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Abstract — Adaptive streaming over Hyper-Text Transport 

protocol (HTTP) is the new trend in video delivery on the 
Internet and is expected to be supported by consumer 
electronic devices such as Blu-ray players and DVRs. 
Proprietary solutions have been around for a couple of years 
and standardization efforts are entering the final stage.  In 
order to make this platform successful, optimized content 
preparation algorithms are needed.  We propose a content-
based segmentation process for adaptive streaming over 
HTTP. This solution offers a good balance between network 
delivery requirements and rate-distortion (RD) performance. 
Resulting video stream is tailored for better quality of 
experience (QoE) for the end user. Experiments confirm that 
our algorithm outperforms popular segmentation techniques 
and saves10% of bandwidth on average for the same objective 
quality levels. This saving is significant given the volume of 
traffic that video delivery generates every day on the 
Internet.1. 
 

Index Terms — Adaptive streaming over HTTP, DASH, video 
delivery, video coding.  

I. INTRODUCTION 

In recent years an obvious need emerged to improve the 
way the video content is delivered over the Internet. As 
multimedia consumption became significant part of the overall 
traffic usage, coupled with the emergence of mobile browsing 
content, providers needed a reliable and robust way to deliver 
content to end users. In order to simplify the process of 
content management and delivery and overcome limitations of 
streaming video through firewalls, leading companies adopted 
streaming over HTTP as predominant way of video streaming. 
Since video service providers have no control over bandwidth 
availability over the Internet, adaptive streaming is employed 
to provide uninterrupted video delivery even as the available 
bandwidth varies. These solutions have been around for a 
couple of years with most popular implementations being 
Smooth Streaming , HTTP Dynamic Streaming [1], and HTTP 
Live Streaming - HLS [2]. All solutions have the same 
underlying architecture - server side contains segmented video 
sequences and manifest file that describes content properties 
and lists segment URLs. Segments are offered at different 
bitrate levels which allow switching between bitrates when 
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needed. Client side decides what bitrate segment to download 
based on the current bandwidth conditions and other factors, 
such as CPU and memory usage.  

Since these proprietary protocols do not interoperate and 
given the industry need to have a common standard, MPEG 
decided to start efforts on standardizing this platform which 
resulted in Dynamic Adaptive Streaming over HTTP (DASH) 
specification [3]. Adaptive streaming is already widely used to 
deliver online video services. One of the most popular services 
using adaptive streaming over HTTP is the on-demand video 
services that provide movies, TV shows, and other videos to 
paid subscribers.  Recent reports on Internet usage show  that 
in North America rate-adaptive video which represents the 
majority of video bandwidth accounts for more than 33% of 
peak downstream traffic and has become the largest source of 
Internet traffic overall [4]. Currently, real-time entertainment 
applications consume 60% of peak aggregate traffic, up from 
29.5% in 2009 – more than 100% increase. At these large 
consumption rates, even modest reductions in video bitrates 
would result in significant reduction in infrastructure costs. It 
is essential to investigate possible optimizations that would 
introduce savings in bandwidth related to video content.    

II. RELATED WORK 

Publication of the first draft versions of DASH specification 
prompted efforts toward optimization of adaptive HTTP 
streaming. Most of the publications propose models for better 
control of network parameters and are concerned exclusively 
with performance related to underlying network. Proposed 
solutions include better adaptation logic on client side that 
implements enhanced bandwidth estimation [5], using specific 
codecs, namely H.264 Scalable Video Coding extension 
(SVC) for content preparation instead of H.264 Advanced 
Video Coding (AVC) in order to allow better caching 
performance of underlying network and hence better hit ratio 
[6],[7]. In [8] authors proposed fast estimation of available 
bandwidth that can be implemented in adaptation logic at the 
client. All of these proposed solutions either require 
significant additions to common workflow or they require 
client side modifications. While the advantages of these 
approaches were clearly shown in respective publications, 
content encoding was not addressed. Our work addresses the 
problem of optimizing content encoding to reduce the bitrates 
used in video services. Our approach can be used with other 
delivery optimization solutions for HTTP streaming. It is also 
generally applicable to any adaptive streaming platform and 
doesn’t depend on the specific coding or delivery method that 
might be implemented. 
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III. CONTENT AWARE ENCODING AND SEGMENTATION 

