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ABSTRACT 

Power consumption has become a primal constraint in digital electronic design. In 

order to optimize power at early design phases, low power techniques are now widely 

investigated by architecture and compiler designs. However, there are still few 

architecture level power estimation tools that can be used over technology generations 

and is capable of modeling arbitrary circuits. A key challenge in the design of low 

power systems is the fast and accurate estimation of power dissipation. 

Power is a strongly pattern dependent function. Input statistics greatly influence on 

average power. In this thesis we propose solutions to the pattern dependence problem 

for intellectual property (IP) designs. This work addresses the problem of estimating 

power consumption at higher level of design abstraction namely, register transfer level 

(RTL). This power model for IPs is proposed that will be used in their integration in 

System on Chip (SoCs), Network on Chip (NoCs) etc. 

Traditional simulation-based approaches simulate the circuit using test/functional 

input pattern sets. Other recent approaches have used probabilistic techniques in order 

to cover a large set of input patterns. However, they trade-off accuracy for speed in 

ways that are not always acceptable. We investigate an alternative technique that 

combines the accuracy of simulation-based techniques with the speed of the 

probabilistic techniques. The resulting method is statistical in nature; it consists of 
applying randomly-generated input patterns to the circuit and monitoring, with a 

simulator, the resulting power value. This is continued until a value of power is 

obtained with a desired accuracy, at a specified confidence level. 

In this thesis, a new power macro-modelling technique for RTL model of digital 

electronic circuits is presented. This technique allows to estimate the power 

dissipation of intellectual property components to their statistical knowledge of the 

primary inputs/outputs. During power estimation procedure, the sequence of an input 

stream is generated by a genetic algorithm (GA) using input metrics and the macro-

model function is used to construct a set of functions that maps the input metrics of a 

macro-block to its output metrics. Then, a Monte Carlo zero-delay simulation is 

performed for RTL and the power dissipation is predicted by a macro-model function. 

The most important contribution of the method is that it allows fast power estimation 

of IP-based design by a simple addition of individual power consumptions. This 

makes the power modelling of SoCs an easy task that permits evaluation of power 
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 x  

features at the architectural level. In order to evaluate our model, we have constructed 

IP-based digital systems using different IP macro-blocks. In experiments with 

individual IP macro-blocks, the results are effective and highly correlated, with an 

average error of just 1-3%. 
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RESUMEN 

Este trabajo de investigación está orientado a la estimación y optimización del 

consumo de circuitos digitales, basado en macromodelos estadísticos. Se han realizado 

dos actividades esenciales, una dedicada al desarrollo de un macromodelo de 

consumo y otra dedicada a su comprobación experimental. 

El consumo de potencia ha llegado a ser una limitación primitiva en el diseño 

electrónico digital. Para optimizar la potencia en las fases tempranas del diseño, las 

técnicas de bajo consumo se investigan desde diversos puntos de vista: diferentes 

niveles de abstracción, como técnicas de estimación de consumo, de reducción del 

mismo, etc. Sin embargo, hay todavía pocos instrumentos de estimación de potencia 

de nivel de arquitectura que se puedan utilizar sobre diferentes tecnologías y sean 

capaces de modelar circuitos arbitrarios. Un desafío clave en el diseño de sistemas de 

baja potencia es la estimación rápida y exacta de la disipación de la potencia. 

La potencia es un modelo de función dependiente. La distribución estadística de los 

patrones de entrada tiene influencia en la potencia media. En esta tesis se propone un 

método de modelado del consumo de macro-bloques (IPs) que permitirá de manera 

sencilla y cómoda estimar el consumo de un sistema en chip que utilice tal IP. Así, la 

estimación propuesta se basa en propiedades de las entradas a las que está sometido el 

IP en su integración final. La estimación se realiza a nivel de transferencia de registros 

(RTL) como el de entrada del diseño. 

Los enfoques tradicionales basados en la simulación simulan el uso de circuitos de 

conjuntos de entrada prueba/funcionales del conjunto. Otros enfoques recientes han 

utilizado las técnicas probabilísticas para cubrir un conjunto grande de parámetros de 

entrada. Sin embargo, no siempre los resultados de precisión y rapidez de cálculo son 

satisfactorios. En esta Tesis investigamos una técnica alternativa que combina la 

precisión de técnicas basadas en la simulación con la velocidad de las técnicas 

probabilísticas. El método resultante para general los macromodelos de consumo de 

los IPs es estadístico en la naturaleza; consiste en aplicar patrones con unas 

características estadísticas al circuito y calcular, con un simulador, el valor resultante 

de la potencia. Esto se continúa hasta que se obtenga un valor de potencia con una 

certeza deseada, en un nivel especificado de confianza. 
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En esta tesis, se presenta una nueva técnica de macro-modelado de potencia para el 

nivel RTL de circuitos electrónicos digitales. Esta técnica permite estimar la 

disipación de energía de IPs a su conocimiento estadístico de las entradas/salidas 

primarias. Durante el procedimiento de la estimación de la potencia, la sucesión de 

una secuencia de entrada es generada por un algoritmo genético (GA) utilizando la 

métrica de entrada. La función del macromodelo se utiliza para construir un conjunto 

de funciones que traza la métrica de entrada de un IP a su métrica de salida. A 

continuación, se realiza una simulación “sin retardos” (zero-delay) Monte Carlo a 
nivel RT y la disipación de la potencia es estimada por una función. La contribución 

más importante del método es que permite la estimación rápida de la potencia de la IP 

por una adición sencilla de consumos individuales de potencia. Esto hace el modelado 

de la potencia del Sistema en Chip (SoC) una tarea fácil que permite la evaluación de 

características de potencia en el nivel de arquitectura. Para evaluar nuestro modelo, 

nosotros hemos construido un sistema con diferentes de IP. En los experimentos con 

macro-bloques individuales de IP, los resultados son efectivos. 
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1.1 Introduction 

