorted based on their confidence. As there is
a trade-off between precision and recall, and the precision-
recall curves may intersect for various models, an additional
criterion, average precision (AP), is used to obtain the accu-
racy of the model. Average precision is the precision value
averaged across all unique recall levels. To reduce the im-
pact of the noise in the curve, the precision is first interpo-
lated (Eq. 8) at multiple recall levels before truly calculating
average precision (Eq. 9).

Precision =
TP

TP + FP
× 100% (6)

Recall =
TP

TP + FN
× 100% (7)

pinterp(r) = max
r′≥r

p(r′) (8)

AP =

n−1∑
i=1

(ri+1 − ri)pinterp(ri+1) (9)

Additionally, the traffic signal countdown timer is said to
be present within the extended cropped image (ECI) if the
boundaries of the ECI completely inscribe that of the count-
down timer. This is done by comparing the ground truth
countdown timer bounding box with the computed ECI
bounding box (which has expansion factors σw and σh). The
results are illustrated in Table 2.

Evaluation Parameter Total Inscription

Success Rate (%) 95.65

Table 2: Evaluation result for the success rate of traffic signal
countdown timer inscription

Figure. 7: Precision vs Recall curve plotted on the output of
Mask R-CNN framework tested on the test set at IoU of 0.5

Figure. 8: Interpolated Precision vs Recall curve plotted af-
ter interpolating precision values from the curve in Figure 7

The first stage of the network (Mask R-CNN), which has
been trained to detect traffic signals, is evaluated on the
CFTS test set and the metrics are displayed in Table 3. To
get True Positives (TP), False Positives (FP), and False Neg-
atives (FP), Intersection over Union (IoU) is used as the com-
parison parameter. Since every part of the image where an
object is not predicted is considered a negative, the measure-
ment of True Negative is considered ineffectual. The thresh-
old for the IoU is empirically chosen as 0.5, therefore if the
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Figure. 9: Precision vs Recall curve plotted for RetinaNet model tested on SVHN test set at IoU of 0.5

IoU is greater than 0.5, it is considered as True Positive, else
it is considered as False Positive. The Precision-Recall and
the Interpolated Precision-Recall curves have been plotted as
shown in Figure 7 and Figure 8 respectively. As the graphs
suggest, the recall increases with each prediction, but the
precision value may increase or decrease based on whether
the result was True Positive (increases) or False Positive (de-
creases) and the general trend for precision is decreased in
value. This result is expected because the values are plot-
ted based on sorted confidence scores of predictions, where
there is a high chance of a True Positive in case of high confi-
dence, whereas the recall value is bound to increase as False
Negative values can only decrease when a greater number of
detections have been made.

Evaluation Parameter IoU = 0.5

Precision 0.8235

Recall 0.8668

Average Precision (AP) 82.21%

Table 3: Evaluation result for Mask R-CNN tested on CFTS
test dataset

The final stage of the network, RetinaNet (which comprises
a ResNet-50 backbone), is trained, tested, and validated on
a dataset made with the combination of Street View House
Numbers (SVHN) dataset [27] and annotated countdown
timer digits from the custom test dataset (CFTS) for digit
recognition. The model is trained for 40 epochs with each
epoch having 10,000 steps with a learning rate of 0.0001.
Training batch size is 4, therefore one epoch goes through a
random assortment of the 40,000 training images on which
random transformations like cropping and translation were
performed to increase the training set size where each step
processes four images. The criterion for evaluating the net-

Class

(Digit)

Precision

(IoU = 0.5)

Recall

(IoU = 0.5)

Average Precision

(IoU = 0.5, %)

0 0.8562 0.8643 83.73

1 0.8104 0.8332 80.65

2 0.8422 0.8688 85.26

3 0.7833 0.7763 70.90

4 0.8411 0.8534 83.91

5 0.8295 0.8319 80.87

6 0.8273 0.8290 80.70

7 0.8321 0.8135 79.69

8 0.7938 0.7958 77.14

9 0.8042 0.8122 80.15

Table 4: Evaluation result for RetinaNet tested on the com-
bination of SVHN and CFTS test set

work is the same as that of Mask R-CNN, i.e., precision, re-
call, and average precision. As there is more than one class in
this network, the mean of average precision values across all
10 classes is evaluated using Eq. 10. Precision-Recall curves
are illustrated in Figure 9. The precision values are interpo-
lated to calculate the average precision. It can be interpreted
from the curve that more complex shapes of digits ‘3’ and
‘8’ make them harder to detect while other digits have com-
parative results. Also, digit ‘0’ has the highest precision and
recall due to its easily distinguishable shape.

mAP =

∑K
i=1APi

K
(10)

The mean average precision (mAP ) from Table 4 results in
80.30%.

The results of this work have been compared with other
studies as shown in Table 5. It is important to note that the
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Approach
Precision

(%)

Recall

(%)

Elapsed Time

(in seconds per frame)

Sathiya et al. [21] 98.00 88.00 3.06

TSCTNet 82.20 82.78 0.20

Table 5: Comparison of results to other frameworks for aux-
iliary timer countdown value recognition

results of the approach of Sathiya et al. [21] (the only other
suitable study found in the given domain of traffic signal aux-
iliary timer countdown value detection) can be misleading as
there are certain notable issues with it. Firstly, their approach
only works for single digits between 0 to 9 and therefore their
approach cannot be utilized for countdown values containing
two or more digits. Furthermore, they use cropped static im-
ages instead of videos, and their approach does not work in
real-time due to the long processing times of their approach
for each frame.

V. Conclusions

In this article, a new deep learning based network (TSCT-
Net) has been proposed for a fixed traffic signal and auxil-
iary countdown timer detection. The use of cascaded net-
works and the incorporation of lightweight computer vision
and color space manipulation techniques make the frame-
work both efficient and accurate. Since the extended cropped
image (ECI) is a feature-rich image with less noise, the
framework localizes the auxiliary timer value and detects the
countdown value with high accuracy.

Additionally, the framework can be pragmatically utilized
in real-world applications as its methodology has also been
explained using real-world test scenarios. It is to be noted
that the proposed framework can detect traffic lights with
an average precision of 82.21%, while the auxiliary count-
down timer digits are detected with a mean average precision
of 80.30%. The experiments were performed on dash-cam
videos under various conditions such as daylight, nighttime,
and rain. The proposed framework can be used to augment
autonomous vehicle systems so that they may perform well in
areas where fixed-timed traffic lights are in use. However, the
framework has a limitation in that it performs well only on
high-definition videos, and the presence of multiple auxiliary
timers (in very rare instances) in a frame can sometimes lead
to incorrect results. Lastly, it is noteworthy that although the
traffic signal countdown timer detection method is invariant
to its relative position to the traffic signal, its efficacy does
deteriorate as the distance between the timer and the traffic
signal increases. Future works can be conducted to address
these issues and improve real-time performance.
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