The main part of adaptive streaming workflow is content 
preparation, since it should be done in the most generalized 
fashion that is going to allow the best user experience in any 
network conditions. While the performance of adaptive 
streaming can be adjusted by using good adaptive algorithms 
on the client side, encoding and segmentation are done once 
and still represent the most important component of the whole 
system. It is our opinion that those are the reasons for more 
careful crafting of optimized encoding and segmentation 
techniques. Current commercial implementations use 
approaches in which all content is encoded using simplified 
H.264 baseline profile. In this simplified structure each 
segment starts with an I-frame and rest of the frames are coded 
as predicted frames (P-frames). We will denote this structure 
as IPPP. This encoding strategy is usually chosen to simplify 
requirements for encoder capabilities. Encoders in such 
implementations do not consider video content, but just insert 
I-frames at regular frame intervals to create constant length 
segments. This way encoder does not need to analyze frames 
in order to determine the optimal I-frame placing. However, 
this simplification sacrifices the RD performance as frames at 
scene changes and other potential I-frames are coded as P-
frames. The H.264 baseline profile is selected since the most 
of the service providers target mobile device users and some 
of the devices do not support higher profiles. Baseline profile 
allows I-frames to be placed at scene changes and have 
segments with mo than one I-frame; we will denote this 
structure as IPIP. Both structures are taken into consideration 
in our model. We will now discuss encoding and segmentation 
as well as the details of our algorithm. 

The focus in further analysis will be on three different ways 
to encode and segment video for adaptive streaming: constant 
length segments with fixed duration ( “Fixed 2s” and “Fixed 
10s” for 2 seconds and 10 seconds durations), segments that 
are aligned with scenes – in other words all scene cuts are 
used as segment boundaries (denoted  “Scenecuts”) and 
segments obtained with our algorithm that chooses optimal 
candidates among scene changes for segment boundaries 
(denoted “Optimized”). All approaches will be evaluated for 
both IPPP and IPIP structures in our experiments. 

As we already indicated, the goal of our approach is to find 
optimal tradeoff between good RD performance and close to 
constant segment length. In order to achieve this goal we 
propose an approach that uses scene changes for key frame 
placement and analyzes which of the frames are optimal for 
segment boundaries.  

The steps included in our algorithm are shown in Figure 1. 
The first step is to perform scene change detection. It can 
either be done offline on raw video frames or it can be done 
during the first pass encoding. Most of the H.264 encoders in 
use today incorporate some scene detection technique. It can 
either be simple differential analysis where some threshold is 
used to signal change between consecutive frames or it can be 
advanced method such as the ones proposed in [9]-[11]. In our 
experiments we used simple differential method (that method    

is used also by default in x264, the open source H.264 encoder 
that we tested). In any case this should not produce much 
overhead even in the cases where the content has to be 
transcoded. In such case encoder might use simplified 
structure IPPP and we have to do pre-processing in order to 
supply encoder with a list of I-frames. 
Once this step is completed, I-frames are inserted in the 
designated scene change positions. Since we now have 
information about all scene durations we can decide which the 
optimal segment duration is and whether we need additional I-
frames. The only parameter needed in the algorithm is “t” – 
the maximum segment duration. It is usually expressed in 
seconds (s). This segment duration parameter is compliant 
with adaptive HTTP streaming protocols such as DASH and 
HLS specifications. Obviously, if we have two scene changes 
that are separated by more than t seconds we have to insert 
one or more additional I-frames. Since we want lowest 
possible variability in duration of segments we insert the 
segments in regular and equal periods between two I-frames. 
In figure 1 we are describing this as step 3 in the process and 
loop is shown only for the case where one additional I-frame 
is inserted. In general, period is divided by the number of 
additional frames – d:       

                                   1k kl l

d
 

                                     (1) 

 

Although we could use information about overall average and 
variance of the set of all scene cut durations and derive more 
customized period division, it would introduce complexity that 

Fig. 1. Diagram with all the steps in our algorithm – from encoding stage 
to segmentation stage 
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is not justified by the overall performance. Also, this is the 
only approach that can be used in the case of the live 
streaming since we don’t have information about the future 
scene changes.  After additional I-frames are inserted we have 
a final list of frames for the video sequence. Next step is the 
core of our algorithm – selecting optimal frames for segment 
boundaries.  
After previous step it is ensured that we have enough I-frames 
to segment the sequence so that the longest segment duration 
is at most t seconds. In this step the goal is to select only the I-
frames that are needed to satisfy that requirement and to make 
sure that the selected key frames are going to allow for the 
highest possible RD performance.  

