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Abstract— This paper presents a thermal optimization tech-

nique that adaptively employs varying degree of approximations 
at both algorithm and data levels in order to reduce the tempera-
ture associated with the high efficiency video coding process while 
maintaining good quality results. The technique evaluates, at run-
time, the regions of a video sequence, frame-by-frame, in terms of 
tolerance to imprecise computations. It adapts the amount of 
approximation errors based on the video sequence properties and 
application-specific knowledge. The proposed technique adaptive-
ly controls the strength of approximations (at both algorithm and 
data levels) depending upon the varying resilience properties of 
coding different regions with different texture/motion properties. 
Our content-driven approximate computing technique demon-
strates the potential to improve the thermal profile of a chip. 
Experimental results show that our technique improves tempera-
ture profiles by reducing the on-chip temperature by about 10º C 
on average, while maintaining good quality results. 

I. INTRODUCTION AND RELATED WORK 
Video services have widely spread in the consumer market in the 

past years. According to [1] video will consume 80%-90% of the 
global internet traffic by 2017. New features such as higher resolu-
tions (nowadays up to 4K and 8K) and higher immersion provided by 
3D technology improve the user experience, but demand for efficient 
compression techniques. The High Efficiency Video Coding (HEVC) 
[2] standard has recently been released to provide the high coding 
efficiency (i.e., low bit rates with high video quality) to fulfil the 
demands of high-end video contents. However, the computational 
complexity, and consequently the power consumption and on-chip 
temperatures, of the video encoding process have increased when 
comparing with the previous H.264 encoder [3][4][5]. 

The high complexity of the HEVC can be well complemented by 
the high integration density due to the continuous shrinking of the 
transistor feature sizes. This paves the path for the high-performance 
computing systems with many processing cores, operating at high 
clock frequencies. However, the expected voltage scaling has hit a 
roadblock due to the failure of Dennard’s scaling [6][7] that has 
resulted in trends of high power density (power/area), elevated on-
chip temperature (i.e., thermal hotspots), and consequently high 
cooling costs [8]. Furthermore, thermal hotspots negatively affect the 
reliability and lifetime of devices since most of the aging effects (such 
as electromigration, NBTI, HCI, and TDDB) are aggravated at high 
temperatures [9][10]. Therefore, improved thermal profiles for 
embedded video processing systems are necessary, especially when 
considering the high complexity of the HEVC. 

Recently, the concept of approximate computing have gathered a 
lot of attention and have been seen as an attractive way to improve 
performance or power efficiency by compromising the application 
quality within the tolerable ranges [11]. The basic idea of approxi-
mate computing is to exploit the applications resilience to errors in 
order to reduce the total amount of computations at the software 
and/or hardware level. Several studies have applied approximate 
computing techniques at different layers of the computing stack, for 
instance, circuit design [12][13], architectures [14][15], and applica-
tion software [16][17] to reduce power consumption but have not yet 
explored their impact on the thermal profile optimization. Due to 

inherent resilience of various functional blocks (like motion estima-
tion) and varying levels of user perception, video coding (HEVC in 
our case) is a well-suited application for approximate computing and 
it can tolerate a varying degree of errors in the output visual quality 
after the coding process. Earlier works have explored concepts of 
curtailing mode computations [18], compute effort scaling [17], and 
efficient data management [19] to trade computational complexity 
and power consumption with the output visual quality, respectively. 
However, state-of-the-art have not yet explored the potential of 
approximate computing to alleviate the on-chip thermal profiles in 
complex video coding systems equipped with HEVC.  

The goal of this paper is to adaptively employ approximate 
computing depending on the video content properties and the applica-
tion knowledge in order to explore the tradeoffs between on-chip 
temperatures, computational complexity and visual quality. 

