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Abstract — In the world of advertisement, the largest share 
of investment is in TV commercials; accordingly, for large 
corporations, this type of advertisement is still of major 
importance in their main goal of selling products/services to 
the public. Commercials are also of major importance to 
public TV stations since it is the result of the revenue they 
generate which allows those stations to fund a variety of in-
house TV programs. Due to the large sums of money being 
moved on TV commercials, national and international 
regulations were created, to avoid a wrong use of the 
commercials by the broadcasters; the enforcement of these 
laws created certain characteristics specific to TV 
commercials like, as an example, the maximum share of TV 
commercials per hour of broadcasting. The automatic 
detection of commercials may allow to fulfill several needs: 
i) of the users, who typically wish to eliminate the 
transmitted commercials from their recorded TV programs; 
ii) of the regulators, who need to verify if the TV advertising 
rules are met; iii) of the advertisers, who want to check if 
their contracts with the broadcasters have been fulfilled. 

TV commercials are a special type of video content, with 
some rather specific characteristics that have been exploited 
in automatic commercials detection solutions. After an 
overview of past methodologies for TV commercials 
detection, a new approach is proposed based on a   
Convolutional Neural Network (CNN); this CNN was 
trained with thousands of manually selected images, 
extracted from more than 150 hours of recorded video, from 
21 different TV channels. However, the developed system 
also has the capability of detecting when it is performing 
poorly (e.g., whenever a new TV channel is being analyzed) 
and of initiating a re-learning process, without human 
intervention. The proposed method was assessed with a 
video dataset that included sequences extracted from TV 
channels considered in the training stage, as well as new 
ones.  For the TV channels included in the training stage, the 
minimum observed accuracy in commercials detection was 
92%; this value is reduced when a new TV channel is 
analyzed (e.g., a TV channel for which the system was not 
trained for) but may still reaches accuracy values around 
90% in several cases. 

Keywords: TV Commercials; commercial blocks; 
automatic detection of commercials; convolutional neural 
network; TV content classification. 

I. INTRODUCTION 

In the world of advertisement,  the largest share of investment 
is in TV commercials, as stated by the Wall Street Journal in [1]; 
accordingly, for large corporations, this type of advertisement is 
still of major importance in their main goal of selling 

products/services to the general public. The pinnacle of this are 
the Super Bowl Commercials, which in 2017 had an average 
cost of 5 million dollars per 30 seconds of transmission, as stated 
in [2]. For large corporations to spend this amount of money, 
they expect a return on their investment; in the case of  Super 
Bowl, it was watched, in recent years, by 110 to 115 million 
viewers [2], which gives companies assurance that their message 
was shown to a great number of people, and possibly convert 
some of them into buyers of products/services. 

Commercials are also of major importance to public TV 
stations since it is the result of the revenue they generate which 
allows those stations to fund a variety of in-house or syndicated 
TV programs. As a consequence of the large sums of money 
being moved on TV commercials, national and international 
regulations were created, in order to avoid a wrong use of the 
commercials by the broadcasters; the enforcement of these laws 
created certain characteristics specific to TV commercials like, 
as an example, the maximum share of TV commercials in an 
hour of TV broadcast.  

In terms of video content, TV commercials show quite 
distinctive characteristics when compared to other forms of 
programming, like high cut rates, loud sounds, recognizable 
audio jingles and high motion scenes, which are used to attract 
the audience attention as much as possible; some characteristics  
can also be imposed by legislation, like packing the commercials 
together into blocks or removal of the TV station logo during the 
commercial block, being this last one of major importance to the 
work reported in this document. 

With the advent of digital TV, the barrier to develop and 
implement systems that detect a variety of specific content on 
TV has lowered significantly. In particular, many systems to 
automatically detect TV commercials were developed in recent 
years. The automatic detection of commercials may allow to 
fulfill several needs: i) of the users, who typically wish to 
eliminate the transmitted commercials from their recorded TV 
programs; ii) of the regulators, who need to verify if the TV 
advertising rules are met; iii) of the advertisers, who want to 
check if their contracts with the broadcasters have been fulfilled, 
checking clauses like “which”, “when” and “how many times” 
a given commercial is broadcasted [5]. 

TV commercials detection is a research field were much work 
has been done in the past, but with the evolution of TV 
commercials and regular programming through the years, the 
previously developed systems, are not optimized to today’s TV 
content, therefore the main objective of this thesis is to develop 
a TV commercials detection system that reliably distinguishes 
commercial blocks from regular television programming, in 
current TV content. 
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The system also has the secondary objective of detecting when 
it is producing less accurate detection and, without human 
intervention, gather enough information to correct itself and 
improve its classification accuracy, i.e. when it encounters a TV 
channel where it initially performs poorly. 

The three main contributions of this thesis are; a vast library of 
video sequences captured from twenty-one video channels, 
which in total amount to more than 150 hours of unedited video 
sequences; each video has also a ground truth with the 
transitions between commercials and regular programming, and 
vice-versa, on a frame number basis, that will be made available 
for use in future works. The solution developed in this thesis, 
although with sections based on prior work [3], the approach in 
general can be considered novel with its unique combination of 
machine learning algorithms with traditional time persistence 
based methods. The developed solution also has the capability 
to detect when it is performing poorly and correct itself without 
human intervention. 