There are two criteria governing the selection process. First 
is the segment duration limit which has to be satisfied for 
every consecutive boundary frame. This is achieved by 
selecting the frames that are separated by less than T frames, 
where T is calculated as: 

  
                                  T f t                                              (2) 
 

where f is frame rate with which the content is encoded. 
The existence of the set of satisfying key frames for this 
process is guaranteed from the previous step. In case of IPIP 
structure, the boundary selection process is completed after 
this step. The RD performance of the resulting segmented 
stream is always equal to the RD performance of the source 
sequence, because no changes to frame types are done. 
However, if we have to discard I-frames and introduce P-
frames instead (which is the case for IPPP structure) we have 
to introduce second criterion for frame selection. This 
criterion is enforced if two consecutive I-frames that are 
candidates for segment boundary are very close (this can be 

defined by using additional threshold). In this case the I-
frame is selected if it precedes longer P-frame sequence. In 
other words we will keep the frame on which more P-frames 
depend. For example, if we have a sequence A = 
…IPPPIPPPPPPPIPP… and B = IPPPPPPIPPPIPP… in 
which we denoted first and second I-frame as candidates for 
segment boundary (because third I-frame is more than t 
seconds from previous boundary), we will select second I-
frame in sequence A and first I frame in sequence B. After 
we transform other frames to P-frames (because of IPPP 
requirement) we have ensured that new sequence has the best 
possible RD performance compared to other alternatives, 
because we preserved the longest sequence of frame 
selection from original sequence which has optimal RD 
characteristic. In next section we will show through set of 
experiments that our solution indeed produces best RD 
performance. 

IV.  PERFORMANCE EVALUATION 

In order to test our hypothesis we conducted segmentation 
experiments on small dataset of popular high definition (HD) 
videos. We used videos from the most popular online 
streaming website library that have the most views in HD 
categories for sport (“Sport”), music video (“Music”), 
animated Japanese cartoon (“Anime”) and short promotional 
video (“Promo”). We added two video clips from movies 
designated “Movie1” and “Movie2”, chosen because the first 
one has significant number of scene cuts and high motion 
activity, whether second one is the opposite – long scenes with 
low motion activity. Scene cuts in all the test sequences are 
shown in Figure 2. Every dot on the timeline represents a 
scene change and hence I-frame in the encoded stream. 

Fig. 2. Timeline diagram showing scene cuts for all six test sequences 
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Fig. 3. Download timing of segments for segmentation on scenecuts 
 
We randomly selected and encoded one minute of content 
from each video. For encoding we used x264, an open source 
H.264 encoder [12]. All sequences were encoded using 
Baseline profile as it is the most popular choice for video 
streaming that includes mobile phone users with limited 
decoding capabilities. Since we found out that most of the 
available content for mobile users is encoded using IPPP 
structure, we decided to encode videos both in that mode and 
in regular baseline mode that inserts I-frames on scenecuts.  

This allows us to examine the effect of group-of-pictures 
(GOP) structure on the proposed solution.   

Before comparing our algorithm to fixed segment duration 
we segmented video sequences such that scene changes are at 
the segment boundaries. This seems like the natural way to 
segment sequences as it guarantees highest RD performance.  

We simulated download of the segments in a stable 
bandwidth network environment. User is buffers content for 
10 seconds and always downloads highest possible bitrate 
(closest to current bandwidth). We measure arrival times and 
playback times for every segment.  
    If at any point in time segment arrival time exceeds playout 
time the video playback is interrupted on the user side, hence, 
lowering the quality of user experience.  