A. State-of-the-Art in Temperature Optimization for Video 
Coding and Their Limitations 

The temperature optimization works usually target at keeping the 
temperature under safe thermal limits or at lowering the overall chip 
temperature [19]. When the target is video coding/decoding systems, 
works such as [21][22] use Dynamic Voltage and Frequency Scaling 
(DVFS) together with temporal and spatial degradation (by frame 
drops) as a technique to keep the temperature under the critical 
temperature threshold. However, these works results in significant 
quality loss due to frame drops, and primarily target decoder instead 
of encoder that is more challenging for temperature optimization due 
to its >10x higher complexity compared to the decoder [23]. The 
work in [24] selects a video quality degradation mode to compensate 
for the quality effects of different DTM policies. However, it does not 
exploit the video content and algorithmic properties to optimize 
temperature. Also, all these works mainly target old standards such as 
MPEG2 and H.264 and may not perform efficient for HEVC consid-
ering its new coding tools [3]. The work in [5] proposes a thermal 
management policy that adapts encoder configurations at run-time to 
meet the temperature constraints. However, changing some of the 
encoder configurations, such as the Quantization Parameter (QP) can 
lead to excessive loss in the output visual quality, which may not be a 
user-specified tolerable range. Overall, none of these state-of-the-art 
techniques have explored the potential of different types of approxi-
mate computing and their adaptations based on the video content 
properties to improve the on-chip thermal profiles of video coding 
systems. 
In summary, there is a need for a temperature optimization technique 
that improves temperature profiles of video coding systems through 
adaptively employing varying degree of approximations at both 
algorithm and data levels. 

B. Our Novel Contributions 
In order to address the above challenges, we propose the follow-

ing key contributions: 
1) Thermal Optimization using Adaptive Approximate Compu-
ting for High Efficiency Video Coding: We propose a content-
driven approximate computing technique that adaptively applies 
varying degree of approximations at both algorithm and data levels in 
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order to reduce temperature for the High Efficiency Video Coding 
(HEVC), while maintaining good visual quality results. It classifies 
different regions in a video sequence considering their texture and 
motion information in order to determine the potential error resilience 
and thereby enabling adaptive approximations. A video region with 
high resilience is more amenable to (aggressive) approximate compu-
ting and yet leading to a low degradation in the output quality. 
2) Error Tolerance Analysis for Different Videos: For designing 
and applying our content-driven approximate computing technique, 
we perform an extensive analysis of error tolerance for different video 
sequences and even different regions in a video sequence based on 
their content properties such as motion and texture. Our analysis 
shows that regions with different resilience properties can support 
different degrees of approximations in order to reduce the total 
workload associated with the HEVC encoding process and thereby 
leading to lower on-chip temperatures. Furthermore, it is possible to 
maintain good video quality results when the approximations are 
performed carefully in appropriate regions considering their resilience 
properties. 
Paper Organization: The rest of this paper is organized as follows: 
Section II presents our error tolerance analysis of HEVC. Section III 
presents our adaptive approximate computing technique for tempera-
ture optimization. Section IV presents the results of our technique in 
terms of video quality and temperature, and also a comparison with 
state-of-the-art techniques. Section V concludes this work. 

II. ERROR TOLERANCE ANALYSIS FOR VIDEO CODING  
In this section, we present an analysis of error tolerance for the 

HEVC encoder application to derive interesting observations that are 
leveraged for designing an efficient content-aware approximate 
computing technique for video coding. Imprecise or approximate 
computing at the application layer can exploit several basic methods 
to improve power efficiency by selectively eliminating opera-
tions/computations at the algorithm and data levels. In the following, 
we will first present a brief overview of the HEVC standard followed 
by our error tolerance analysis. 

A. An Overview of the HEVC 
The HEVC encoding process is structured as a recursive quad-

tree partitioning of the basic Coding Unit (CU - 64x64 pixels). The 
CU can be divided, in a hierarchical fashion, in four parts from 64x64 
to 8x8 as demonstrated in Figure 1. Then, each of these blocks is 
analyzed by all coding tools in the HEVC software to determine an 
appropriate compression mode. After that, the best division in terms 
of coding efficiency (bit rate and visual quality) is chosen. However, 
the recursive partitioning process does not need to go always up to the 
deepest 8x8 division. Actually, in many cases, depending upon the 
CU content properties (for instance, homogeneous blocks with low 
motion), the 64x64 size is sufficient to have a good coding efficiency. 
In general, the highly-textured and high-motion regions need to be 
split into smaller blocks. In contrast, the low-textured and low-motion 
regions can be encoded using larger blocks. In case, the recursive 
partitioning stops at the bigger block size (i.e. does not go to the 
deepest level in the quad-tree), the computational complexity of the 
coding process can significantly be reduced as all other coding steps 
will only be applied over the generated partitions. However, the 
coding efficiency-wise best partition may not exist in the set of 
generated partitions, which may result in degraded coding efficiency. 