II. TV COMMERCIALS OVERVIEW 

In this chapter, the main concepts about TV commercials are 
introduced, starting with the Legal framework - when 
analyzing the TV commercials legal framework that applies to 
Portugal, two sets of laws almost equal in substance can be 
identified. The European Union (EU) directive [3] stipulates that 
per hour of broadcasted TV no more than 20% can be spent on 
commercials and also the need of clear visual separators 
between regular programs and commercials. The Portuguese 
law expands the EU directive by requiring the inclusion of the 
word “Publicidade” in the initial separator and by creating a 
restriction in the sound level of the commercial, that must 
remain the same as in the regular programs [4][5]. 

 

Figure 1 - Typical Structure of a Commercial Block. 

A. Typical Structure of a Commercial Block 

TV commercials are always packed and broadcasted together in 
a so-called commercial block, containing a certain number of 
individual commercials; four main elements can be identified in 
these blocks, depicted in Figure 1: An initial separator which, in 
Portugal, should contain the word “Publicidade”; A set of 
individual commercials;, corresponding to institutional 
commercials or to ordinary commercials; Broadcaster self-
promotion; An end separator. 

B. Intrinsic Characteristics 

The commercials intrinsic characteristics are specific proprieties 
of the TV commercials content, that are used by commercials 
producers in order to attract the viewer´s attention: High scene 
cut rates – because of their shorter duration in comparison with 
regular programming, one of the tricks used by advertisers to 
catch the viewer´s attention is the use of multiple video content 
transitions; these transitions are implemented through hard cuts 
and soft cuts, as fades and dissolves; Text presence – a short 
and clear way to provide information about a certain product is 
to include text on the commercial content; this text can be placed 
in any position of a frame, and this position may change (and 
typically does) along the commercial. Audio level – to allow a 
higher differentiation between a commercial block and a regular 
programming, the audio level may be increased during the 

commercial; however, this is now illegal in Portugal and in some 
other countries. In Portugal, Entidade Reguladora para a 
Comunicação Social (ERC) uses a solution [5] to assess audio 
level infractions based on ITU-R recommendation BS.1770-2 
[6]; Audio jingles – most commercials have background music, 
and some major brands (e.g., McDonald’s) have recurrent audio 
jingles. 

C. Extrinsic characteristics 

The extrinsic characteristics of a commercial are not related to 
the commercial content, being introduced in a post-production 
phase: Commercial block separator – as mentioned before, 
this is a specific video content that may exist at the beginning 
and end of a commercial block and serves to separate the 
aforementioned commercial block from regular programming. 
This characteristic can be used to help identify the beginning and 
end of a commercial block; TV logo absence – in several 
countries (Portugal included) the TV channel logo should be 
removed during commercials. Accordingly, the TV channel logo 
absence can be used as an important hint for commercials 
detection; Time duration – usually, a TV commercial has a 
duration that is a multiple of five seconds, typically between 5 
to 60 seconds. This, along with the maximum duration of 
commercials during an hour of broadcast, imposed by EU 
regulation, can be used by the commercial detection system; 
Commercials repetition – a commercial is usually repeated 
several times during a day, and sometimes it may be also 
repeated during the same commercial block; this characteristic 
has been exploited by the so-called “repetition based” 
commercials detection schemes; Black frames – in the past, 
monochromatic dark frames were commonly used between 
individual commercials; nowadays, the use of these black 
frames has been abandoned in several countries. 

D. Methodologies for Commercial Detection 

The TV commercials detection schemes available on the 
literature can be classified into two major groups: the 
knowledge-based approaches and the repetition-based 
approaches. Some relevant schemes of each group are 
overviewed.  

1) Knowledge-based approaches 

a) Black frames and silence: One of the most exploited 
characteristics on early solutions for commercials detection was 
the existence of delimiting black frames and silence periods. In 
[7], the author proposes a simple method to access the average 
intensity value of a frame, in order to detect black frames in a 
video stream; a frame is considered as “black” whenever its 
average intensity is below a predetermined threshold value. The 
author concluded that 99.98% of the black frame sequences 
identified as potentially belonging to commercial blocks were 
indeed part of a commercial block. Later, Sadlier et al. [8] 
improved the black frames detection and added the detection of 
silent audio frames, by examining the average audio volume 
level of the audio track. With the information from the detection 
of the black frames combined with the detection of the audio 
silence, the chances of successfully detecting the beginning and 
ends of commercial blocks were improved. 

b) High video cuts rate: An intrinsic characteristic worth 
to be exploited for commercials detection is the video cuts rate, 
since this is typically much higher in commercials than on 
regular programming; in fact, as the producers of the 
commercial have limited time to engage the audience, they tend 
to implement very fast cutting and jumping from different video 
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shots, in a small amount of time.  This characteristic was 
exploited by a commercial detection solution proposed in [7]. 

c) TV logo detection: In those countries where the TV 
channel logo is mandatorily removed during commercials, its 
absence can be used as an important hint in commercials 
detection. Of course, this requires the development of accurate 
logo detection solutions, able to differentiate the TV logo 
channel from other types of logos (e.g., brand logos that are 
nowadays sent with some commercials). The method proposed 
in [11] is one of the first solutions exploiting this characteristic. 