 
Fig. 4. Download timing of segments for optimized segmentation 

 
In Figure 3 the arrival and playout times are shown for 

sequences “Sport” and “Movie1” when segmentation is done 
at the scenecuts. As we can see, for first sequence segments 2 
and 3 arrive too late (red dots), while for second sequence last 
segment is downloaded too late and user has to wait for almost 
20 seconds for movie to resume. This is clearly unacceptable 
for any user. This shows that the segmentation on scene 
changes is not suitable for video streaming as there might be 
movies with scenes that are too long or have high variance in 
scene duration. After applying our algorithm the delivery time 
always precedes playback time as shown in Figure 4.  

Second set of experiments were designed for comparing our 
algorithm with fixed length encoding and segmentation which 
is predominant technique for content preparation used by most 
of the providers.  

First we compared fixed length segmentation for different 
segment durations and concluded that longer segments 
produce better RD performance. Going from 2 seconds to 10 
seconds improved quality for the same bitrate levels. This can 
be explained by the amount of additional I-frames that are 
inserted in these cases. For longer segments fewer additional 
I-frames are inserted at fixed intervals. Since probability that 
these keyframes will miss the scene change is high, with every 
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additional frame that is added the RD performance 
deteriorates and hence for shortest segments (most keyframes 
inserted) the RD performance is degraded the most. This is 
exactly the reason why in our algorithm we are selecting scene 
changes for segment boundaries and inserting additional I-
frames only when necessary to meet segment length 
requirements.  

We encoded and segmented sequences into three versions – 
fixed 2 seconds, fixed 10 seconds and optimized with 
maximum duration of 10 seconds. 

All sequences were encoded at four bitrates: 500, 1000,   
1500 and 2000 kilobits per second (kbps). For all six 

sequences our approach produced better results than both of 
the fixed implementations. We can see on the plots in Figure 5 
that worst performance was achieved by fixed segmentation 
with 2 seconds segments. We included “Scenecuts” 
performance as a reference, although it is not usable for 
streaming because of high variability in segment duration. For 
the sequences that have IPIP structure our algorithm performs 
identical to “Scenecuts” if no additional I-frames are inserted. 
However, for the sequences such as “Movie 1” where there are 
very long scenes that have to be segmented, the performance 
is lower, but still above fixed duration segmentation, because 
most of the I-frames on scene changes are preserved.  The 

Fig. 5. RD performance plots for selected sequences (“Anime”,  “Movie 1” and “Music”) for both GOP structures. 
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same is true for sequences with IPPP structure, but because of 
enforcement of simple structure RD performance is 
additionally degraded compared to “Scenecuts”. The results 
for all six sequences are shown in Table 1. Results are 
calculated for the lowest and highest joint quality level – for 
the lowest benchmark the 500 kbps level of optimized 
sequence is used and for the highest benchmark we used 2000 
kbps level of fixed 2 seconds sequence. Quality levels are 
different across sequences for the same bitrate levels because 
of the type of content – highest quality is achieved for the 
animated sequence while the lowest is for music video 
because of high motion activity and lot of scene changes. 
However, for all quality levels and for all content types our 
approach produced better RD performance and consequently 
bandwidth savings.  

 
TABLE I 

RD VALUES FOR THE LOWEST AND HIGHEST COMPARABLE QUALITY 
Sequence name Y-PSNR 

(dB) 
Opt. 

(kbps) 
Fix. 10s 
(kbps) 

Fix. 2s 
(kbps) 

Anime IPPP 38 500 545 575 
 47.8 1850 1930 2000 
Anime IPIP 38 500 530 565 
 47.8 1800 1920 2000 
Promo IPPP 37 500 555 615 
 48 1800 1920 2000 
Promo IPIP 37.4 500 560 725 
 43.5 1765 1900 2000 
Sport IPPP 30.7 500 520 550 
 39 1880 1930 2000 
Sport IPIP 30.8 500 520 550 
 39.2 1890 1920 2000 
Movie1 IPPP 34.6 500 535 560 
 41.8 1820 1900 2000 
Movie1 IPIP 34.8 500 540 565 
 41.9 1830 1900 2000 
Movie2 IPPP 35.2 500 550 555 
 43.5 1890 1960 2000 
Movie2 IPIP 35.5 500 550 560 
 43.7 1850 1940 2000 
Music IPPP 28.5 500 540 545 
 37 1890 1950 2000 
Music IPIP 29 500 540 550 
 37.2 1820 1960 2000 