For the selected block partitions, coding is done by exploiting the 
spatial and temporal correlations through so-called Intra- and Inter-
Predictions. While the inter-prediction processes typically employs 
matching functions like sum of absolute differences (SAD), the intra-
prediction process employs prediction generation FIR filters consid-
ering the neighboring pixels. These matching and prediction genera-
tion functions are composed of primitive pixel-level operations (like 

addition, subtraction, and multiplication), which can be approximated 
at different levels of granularity (ranging from circuit [13], loop 
perforation [25] to data approximations [19]) while still achieving 
reasonably good prediction results. For instance, Figure 2 shows 
different possibilities of applying the data approximations, where the 
x:y notation means that for a set of y pixels only x pixels are used in 
the calculation of the matching and prediction functions. Such data 
approximations can perturb the algorithm and may lead to different 
prediction values and modes, and thereby affecting the coding results. 
Aggressive data approximations may lead to serious video quality 
degradation. 

B. Analyzing the Error Tolerance of HEVC under Different 
Application-Level Approximations 

Without the loss of generality, we employ two basic application-
level approximate computing methods to the HEVC, i.e., (1) Loop 
Perforation [25] to prune the quad-tree coding structure; and (2) data 
approximation through pixel sub-sampling during the prediction 
process. Using this, we define four different approximation modes 
(AM-0 to AM-3) in order to evaluate the error tolerance of video 
sequence regions; see Table I. AM-0 corresponds to no approxima-
tion, while AM-3 corresponds to the most aggressive approximation 
mode. The approximations at the algorithm level are represented by 
the maximum quad-tree depth. It limits the depth that the quad-tree 
coding structure will divide the 64x64 CU. The approximations at the 
data level are represented by the video data sub-sampling from 1:1 to 
1:8. Each approximation mode is a composition of a particular 
algorithm-level approximation and a particular data-level approxima-
tion, and it will be applied to every CU in a frame of a given video 
sequence. Note, in the generic form, an approximation mode can be 
defined as a particular combination of different hardware/software-
level approximations from a set of basic approximation methods. 

 
Considering the above-presented approximation modes, we have 

performed a set of experiments to analyze the error tolerance of 
different recommended test video sequences [26]. A set of six 
sequences namely BQMall, BasketballDrill and RaceHorses of 
resolution 832x480, and BQTerrace, BasktetballDrive and Cactus of 
resolution 1920x1080 were encoded using the HEVC test Model 
(HM) software version 16.0 [27]. The approximation modes are 
applied CU by CU for all video sequences. From these experiments, 
final visual quality and computational complexity reduction are 
obtained. The resulting output visual quality is the metric used to 
illustrate the error tolerance of a given sequence while computational 
complexity reduction is used as the abstract metric to show the 
potential for improving the temperature profile, as temperature is a 
function of the workload (i.e. computational complexity). 

TABLE I. ALGORITHM AND DATA APPROXIMATION MODES 

Approximate Mode Maximum Quad-Tree Depth Data Sub-Sampling 
AM-0 4 (until 8x8) 1:1 
AM-1 3 (until 16x16) 1:2 
AM-2 2 (until 32x32) 1:4 
AM-3 1 (until 64x64) 1:8 

64x64 32x32

16x168x8
 

1:2 1:4

1:8

 

 Quad-tree coding structure. Fig. 1.  Data approximations. Fig. 2.
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In the first experiment, we have encoded all sequences using all 
approximation modes described in Table I for all CUs in order to 
check the approximation effects on both visual quality and computa-
tional complexity. Figure 3 shows the quality results of this experi-
ment in form of the BD-PSNR loss [28] (in dB) after applying the 
approximation modes AM-1, AM-2, and AM-3 compared to the AM-
0 mode (i.e. when no approximations are performed). 