d) Motion analysis: A high action level in a shot, which 
can be measured by the motion inside the shot, together with a 
high cuts rate, can provide a way to distinguish commercials 
from regular programming, which tend to have lower levels of 
temporal activity. This idea forms the basis of the method 
proposed by Z. Feng et al. in [9]. 

e) Audio analysis: The analysis of background music can 
be useful for detecting commercials both on radio and on TV 
broadcasting, by searching for sudden silences that are common 
between regular programs and commercial blocks, or even 
between different commercials of the same commercial block. 
In [13], an Audio Scene Change Indicator (ASCI) is proposed to 
help the detection of the commercials boundaries. An audio 
scene is often modeled as a miscellaneous grouping of audio 
sources, some more dominant than others; an audio change is 
said to have happened when the more dominant sources change. 

f) Text Detection: As TV Commercials have a need to 
relay as much information to the viewer as possible, in a small-
time interval, they tend to have more text on the screen than 
regular programming. In [14], the authors propose an algorithm 
based on shot change detection and text detection. The text 
detection component works essentially to detect when the 
trademark of a certain product appears on screen; it computes 
the gradient of the luminance component, relying on the fact that 
text, even on a highly textured background, has both large 
positive and negative gradients in a local region, due to the 
equally distributed character strokes. 

2) Repetition-based approaches 

As before the same TV commercial may be broadcasted multiple 
times during a day. Accordingly, some detection systems have 
been proposed that exploit this characteristic. 

In [9], the authors established the concept of a commercial 
fingerprint, with the following requirements: The ability to make 
fine distinctions between similar TV commercials; Tolerance to 
small differences, between two fingerprints, computed from the 
same commercial but broadcasted at distinct times.The ability to 
quickly calculate and rely on only a few values, so that the 
computation does not take too much time. 

Once the fingerprint of a video segmented is extracted, a 
matching algorithm is applied between it and an already 
computed (and stored) fingerprint.  

Although of more generic use, repetition-based solutions tend to 
be more computationally expensive than knowledge-based ones. 

III. RELATED WORKS 

As mentioned before, in several countries the TV channel logo 
cannot be present during commercials; accordingly, several 
methods proposed on the literature for the commercials 
detection exploits the presence or absence, in the broadcasted 
video content, of the channel logo [9][10].  However, nowadays, 
a TV channel logo has become only one of the many recurrently 
used graphical elements in the screen known as Digital on-

Screen Graphic (DoG). In this context, the methods proposed in 
[9][10] cannot discriminate the different types of DoGs, thus 
preventing an effective TV channel logo detection. In this 
context, the solution proposed in, is based on a DoGs detection 
and classification mechanism, targeting to detect and distinguish 
TV channel logos from other types of DoGs. Although the 
assessment results reported in [11] are quite good, the method 
presents clear limitations, some of which have been identified 
by the author; to get some insight on possible solutions to 
overcome those limitations. 

A. Automatic Detection of Commercial Blocks Based on TV 
Channel Logos Detection: 

Gomes´s approach for commercial blocks detection [12] is 
based on the detection of the TV channel logo,  under the 
assumption that this logo disappears during the full duration of 
the commercial block. However, nowadays, a TV channel logo 
has become only one of the many recurrently used graphical 
elements in the screen known as Digital on-Screen Graphic 
(DoG). In this context, the solution proposed in [5] is based on 
a DoGs detection and classification mechanism, targeting to 
detect and distinguish TV channel logos from other types of 
DoGs. A DoGs database containing the DoGs acquired over 
time is built and continuously updated. A systematic analysis 
and control of the DoGs database is performed to conclude about 
the nature of each detected DoG, with the final target to classify 
each video segment as Regular Program or Commercial Block. 

B. A TV Logo Detection and Recognition Method Based on 
SURF Feature and Bag-of-Words Model: 

In Jingmeng et al. [13] a TV logo detection and recognition 
method is proposed, based on several key steps, namely: i) TV 
logo extraction from a video source using time persistence; ii) 
Speeded up robust features (SURF) extraction from the TV logo 
images; iii) assembling a visual dictionary composed of various 
features per TV channel; and iv) SVM (Support Vector 
Machines) classifier that completes the logo recognition 
procedure. Incorrect depth values (due to inaccurate depth 
estimation or/and depth compression) lead to objects shifts 
and/or resizing in the synthesized views; however, "consistent" 
shifts/resize (i.e., the object maintains its original structure), 
have little impact on the perceived quality [3], [7]. 

C. Automatic Video Logo Detection Based on a Bayesian 
Classifier and a Neural Network: 

The logo detection solution proposed in [14], starts with the 
determination of the TV logo location, based on the time 
persistence at a pixel level, followed by a feature extraction, a 
Bayesian classifier takes this features and selects them based on 
their location, finally a Neural Network that was trained on TV 
logos determines if the remaining feature are part of the TV 
Logo. 

 

Figure 2 – “CM TV” channel video frame with various DoGs.  
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D. Spatial HOG Based TV Logo Detection in a Single Frame: 

In Zhang et al [15], a TV logo detection system is proposed 
that achieves its goal with only a single frame. This is achieved 
with a prior phase in which the system is trained with features, 
extracted from a training library, that include both spatial and 
texture information; these features are then stored in a database. 
The detection phase consists in comparing the features extracted 
from the testing library, with the ones previously stored in the 
database. 