Amount of savings expressed in percentages is shown in 
Figure 6. The savings go from as low as 3.8% for “Sport” 
sequence up to 31% for the “Promo” sequence with IPIP 
structure. On average, savings across all sequences was 
around 10% for all bitrate levels. For the fairness of 
comparisons we calculated savings for same GOP structures. 
Savings were lowest in cases where additional I-frames had to 
be inserted. Here, RD performance of our algorithm is 
between “scenecuts” and fixed duration segmentation.   

For the sequences where no additional I-frames are needed 
our algorithm performs as good as segmentation on scene 
changes with additional advantage of stabilized segmentation 
duration.  

Experiments confirmed that our hypothesis is true for all 
test sequences and applicable for all content types.  

V.  CONCLUSION 

We presented a novel approach for encoding and 
segmentation of video content intended for adaptive streaming 
over HTTP. Optimized algorithms are essential for content 
preparation as adaptive streaming is gaining more popularity 
on the Internet. Coupled with other techniques for delivery 
and user side adaptation this approach can introduce 
significant savings.  

Experiments that we conducted showed that up to 30% of 
bandwidth can be saved just by using our algorithm. On 
average saving for all content types is 10 % and this figure has 
to be taken in the context of the volume of traffic that video 
streaming is generating every day on the Internet. Both users 
and service providers would benefit from our algorithm since 
bandwidth savings are achieved without any loss in quality. 
Our algorithm is also compliant with all standards since its 
implemented using H.264 encoder and segmentation is done 
by using longest segment duration attribute which is part of 
both DASH and HLS specifications. Also, it is applicable in 
both on demand and live streaming scenarios. Since no 
changes are introduced to adaptive streaming standards, the 

Fig. 6. Bandwidth savings achieved when using our algorithm instead of fixed encoding and segmentation for all test sequences. 
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algorithm can be used as-is. In the case where simplified GOP 
structure is needed only a pre-processing step is needed in 
order to supply list of optimal I-frames positions to encoder.  

REFERENCES 
[1] S. Akhshabi, A.C. Begen, and C.Dovrolis, “An experimental evaluation of rate-

adaptation algorithms in adaptive streaming over HTTP,” Proc. of the second 
annual ACM conference on Multimedia systems, pp.157-168, Feb. 2011. 

[2] R. Pantos, and W. May, “HTTP Live Streaming” Draft v.07, IETF, Sep. 2011. 
[3] T. Stockhammer, P. Fröjdh, I. Sodagar, and  S. Rhyu, “Information technology 

— MPEG systems technologies — Part 6: Dynamic adaptive streaming over 
HTTP (DASH),” ISO/IEC, MPEG Draft International Standard , Sep. 2011. 

[4] Sandvine Intelligent Broadband Networks, “Internet Phenomena report”, 
Whitepaper report, Sep. 2011. 

[5] C.Liu, I. Bouazizi, and M. Gabbouj, “Rate adaptation for adaptive HTTP 
streaming,” Proc. of the second annual ACM conference on Multimedia 
systems, pp. 169-174, Feb. 2011.  

[6] Y.de la Fuente, T. Schierl, C. Hellge, T. Wiegand, D. Hong, D. De 
Vleeschauwer, W. Van Leekwijck, and Y. Le Louédec, “iDASH: improved 
dynamic adaptive streaming over HTTP using scalable video coding,” Proc. of 
the second annual ACM conference on Multimedia systems, pp. 257-264, Feb. 
2011. 

[7] J.-H. Lee, and C. Yoo. “Scalable roi algorithm for H.264/SVC-based video 
streaming,” IEEE Transactions on Consumer Electronics, vol.57, no.2, pp.882-
887, May 2011. 

[8] S.-C. Son, B.-T. Lee, Y.-W. Gwak, and J.-S. Nam, “Fast required bandwidth 
estimation technique for network adaptive streaming,” IEEE Transactions on 
Consumer Electronics, vol.56, no.3, pp.1442-1449, Aug. 2010. 