It is noticeable that the quality loss increases as the approximation 
modes go further in the quad-tree pruning and in the sub-sampling 
degrees achieving almost 1.5 dBs of quality loss for the AM-3 in the 
RaceHorses sequence. The algorithm-level approximations in the 
quad-tree limit the CU division in regions with high motion/texture, 
where encoding with smaller blocks is essential to get good quality. 
Also, the data-level approximations imposed by the sub-sampling 
affects the quality, mainly in heterogeneous regions, where each pixel 
contributes in a different way to the matching calculation. Moreover, 
there is a different ratio in the quality loss between sequences, for 
example, the BQTerrace sequence is less affected by the approxima-
tion modes in comparison with the RaceHorses sequence. This 
happens, since different video sequences have different amount of 
motion/texture properties and different correlation potential. 

Figure 4 shows the impact of using the approximation modes on 
the computational complexity of encoding one frame of the Basket-
ballDrive sequence. The workload map is formed by squares that 
represent the time (normalized to the range of the CU times) to 
encode each CU in the frame considering all approximation modes. 
Following the quality loss results in Figure 3, the workload reduces as 
the approximation modes prune more the quad-tree structure and the 
sub-sampling degree increases. The algorithm-level approximations 
by eliminating some of the quad-tree depths denote the avoidance of 
the processing of all coding tools used to evaluate each one of the 
eliminated blocks. Besides, the sub-sampling is applied to the blocks 
that were not eliminated by the algorithm-level approximations. It is 
important to note that even with the approximation modes, the 
workload of some CUs do not reduce in the same proportion. In fact, 
in some cases the CU workload increases as demonstrated in some of 
the CUs when the AM-3 is applied (Figure 4 (d)). This happens, since 

other coding tools can negatively be affected by the quad-tree prun-
ing, and the computational complexity of some algorithm routines 
may increase (like CABAC) to achieve better coding efficiency.  

Although using the proposed approximation modes for all CUs 
seems to be a good way to reduce the workload associated with the 
video encoding process and consequently to improve the thermal 
profiles, there are significant quality losses in most of the tested 
sequences. When the AM-3 mode is applied, there is about 1 dB of 
BD-PSNR loss for all sequences except the BQTerrace and almost 
1.5 dB for the RaceHorses sequence. When the AM-1 mode is 
applied the BD-PSNR losses are very low. On the other hand, the 
total workload reduction may not be sufficient to reduce the tempera-
ture of the coding system. Therefore, it is necessary to find a better 
way to use these approximation modes where good quality results can 
be achieved together with low temperatures.  

An interesting observation can be found in the case of BQTerrace 
quality results in Figure 3. The BD-PSNR losses are very low even 
when the AM-3 is applied. This happens since this sequence have 
more low texture/motion regions than other sequences, and therefore, 
using both algorithm-level and data-level approximations do not 
impact the output quality much. This denotes that there are regions in 
a video frame that are more resilient to the approximation errors while 
there are some other regions that are more sensitive to the approxima-
tions. Figure 5 shows two frames from two sequences (Basket-
ballDrive and BQTerrace) where we have identified some low/high 
detailed areas that can be more or less affected by the approximations 
explored in this work. The low and high detailed regions are selected 
based on the texture and motion properties of the objects in a frame. 

In order to support the hypothesis that applying the approxima-
tion modes selectively to some characterized resilient video regions 
can be less harmful to the final output quality while still contributing 
to the workload reduction, we have performed a second set of exper-
iments. In these experiments, we selected regions with low tex-
ture/motion properties for applying the three approximation modes 
and encoded two frames shown in Figure 5.  