IV. PROPOSED SYSTEM FOR TV COMMERCIALS DETECTION  

The proposed system is tasked with receiving a video 
sequence, segmenting it and performing a classification for each 
segment into either non-regular or regular programming; the 
system was designed to make a decision based on Digital-on-
screen Graphics (DoGs); i.e. TV channel logo, clock, Bottom 
and Top Bar, Sign Language Translator, Program Specific Logo, 
Brand Logo even the TV channel website, some are visible in 
Figure 2. 

A flowchart of the developed system is presented in Figure 3, 
the main sections described, highlighting the rationale behind 
each major decision: 

Post-Processing

Shot Change Detection 
and Segmentation

Testing Videos

Automatic Video
Shot Classification

Temporal 
Coherency-Based 

Classification

Final Report 
Creation

Shot Change Detection 
and Video 

Segmentation

Training Videos

Manual Video Shot 
Classification

CNN Training

Trained
CNN Model

Frame Selection and Processing

Static Areas Detection

Classification Change 
Analysis

Representative Images 
Selection

New Scenario 
Detected?

Yes

Shot Change Detection and Video Segmentation

Figure 3 – Block Diagram of the Proposed System. 

A. Shot Change Detection and Segmentation (SCD) 

The (SCD) section presented in Figure 4; in fact, all the frames 
belonging to the same shot should have the same classification, 
thus segmenting the video in shots may help the classification 
procedure. This block receives a video, computes the luminance 
histogram of each video frame and, based on a histogram 
similarity metric, splits the video in groups of consecutive 
frames with similar histograms, each group being considered as 
a shot. 

1) Frame Luminance Histogram Computation: the SCD 
section starts by computing the luminance histogram of every 
input video frame, followed by the calculating the difference 
between adjacent frames, inside a pre-determined window. 

2) Cut Decision: In this step, the decision to split the video 
into segments is based on a comparison between the previously 
computed adaptive threshold and each previously computed 
frame difference, when higher than the adaptive threshold a 
hard-cut is detected and the video is segmented. 

B. Post-Processing 

The post-processing goal is to transform a video shot in one 
single image, a shot image, representative of all frames inside 
the shot. Figure 5 shows a flowchart depicting the main steps of 
this procedure, which are the following: 

1) Example Frames Extraction: To represent a given 
segmented shot in its entirety, a small number of frames – 
example frames, EF – are extracted from the shot; this allows 
the following steps to work with a much smaller number of 
frames, when comparing with the original number of frames in 
a given shot, thus reducing computational cost. 

Increment Frame

Frame Luminance 
Histogram 

Computation

Video Input

Adaptive Threshold 
Computation

Is Window 
complete ?Increment Frame No

Yes

 Difference between 
consecutive frames > 
Adaptive Threshold

Luminance Histogram 
Comparison 
Computation

No

Yes

Segmented Shot

 

Figure 4 – Block Diagram of the SCD section. 

2) Region of Interest Extraction: After the extraction of the 
EFs, the regions of interest (ROIs) are extracted, one for each 
corner of the frame, example Depicted in Figure 6. 

3) Edge Detection: the goal of retaining only the information 
needed for classifying the original shot. The edge detection is 
performed on each ROI separately, to avoid creating false edges 
from stitching together different frame contents; this also allows 
adaptive thresholds to be computed for each ROI. Since the 
classifier will support its decisions based solely on the extracted 
edges, the method used to perform the edge detection is of 
crucial relevance. A failed detection of an important element, 
like the TV channel logo, will probably originate a wrong 
classification. The first tested method was the Canny edge 
detector [16], with an adaptive threshold computed using the 
Otsu method [17]. The second was the Line Segment Detector 
(LSD) [18] edge detection method wich had better low contrast 
results. 
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Figure 6 – “SIC” Left: Original Frame Right: Grouped ROIs.  

4) Edge Fusion: After the edge detection is performed the 
ROIs are stitched together creating a provisional shot image, for 
every EF in a given shot. To obtain a single image that 
represents the shot in its entirety, a OR logical operation is 
performed on a pixel by pixel level, between every EF in a given 
shot.  

5) Static Area descriptor – Edge Intersection: After the edge 
fusion step, a shot image that represents the shot in one single 
image is obtained. This image occasionally possesses too much 
detail, which has a destabilizing effect on the classifier, too 
much detail often leads to wrong classifications. To reduce noise 
in the image an And logical operation, on a pixel by pixel basis 
is performed. The intersection operation is performed between 
shot images. The edge intersection functions in a sliding window 
with a predetermined number of frames, after the edge fusion is 
perform inside the shot, between its EFs the resulting shot image 
is intersected with the previous shot images, resulting in a final 
shot image.  

C. Automatic Video Shot CNN-Based Classification 

This section depicted in Figure 7, encompasses everything 
related to the CNN classifier chosen for this system. 

Training Phase Classification Phase

Final Shot Image

Manual Classification

CNN Training

Trained CNN Model

Labeled Final Shot 
Image

Final Shot Image

Shot Classification

Classified Final
Shot Image

 

Figure 7 – Automatic Video Shot CNN-Based Classification section 
flowchart. 