[9] Y. Yu, J. Zhou, and Y. Wang , “A fast effective scene change detection and 
adaptive rate control algorithm,” Proc. of the 1998 International Conference on 
Image Processing, vol.2, pp.379-382, Oct. 1998. 

[10] K. Tse, J. Wei and S. Panchanathan, “A scene change detection algorithm for 
MPEG compressed video sequences,” Proc. of the Canadian Conference on 
Electrical and Computer Engineering, vol.2, pp.827-830, Sep. 1995. 

[11] M. Sugano, Y. Nakajima, H. Yanagihara, and A. Yoneyama, “A fast scene 
change detection on MPEG coding parameter domain,” Proc. of the 1998 
International Conference on Image Processing, vol.1, pp.888-892, Oct. 1998. 

[12] L. Merritt, “x264: A High Performance H.264/AVC Encoder,” White paper 
published online, Nov. 2006. 

 

BIOGRAPHIES 
 

Velibor Adzic (S’11) is a PhD student in the Department 
of Computer and Electrical Engineering and Computer 
Science at Florida Atlantic University (FAU). He 
received his Bachelor’s degree in Applied Computing 
from University of Montenegro. Currently he’s a member 
of Multimedia Lab at FAU and his research interests 
include video coding, computer vision, machine learning 
and information theory. He has published 4 conference 

and 2 journal papers. He’s been a student member of IEEE since 2011. 
 

Hari Kalva (S’92-M’00-SM’05) is an Associate 
Professor and the Director of the Multimedia Lab in 
the Dept. of Computer & Electrical Engineering and 
Computer Science at Florida Atlantic University. Dr. 
Kalva is an expert in the area of video compression 
and communication with over 17 years of experience 
in Multimedia research, development, and 
standardization. 

Dr. Kalva‘s research interests include mobile multimedia services, 
exploiting human perception for video compression and bandwidth 
reduction, and content distribution. His publication record includes 2 books, 
7 book chapters, 30 journal papers, 78 conference papers, 8 patents issued 
and 12 patents pending. He is a recipient of the 2008 FAU Researcher of 
the Year Award and the 2009 ASEE Southeast New Faculty Research 
Award. 
Dr. Kalva received a Ph.D. and an M.Phil. in Electrical Engineering from 
Columbia University in 2000 and 1999 respectively. He received an M.S. in 
Computer Engineering from Florida Atlantic University in 1994, and a B. 
Tech. in Electronics and Communications Engineering from N.B.K.R. 
Institute of Science and Technology, S.V. University, Tirupati, India in 
1991. 
 
 

Borko Furht is a professor and chairman of the 
Department of Computer and Electrical Engineering 
and Computer Science at Florida Atlantic University in 
Boca Raton. He is also Director of the NSF-sponsored 
Industry/University Cooperative Research Center at 
FAU. His current research is in multimedia systems, 
video coding and compression, 3D video and image 
systems, video databases, wireless multimedia, and 

Internet and cloud computing. He has been Principal Investigator and Co-PI 
of several multiyear, multimillion dollar projects including the Center for 
Coastline Security Technologies, funded by the Department of Navy, One 
Pass to Production, funded by Motorola, the NSF PIRE project on Global 
Living Laboratory for Cyber Infrastructure Application Enablement, and the 
NSF funded High-Performance Computing Center. He is the author of 
numerous books and articles in the areas of multimedia, computer 
architecture, real-time computing, and operating systems. He is a founder 
and editor-in-chief of the Journal of Multimedia Tools and Applications 
(Springer, 1993). His latest books include “Handbook of Multimedia for 
Digital Entertainment and Arts” (Springer, 2009) and “Handbook of Media 
Broadcasting” (CRC Press, 2008). He has received several technical and 
publishing awards, and has consulted for many high-tech companies 
including IBM, Hewlett- Packard, Xerox, General Electric, JPL, NASA, 
Honeywell, and RCA, and has been an expert witness for Cisco and 
Qualcomm. He has also served as a consultant to various colleges and 
universities. He has given many invited talks, keynote lectures, seminars, 
and tutorials. He serves on the Board of Directors of several high-tech 
companies. 
 
 