Figure 6 shows the BD-PSNR losses where the approximation 
modes being applied to all regions in the frames are compared to 
applying the approximation modes only to those regions characterized 
as low detailed (i.e., rectangles in Figure 5). Note that the BD-PSNR 
losses are very low (close to the zero value) for both sequences. 
Additionally, even when the AM-3 mode is applied, the BD-PSNR 
losses stay below 0.1 dB, which is almost imperceptible. Our analysis 
shows that high workload reduction can be achieved at low quality 
degradation if all three approximation modes can be applied selective-
ly to only the resilient regions in the video sequences. We refer to this 
as “content-driven adaptive approximate computing”.  
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Figure 7 shows the normalized workload of applying the approx-
imation modes only in the low-detailed regions and compares it to the 
workload of applying the approximation modes to all regions. It 
shows that even when the approximation modes are applied only to 
the low-detailed regions, the workload reduction is significant. 
Considering the AM-3 mode in the low-detailed regions, the BQTer-
race sequence shows workload reduction close to the AM-1 mode 
applied in all regions with less than half of the BD-PSNR losses. 
Moreover, there is a potential of more workload reduction if all the 
approximation modes could be applied to all frame selectively 
depending upon the properties of their different region. 

Summary of Analysis: Approximate computing at the algorithm-
level by pruning the quad-tree structure and at the data-level by sub-
sampling the matching function calculation can provide significant 
workload reductions in the HEVC process. However, in order to 
improve the tradeoff between workload reduction (and consequently 
the on-chip temperatures) and the resulted visual quality, different 
degrees of approximations (i.e. different approximation modes) need 
to be applied adaptively according to the error tolerance/resilience 
properties of different video regions. The resilience of a video region 
can be formulated as a function of its texture and motion properties. 

III. THERMAL OPTIMIZATION THROUGH 
ADAPTIVE APPROXIMATE COMPUTING 

In this paper, we present a temperature optimization technique 
that adaptively employs different approximation modes to reduce the 
temperature associated with the HEVC video coding process. The 
main goal of our technique is to minimize both temperature and 
application QoS degradation in terms of BD-PSNR. To achieve such 
a goal, the temperature optimization at the application-level is 
obtained through a content-driven approximate computing technique 
that exploits video properties to classify the resilience of different 
regions of the video sequence in order to control the selection of 
approximation modes during their encoding. 

A. Error Resilience Classification 
As demonstrated in Section II, some video regions exhibit higher 

resilience to approximations than others, i.e., tolerate more error and 
incur low quality loss. It shows that if regions can be classified in 
terms of their error resilience, it is possible to obtain high workload 
reductions at low quality penalties. Our analysis in Section II showed 
that, in general, regions with low motion/texture intensity (low-
detailed and homogeneous) are the ones with higher resilience to 
approximation. On the other hand, regions with high motion/texture 
intensity (high-detailed and heterogeneous) are more sensitive to 
approximation errors. Therefore, we formulate the resilience of video 
regions as a function of their texture and motion properties.  

Towards this end, we first estimate the texture and motion intensi-
ty of different Coding Units (CUs) of the input video sequence. For 
each 64x64 CU, we calculate the variance among the luminance 
samples within the CU (Eq. (1)) using the model of [29]. Then, we 
compute the normalized variance of all CUs within a frame using Eq. 
(2), since the most important information from the variance calcula-
tions is to compare regions in terms of their error resilience level and 
identify the ones with the high resilience value. 

 (1)   

 (2)   

Figure 8 shows a color map where each square represents the 
normalized variance for each CU. It is possible to observe that the 
low-variance values indicate low texture/motion regions while high-
variance values are found in regions where there is more detailed 
texture/motion information. Most of the low-variance regions also 
match with selected regions in the second experiment in Section II. 

Based on this CU-level normalized variance information, we de-
fine the following four resilience levels to classify each CU using the 
Eq. (3): Resilient, Medium Resilient, Medium Sensitive, and Sensitive. 
This classification will be used for characterizing different CUs in a 
video frame and for selecting an approximation mode during the CU 
encoding. Without the loss of generalization and for illustrative 
purposes, we choose four different resilience levels in order to match 
with our four approximation modes used for the evaluation of the 
proposed concepts. 

 (3)   

The threshold values in Eq. (3) were obtained through regression 
analysis (considering a step size of 0.05) using a small subset of test 
video sequences with diverse texture/motion properties, which is 
different from the set of test video sequences used for evaluation, in 
order to avoid data biasing. For defining the threshold value Thv1 
corresponding to the level Resilient, test video sequences were 
encoded with the AM-3 mode in the regression analysis. The thresh-
old selection was performed considering the quality degradation 
behavior and the workload reduction in the regression tests. Similar 
methodology was adopted for obtaining the other two threshold 
values Thv2 and Thv3. The final thresholds obtained through the 
regression analysis were 0.1, 0.2 and 0.3 for Thv1, Thv2 and Thv3, 
respectively. 