1) Chosen CNN – Inception Architecture:  When developing 
a system that will require a CNN based classifier, one of two 
options can be taken: either to design a CNN from scratch or to 
use a CNN that has most of the layers already pre-trained. In this 
dissertation, it was decided to use a pre-trained CNN, namely 

the Inception model-v3 [19], developed by Google for image 
recognition tasks. The main points justifying this option were: 
Limited Hardware – The Inception model was trained on 50 
Nvidia Kepler GPU [27], but the hardware available in this work 
was just one mid-tier GPU (GTX 1060 3GB); Sample Size – The 
number of video samples collected during this dissertation are 
enough for re-training the CNN, but not for training the CNN 
from the scratch; for this, a much higher number of samples 
would be necessary; Time – to enable the optimal setting of the 
final classifier parameters, the retraining time is critical; 
Classification Accuracy  – it was the winner of ILSVRC 
challenge in 2014 [20], a multi-class classification challenge. 

2) Data input Optimizations: A decision was made to lower 
computation time during the training stage by reducing the 
number of information in the final shot images the classifier 
receives, these optimizations were carried out in previous 
sections (SCD and Post-Processing). This is the reason why 
Binary images are used along with only the ROIs, and classifier 
only receiving one image per shot, Final Shot Image. 

a) Manual Video Shot Classification – Training Phase: In 
the training phase, the CNN classifier receives two sets of 
manually selected final shot images, representing the regular and 
non-regular classes. When manually classifying some shot 
images can be challenging to classify, the select images must be 
easily classified by a human, if the image is too hard to 
distinguish it is not used. 

b) Automatic Video Shot Classification – Classification 
Phase: In this stage, the trained model is used to classify shot 
images that are obtained from the testing videos library. The 
process consists of classifying one final shot image at a time, the 
CNN gives back two parameters in its classification. Class, the 
CNN attributes a classification to the query image, regular or 
non-regular programming; Level of confidence, a percentage is 
given associated with the classification, because the 
classification is binary it is mutually exclusive, meaning if a 
query image is given the classification regular with 70% level of 
confidence, there is also a 30% non-regular classification for the 
same query image. 
3) CNN Classification – it does not consider in its decision, 
temporal correlation. A receiving image is not treated as part of 
a video there is no correlation between consecutive frames, and 
the CNN does not take into account the origin of the shot images, 
e.g. they belong to the same video. The following sections of the 
solution take this into account, in order to correct 
misclassifications.A simple experiment was performed to better 
understand how the CNN classifies, this was done with an image 
classified with 99,9% regular and by removing elements 
artificially the Table 1 shows the results from Figure 8. 

D. Temporal Coherency-Based Classification 

The Temporal Coherency-Based Classification is a section, 
depicted in Figure 9, that receives the classification from the 
CNN classifier and by taking advantage of the temporal 
coherence between consecutive shots, performs an analysis that 
will result in the reclassification of some shots. 
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Figure 8 – RTP 1 final shot image, with canny edge detection, with Otsu 
Thresholding. 

The creation of this section came from the shortcomings of 
previous sections: Lack of Temporal Coherency – the CNN 
classifier does not take into account temporal coherency, 
meaning it classifies a query shot image without taking into 
consideration what classification it gave to previous shots, 
leading to erratic classifications, were the class of consecutive 
shots changes more than normal inside a shot amount of time, 
e.g. in a minute changes three or more times. Failed Edge 
Detection – the edge detection, as stated before, occasionally 
fails to capture elements of interest, the CNN classifier, alone 
cannot compensate for those deficiencies, resulting in a 
misclassification. Typical Programming Structure – regular 
programming is much more frequent then non-regular 
programming, with a ratio close to 4:1 [3] respectively, also 
shots with the same classification tend to be grouped together in 
time, e.g. Commercial Blocks. The CNN does not have this 
knowledge. 

Table 1 – Level of confidence study results. 

Element(s) Removed Level of Confidence 

Channel Logo 98.5% 

Channel Number 99.8% 

Teletext Box 99.6% 

Clock 99.0% 

Sign Language Translator 99.1% 

Website 97.4% 

Channel Logo and Number 98.9% 

Channel Logo and Number + Teletext Box 94.6% 

The input used in this section, ordered by importance are: Type 
of Programming – the most important parameter is the class 
that was given by the CNN, regular or non-regular 
programming. Level of Confidence – usually higher levels of 
confidence are related to a more accurate classification. Shot 
Duration – usually a higher shot duration results in a more 
accurate classification, this comes from the Edge Intersection 
removing most of the unwanted elements when a shot has a 
higher duration. 

In order to correctly reclassify shots an approach based on a 
moving window, was designed. The moving window is made of 
a varying amount of consecutive shots, depending on their total 
time duration, where the reclassification occurs. Inside the 

window, a search for a Commercial Block is performed, by 
finding a beginning and an end of the block. This boundary shots 
are called Anchor Shots and are the basis of the reclassification 
algorithm. Another approach was developed, a simple isolated 
shots detection and correction algorithm, that encounters shots 
classified with a different class than the imitate neighbors, it is 
useful to windows where the main approach fails. 

The final classification of a video input is computed in this 
section, resulting in a final report with a classification for every 
video segment, of the original video input. 

E. Automatic Learning 

The CNN was trained on a fixed library of videos and although 
there is a dedicated section to correct misclassifications, the 
Temporal Coherency-Based Classification section, the global 
solution has a necessity to adapt to scenarios it was not trained 
for, e.g. new TV channels, TV channels with great logo 
variations in texture and even position. 