B. Content-Driven Adaptive Approximation Management 
Based on the proposed resilience classification of CUs in the 

HEVC encoding process, our technique uses the obtained threshold 
values to define the degree of approximations that will be employed 
for each CU encoding. Algorithm I shows the flow of our light-
weight approximate mode selection heuristic. For each frame in a 
video sequence, the variance of each CU is extracted and added to a 
variance list v_list (line 1 to 4). Then the normalized variance value is 
calculated for each CU to classify the CU resilience to approximation 
errors (line 7). According to the classification, one of the four approx-
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Algorithm I Approximate mode selection heuristic. 
Input: sequence S; 

1: v_list = [ ]; 
2: for each frame f Є S do: 
3: for each CU cu Є f  do: 
4: vCU = extract_variance(cu); 
5: update_v_list(vCU); 
6: for each CU cu Є f  do: 
7: norm_vCU = [vCU – min(v_list)] / [max(v_list) – min(v_list)]; 
8: case norm_vCU: 
9: resilient: encode(cu, AM-3); 
10: medium resilient: encode(cu, AM-2); 
11: medium sensitive: encode(cu, AM-1); 
12: sensitive: encode(cu, AM-0); 
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imation modes is selected in the CU encoding process (line 9 to 12). 
For CUs that are classified as Sensitive, no approximations are 
performed in the CU encoding.  

IV. RESULTS  
For evaluation, we perform thermal simulations when encoding 

different video sequences using HEVC while considering two 
methodologies. The first methodology uses the digital thermal sensor 
(DTS) [30] from an Intel i7 processor to measure temperature by the 
Linux monitoring sensors application. The HM software encoding 
sequences is restricted to one core and the temperature of this core is 
read with an interval of 500 milliseconds with only the operational 
systems basic applications running together with HEVC encoding. 
The second methodology extracts temperature values using an 
integrated tool chain of GEM5, McPAT, and HotSpot. First, the 
GEM5 [31] system simulator, using a 32nm 2 GHz out-of-order 
Alpha as target processor, generates core usage statistics. Then the 
McPAT [32] power simulator generates power traces using the GEM5 
statistics. Finally, the power traces together with the chip layout are 
used by the HotSpot [33] thermal modeling tool for temperature 
estimation and for generating the thermal maps. All temperature 
results for both methodologies were collected using the HEVC test 
Model (HM) software version 16 and by encoding a set of sequences 
recommended by the video standardization committee [26]. The 
variance threshold values were obtained from the BQTerrace and 
BasketballDrive sequences. Therefore, to avoid data biasing, we use 
five additional sequences to evaluate the quality results of our 
content-driven approximate computing technique and to include a 
wide range of scenarios considering diverse texture/motion intensity.  

Figure 9 shows the thermal profiles extracted using the DTS 
methodology for encoding four sequences with and without our 
approximation technique. It can be observed that the temperature 
values are smaller when our technique is employed. This happens 
since there is a significant workload reduction in the encoding process 
provided by our technique. For the BasketballDrill sequence, our 
technique did not achieve temperature reduction as good as that for 
the BasketballDrive. This can be attributed to the high number of low 
texture/motion CUs (i.e. more resilient regions) in BasketballDrive, 
and thereby using more aggressive approximations. In contrast, for 
BasketballDrill, due to the more high-textured CUs, less-aggressive 
or no approximations were employed when encoding those CUs.  

Figure 10 shows the average temperature results for all tested se-
quences using the DTS methodology. Our content-driven adaptive 
approximate computing technique achieved low temperatures for all 
sequences in comparison to the regular HEVC encoding without any 
approximations. It can be observed that our technique significantly 
improves the thermal profiles (e.g., 15 ºC reduced temperature in 
Cactus), though there are some sequences where the average tempera-
ture reduction is only 5 ºC (i.e. BQMall). On average, for all sequenc-

es, our technique achieved 10 ºC of temperature reduction. The 
difference in temperature reduction across different sequences is 
attributed to their diverse distributions of low-resilience CUs that 
limit the applicability of aggressive approximations.    