Classified Shot

Shots Duration > 
TempWindowTH Increment Shot

TempWindow

Anchor Shots 
computation

Re-Classification

Reclassified 
Tempwindow Shots

No

Yes

 

Figure 9 – Temporal Coherency-Based Classification section 
flowchart. 

In order to meet these requirements, a section named Automatic 
Learning, depicted in Figure 10, was designed to perform two 
important tasks, to detect new when new scenarios are 
occurring, called Classification Analysis Change  and to select 
new shot images to re-train the CNN, Representative Image 
Selection. 

The global solution needs to be able to detect when it should 
learn, this feature is based on the frequency that the CNN 
changes classification between consecutive shots. When the 
CNN is rapidly changing between the two classifications, 
usually the classification has errors, because commercials are 
usually grouped together, resulting in blocks of both regular and 
non-regular consecutive shots, Classification Analysis Change. 

After a new scenario is detected, the system needs to acquire 
good training material without human supervision. If the CNN 
is trained with misclassified shot images, a positive feedback 
cycle is created, resulting in a CNN that after every training 
session, it produces worst results. 
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Classification Analysis Change Representative Images Selection 

Classified Shot

Retrained Classifier

Level of 
conficence > 
AutoLevelTH 

CNN Retraining

Shot Duration > 
AutoDurationTH 

Yes

Yes

Classified Shot

Shots Duration >
ReTraining Time 

Yes

Yes

Increment ShotNo

Average classification 
change computation  

Average Change > 
ClassChangeTH

Increment ShotNo

No

 
Figure 10 – Automatic Learning flowchart. 

When designing the Automatic Learning Process two 
precautions were taken to obtain good training shot images, the 
classifications are obtained from the Temporal-Coherency 
Based Classification section, which is usually more accurate 
than the classifications obtained directly from the CNN and 
strict selection parameters of the new training shot images. 

V. PERFOMANCE ASSESSMENT 

An assessment of the thesis solution is conducted, with each 
major being assessed to determine if the individual sections are 
performing according to expectations. 

A. Test Material 

1) SCD Analysis A Video Library - The first and smallest is 
used for Analysis A of the SCD section composed of only four 
small videos taken from the video library used in Gome’s [11]. 
They were used because they were provided with accompanying 
files with every frame number where a hard cut occurred. 

2) Training Video Library - was assembled with the top 
twelve most viewed TV channels in Portugal based on [21]. The 
video sequences were captured within a week with capture time 
being mainly between 9 am to 11 pm, optimally there would be 
only one video per channel and with a constant time duration but 
in fact, the capture card had problems going above three hours 
of continuous recording. The solution was a review of the 
captured content and when not satisfied with the lack of content 
diversity per channel, e.g. only capturing TV news in a particular 
channel, a second or even third video was recorded of the same 
channel. The final time duration is more than 105 hours of video. 

3) Testing Video Library - The Training Library can only be 
used to train, it would be of little value to demonstrate a CNN 
classifying the same videos used in the training phase, therefore 
the Testing Library was assembled, composed of 26 videos from 
21 TV channels, with more than 38 hours of video footage 
captured with more than a month of distance to the Training 
Library, it is separated into two subsets: 

4) Automatic Learning Library - The assembled library, has 
six videos with a total duration of six hours, the videos were 
captured with one-hour duration to simulate a real-world 
scenario were the Automatic Learning section uses one hour as 
a unit. 

B. Metrics 

The goal of performing an assessment for each section of the 
solution is to determine how well each section is performing its 
designated function. 

Accuracy (Acc) – the proportion between true results (true 
positives and true negatives) and the total number of cases (1); 
Precision – the proportion between events classified correctly 
as positive and all positive classified events, defined in (2); 
Recall – the proportion between events classified correctly as 
positives and the actual number of positive events (3) F1-Score 
(F1) – the F1 score is the harmonic mean between Precision and 
Recall (4);  

𝐴𝑐𝑐 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (1) 

𝑃𝑟𝑒𝑐 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3) 

𝐹1 =  2 ×
𝑃𝑟𝑒𝑐 × Recall

𝑃𝑟𝑒𝑐 + Recall 
 (4) 

C. Results and Analysis 

1) SCD Assessment  

a)  Analysis A – shows a successful reduction of false 
negatives, when comparing with the parameters used in Gome´s 
thesis [11], as shown in Table 2, G for Gome´s parameters[11], 
F for final parameters, a true event is the detection of a Hard-cut. 
Table 2 – SCD Analysis A results. 

Video Name Biggs aBolaComPub Rtp1comPub Hw1 

 G F G F G F G F 

TP 43 46 61 62 63 66 45 49 

FP 3 6 12 25 7 14 0 1 

FN 6 3 10 9 9 6 10 6 

Recall % 88 94 86 87 88 92 82 89 

Precision % 94 89 84 73 90 83 100 98 

F1 % 91 91 85 80 89 87 90 93 

With G been the values of Gome´s and F the final parameters 

b) Analysis B –  the goal was to assess if the SCD section 
is detecting the transitions between regular and non-regular 
programming, and the contrary, because the objective of the 
SCD is to provide the classifier, a group of video frames (shot) 
with the same type of classification, if the SCD fails to identify 
a transition frame, the classifier will receive a shot that contains 
characteristics from both regular and non-regular programming, 
this will lead to a wrong classification, therefore, a majority of 
videos from videos from the testing library was manually 
classified with regular programming shots and non-regular 
programming shots, resulting in a Special Ground Truth 
consisting of frame numbers from the first frame of a different 
type of programming that the one before. The new analysis was 
performed with 13 videos, which in total almost reach 30 hours 
of video, and 110 transitions. The results are optimal, every 
transition between regular and non-regular programming and the 
contrary are detected.There were no cases of failing to detect a 
transition between regular programming and commercial 
blocks, or vice-versa, this can be easily attributed to the EU 
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legislation in effect that states, “quite distinct from other parts of 
the programme by optical and/or acoustic and/or spatial 
means”[3], this ensures that even with imperfect hard cut 
detection, the separation between regular programming and 
commercial blocks is detected because, in order to conform to 
the regulation and avoid fines, the TV Broadcasters are required 
to make the transition distinct to the user, therefore also detected 
by the SCD.  

2) Automatic Video Shot CNN-Based Classification 
assessment: The Post-Processing section has a variety of 
combinations of different parameters, therefore, the assessment 
must be conducted separately. For every testing scenarios (a 
unique combination of the parameters) an analysis was 
conducted. The parameters of the SCD and Post-Processing 
sections are displayed in Table 3, each combination of 
parameters originates a CNN trained and tested with final shot 
images from the Training and Testing Libraries. 

Table 3 – Parameters for each testing scenarios. 

# Edge Detection 
Method 

EF 
Max 

EI
WS 

Final Shot 
Image Type 

1 Canny 10 5 Binary 

2 LSD 10 5 Binary 

3 LSD 3 No Binary 

4 Canny 3 No Binary 

5 Canny 3 3 Binary 

6 LSD 3 3 Binary 

7 No No No Grayscale 

8 No No No Color 

With EF max being the maximum number of EF and EIWS 
being the size of the edge intersection window. 

They are six main scenarios, 1 and 2 have similar conditions, 
Post-Processing parameters, to the ones used in Gome’s thesis 
[11]. 3 and 4 scenarios were conducted to assess if the edge 
intersection used previously had a negative effect on the results. 
8 and 9 was a compromise between the previous scenarios, with 
a smaller Edge Intersection window and a reduced number of 
EFs, which has excepted resulted in images with less noise and 
fewer artifacts caused by the Edge Intersection. 

The final two testing scenarios, 7 and 8 were conducted to 
assess if the choice of reducing the information given top the 
CNN classifier was correct. The Post-Processing section for this 
two testing scenarios only performs the selection of a single EF 
per shot. The selected EF is located in the middle of the shot, 
followed by the ROIs extraction and stitching. No edge detection 
is computed, therefore there is no edge fusion or intersection 
steps. The stitched together ROI´s are then delivered to the 
Automatic Video Shot CNN-Based Classification. 

To obtain comparable results all CNN´s were trained with the 
same training parameters for the CNN, depicted in Table 3, with 
training sets of images of similar size; for every testing scenarios 
a new analysis of the training samples was performed, to avoid 
undesirable training samples, this process is extremely time 
consuming since for every testing condition relates to more than 
140000 images that need to be examined for training proposes. 
The code used for re-training the Inception Architecture is 
available at [22], provided by Google. 

The metric of most importance to this thesis is accuracy, for 
the expected applications the ability to correctly classify a shot 
in its correct type is crucial, therefore for each testing scenario 
the average accuracy of all videos in each Testing library sub-
set will be displayed. A type of programming detection system 
also needs to be evaluated with its best accuracy value and the 
worst accuracy value. These three combined values allow a 
correct assessment of a TV commercial detection system. 

In Table 4 the improvements, with exceptions, of the accuracy 
results are displayed, some considerations can be made: 

All – The Anchor Shot approach achieves better results in Not-
Trained videos when comparing with Already Trained videos. It 
also rarely reduces accuracy values, in 48 values it reduces the 
accuracy in only 4, 8 % of total cases if the 7 and 8 are removed 
the number lowers to 2.The accuracy improvements are in 
average higher in the worst accuracy values, this is achieved 
without penalizing the results in the best accuracy values, which 
was a major concern when developing this approach. 

Table 4 – Original Accuracy Classifications Results for the Testing 
Library. 

Original Classification Accuracy Results 

# 

Already Trained Not Trained 

Av% B% W% Av% B% B% 

1 93 100 82 81 97 57 

2 94 99 82 75 97 47 

3 87 100 76 75 94 33 

4 89 100 73 69 91 46 

5 96 99 88 69 98 46 

6 94 99 86 73 98 49 

7 93 99 72 57 92 20 

8 93 100 82 56 93 29 

With Av being average value, B best value, W the Worst value. 

1,2,3,4,5 and 6 – the Anchor Shot approach increases the 
average and worst-case accuracy in all testing scenarios, except 
the 7 and 8. 

7 and 8 – an observation can be made when looking at the 
results in 7 and 8, the Anchor Shot approach when given very 
low accuracy results, less than 30%, it significantly worsens 
them, meaning this section cannot rectify below 30% accuracy. 