Figures 11 and 12 show the thermal maps extracted from the sec-
ond evaluation methodology that uses the HotSpot thermal modeling 
tool. We show thermal maps only for two sequences due to space 
limitation. From these figures it can be observed that our technique 
successfully improves the temperature profile of video coding 
systems. The left-side hotter maps represent the steady-state tempera-
ture when using the regular HEVC encoding without any approxima-
tions, while the right-side colder maps represent the steady-state 
temperature of the HEVC encoding when using our technique. In 
summary, the temperature reduction for all sequences using the 
HotSpot methodology was also about 10 ºC on average.   

Figure 13 shows the impact of our technique on the output quality 
loss (in terms of BD-PSNR loss) when compared to the regular 
HEVC encoding without using our technique. The quality degradation 
for all tested cases is on average 0.48 dBs (excluding sequences that 
were used on training the threshold values). Even for the worst-case 
results (i.e. the RaceHorses sequence), our technique incurs a maxi-
mum BD-PSNR loss of 0.66 dBs, while in the best-case (i.e., the 
Keiba sequence) it incurs the maximum BD-PSNR loss of only 0.31 
dBs. We also compared the BD-PSNR losses of our technique with 
statically using the AM-3 mode, i.e., most aggressive approximation 
mode with the highest savings. For all cases our technique presents 
better output quality results than employing only the AM-3, which is 
attributed to the resilience-driven adaptive approximation control. 

We compare the quality results of our approximate computing-
based temperature optimization technique with the dynamic thermal 
management policy proposed in [21][22] that use frame drops rates 
varying from 5.7% to 83.3% to keep the temperature under a defined 
threshold. For fairness of comparison, we consider that a drop frame 
means that the encoder replaces it by the information of the last-
encoded frame and skips the encoding process. We also compare 
quality results with the dynamic thermal management work [5] that 
uses run-time encoder configuration to keep the temperature under a 
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defined threshold. The quality results are reported corresponding to 
the same temperature reduction cases, e.g., 10 ºC reduction.   

Figure 14 shows the quality comparison in terms of PSNR for 
encoding four sequences with the HEVC. Our technique is able to 
outperform the state-of-the-art techniques in most of the evaluated 
cases. When comparing with the frame-drop based technique, our 
approximate computing based technique presents the best results in 
all cases. The quality degradation of dropping 20% of the frames 
leads to a PSNR loss of 8 to 16 dBs. This significant quality loss is 
usually not tolerable for users on encoding devices. When comparing 
with the thermal management policy that change encoder configura-
tions at run-time, our technique presents better results for three 
sequences and similar result for the BQMall sequence. Encoder 
configuration, mainly the quantization parameter (QP), can signifi-
cantly degrade quality. Higher QP values introduce error in the 
encoding process, generating quality loss. When applied to sequence 
regions that are too sensitive to errors, it may increase the quality 
losses. On the other hand, our technique takes into account the texture 
and motion properties of different sequence regions and adaptively 
employs varying degree of approximations. Consideration of resili-
ence properties of different regions help in achieving better quality 
results than other techniques that do not account for such information. 

 
V. CONCLUSIONS 

In this paper, we have introduced a temperature optimization 
technique using adaptive approximate computing for video coding 
systems. It employs an adaptive content-driven approximate compu-
ting technique that classifies regions of a given video sequence w.r.t. 
their resilience properties as a function of their texture and motion 
characteristics. Based on the resilience level, different approximation 
modes are employed to reduce the on-chip temperature of the High 
Efficiency Video Coding process. Different approximation modes are 
realized through both algorithm-level and data-level approximation 
computing mechanisms. Our results illustrate the temperature reduc-
tion potential of our adaptive approximate computing technique and 
benefit of considering the resilience knowledge to lower the output 
video quality losses compared to several state-of-the-art techniques. 
This work shows that approximate computing bears a significant 
potential for temperature optimization when employed selectively 
considering the variable resilience properties of the input data sets. 
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