3) Temporal Coherency-Based Classification Video Shot 
CNN-Based Classification assessment: 

 The Temporal Coherency-Based Classification has two 
reclassifying approaches, the Anchor Shot based and Simple 
Isolation Detection approaches, however, the Simple Isolation 
Detection is not deployed by itself, only as an auxiliary to the 
Anchor Shot approach, the results of the combined approach is 
depicted in Table 5. 

In the obtained results and their separation into six values to 
study per testing scenarios make a decision an act of balance 
between higher priority values.  

The testing scenarios with an overall better result is the 1 it has 
the highest accuracy value in two categories, Not-Trained 
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average and worst results, and it is well positioned for all other 
values. 

For reasons that will be explained in the next section a testing 
condition with LSD Edge Detection, from 2 and 6 will be 
chosen, 3 was discarded previously. 

The chosen testing condition with LSD Edge Detections is 6 all 
but the average accuracy value for the Not-Trained sub-set 
videos, values are higher than 2. 

1) Automatic Learning Assessment: performs two tasks, the 
detection of a new scenario to learn from (Classification Change 
Analysis) and the selection process of new shot images to train 
the CNN with when the new scenario is detected (Representative 
Image Selection). 

Table 5 – Final Temporal Coherency-Based Classification Accuracy 
Results. 

Anchor Shot + Simple Isolated Detection Accuracy Results 

# Trained Not Trained 

Av% B% W% Av% B% W% 

1 97 99 90 88 98 69 

2 96 100 86 82 99 51 

3 93 99 88 82 100 34 

4 95 100 87 77 97 51 

5 98 100 94 75 99 51 

6 97 100 92 79 99 54 

7 97 100 84 64 99 11 

8 96 100 87 62 98 18 

With Av being average value, B best value, W the Worst value. 

a) Classification Change Analysis –Test 1 although most 
of the Already-Trained videos have a lower number of 
classification changes between consecutive shots, there are 
some TV channels were this does not occur, for example: AXN 
and FOX – have a higher value when both channels belong to 
the Already Trained sub-set, this will result in unnecessary re-
training of the CNN classifier; Eurosport 1 and RTP 1 – have 
higher results than Not-Trained videos. An additional 
observation, the AXN White channel has a very similar TV 
channel logo to the AXN channel classification seems to 
indicate that the AXN White belongs to a trained scenario when 
the AXN channel does not, when in reality they should have 
their positions switched, or in the best case because of the logo 
similarities both should have low classification change results. 
The results of Test 6 show a perfectly separated classification 
change, therefore it will be chosen. 

b) Representative Image Selection: The system is proven 
to detect when it should begin learning a new scenario, the 
Automatic Learning section has a process to select the new shot 
images it will use to re-train the CNN classifier. After the 
detection occurred, the previously obtained shot images along 
with their classifications, the original from the CNN classifier 
and the final classification from the Temporal Coherency-Based 
Classification, are used for the selection process. The results for 
test 6 learning a new TV channel are depicted in Table 6. 

 

Table 6 – Test 6 Discovery Channel automatic learning results. 

# OG Acc 
AS+S 

Acc Video Ingested 
Average 

Change Cl 
Selected 
Images 

OG 50% 55% 

1 71% 75% Discovery_1H_DB 0.238 96 

2 86% 92% Discovery_1H_DC 0.144 847 

VI. CONCLUSIONS AND FUTURE WORK 

The developed system shows two main strengths; the use of a 
pre-trained CNN, when the papers reviewed in this thesis choose 
to utilize their own machine learning models when in the present 
day various pre-trained architectures are available for usage; 
these pre-trained models have compared to the average 
researcher, in their initial training phase access to an incredibly 
large amount of computational power, which can be used in 
more specific uses as proved by these thesis results. 

The ability for the developed system to detect when it is 
performing poorly and to acquire the training data it needs to 
return the classifications to their normal high level of accuracy 
it’s the most important part of the Global Solution. Additionally, 
the accuracy improvements achieved with the Anchor Shot and 
Simple Isolation Detection approaches are interesting for a very 
low computational cost. The use of the four corners of the video 
frame at all times gives more robustness to the Global Solution 
by enabling the CNN classifier to learn more elements than the 
TV channel logo it gives a larger redundancy against hard to 
identify cases because of background diversity and/or poor edge 
detection. 

The final results obtained validate the approach taken in this 
thesis for a system capable of distinguishing between regular 
and non-regular programming, there are various areas that could 
be improved with further work, namely: 

Larger Dataset – although the dataset used in this thesis almost 
reaches 200 hours of recorded video from a large variety of TV 
channels, the dataset can always be expanded with more hours 
per channel and more importantly more TV channels, perhaps 
even from different countries. All TV channels captured are 
from Portuguese TV channels by including other countries in the 
dataset it would make the Global Solution a classification 
system with broader appeal. 

A new SCD method – the SCD section used in this thesis overly 
sensitive to small luminance changes, a more complex method 
could more easily avoid false negatives and still detect all 
transactions between commercials and regular programming.  

Recurrent Neural Network – Recurrent Neural Networks 
(RNNs) are CNNs with at least one feedback loop connection, 
this enables the CNN to learn temporal patterns, which could be 
used in TV commercials detection, where the TV channels 
display temporal loops of regular and non-regular 
programming. In this thesis a section was created to address the 
lack of internal memory the CNN has, this could perhaps be 
resolved with the deployment of an RNN. 
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