In the VLSI (Very Large Scale Integration) chip design performance, area, reliability 

and cost have historically been the major considerations. In early VLSI design, the 

motivation was to find acceptable balance among these often conflicting 

considerations. But recently, low power consumption has become the most important 
objective as a design constraint. There are two major reasons for this: 

• Process technologies in the nanometer scale and clock frequencies in the 

GigaHertz range result in very “hot” chips and increased cooling costs. 

• There is a growing number of portable electronic applications, which have 

battery life constraints. 

The demand of the low power for digital system design is illustrated in Fig. 1.1 

[Cesear96]. Figure demonstrates that, due to low power optimization portability, 

reliability and cost are the key features that can be further improved. Power 

minimization targets maximum instantaneous power or average power. The latter 

impact battery lifetime and heat dissipation system cost, the former constrains power 

grid and power supply circuits design. The term low power design includes all efforts 

that are made to optimize circuits for lower power consumption. Low power term can 

be divided into two subcategories: 

 

 

 

 

 

 

 

 

Fig. 1.1   Demand of low power for digital system design 
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• Power Estimation: Power estimation techniques to estimate the power consumption 

of digital circuits. It is highly desirable to develop estimation techniques for as high as 

possible abstraction levels. Power consumption does not only depend on static circuit 

properties like structure and supply voltage, but also on the input patterns that are 

applied to the circuit. Hence, only statistical statements can be made. Furthermore, on 

higher design levels, it is not possible to give an absolute estimate of the average 

power consumption in Watt. More abstract metrics like signal activity, are used 

instead in order to compare different designs that implement the same functionality. 

• Power Optimization and Low Power Synthesis: Circuits optimized for high speed 

and low area consumption are in most cases not the optimum implementation from a 

power consumption point of view. Therefore, dedicated methods and synthesis tools 

for the design of low power circuits must be developed for all levels of the design flow 

hierarchy. 

The demand for low power digital systems has motivated significant research in the 

area of power estimation and power optimization. Power estimation and optimization 

techniques have been proposed at all stages of the design process. Gate and layout 

level power estimation techniques are no longer sufficient, due to high complexity and 

high integration levels of digital system. Accurate low-level estimation techniques 

present some limitations due to the need to cope with circuit complexity in an 

acceptable design time. Moreover, low-level estimation techniques can be applied 

only during the last design phases, when a gate or layout level description is already 

available.  

Hence, high-level power estimation and optimization is the key issue in the early 

determination of the power budget, being unfeasible to synthesize every design 

solution down to the gate and layout levels in a reasonable time. The goal is to shorten 

the design turn-around time, by widely exploring the architecture design space, and to 

early re-target the architectural design choice. Accuracy and efficiency of a high-level 

power analysis should contribute to meet the power requirements, and thus avoid re-

design processes. 

1.2 Low Power Motivation 

During the years of inception, the use of integrated circuits (IC) was confined to 

traditional digital electronic systems such as communication systems, and portable 
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devices. Nowadays not only those devices play an increasingly important role but also 

the use of integrated systems is much more widespread, from controllers used in home 

appliances to the automobile industry. The digital electronic circuits are becoming 

more application specific. The exploding market of portable electronic appliances 

fuels the demand for complex integrated systems that can be powered by lightweight 

batteries with long times between re-charges for example, the world-wide market for 

cellular phones, digital cameras, personal digital assistants (PDA) and high speed 

networking devices. Executing applications with the limited power resources of 

portable appliances, however, means that System on Chip (SoC) faces a severe power 

restriction. Additionally, system cost must be extremely low to achieve high market 

penetration. Both battery lifetime and system cost are heavily impacted by power 

dissipation. For these reasons, the last ten years have witnessed a soaring interest in 

low power design. 

According to the Moore’s law IC densities and operational frequencies will double 

every generation [Moore06]. The shrinking of devices due to developed fabrication 

technology has increased dramatically. The chip density is being used to extend the 

functionalities on a single Application-specific integrated circuit (ASIC) to the point 

where we can now get an entire SoC. More than 95% of current microprocessors are 

going into SoC designs. Therefore, the problems caused by power increases as the 

feature sizes decrease (shown in Table. 1.1 [Sematech01]). 

As system becomes larger and more complex, circuit design and verifications become 

increasingly difficult and time consuming. Power and performance analysis at early 

stages of design flow is essential for shortening turn-around time. However, the 

importance of low power dissipative digital circuits is increasing rapidly. For many 

consumer electronic applications low power dissipation is desirable. Consequently, it 

is widely said that chip can no longer rely solely on devices technology and circuit 

optimization to meet the power requirement. 

In order to reduce the power consumption in integrated circuits, low power techniques 

have to be applied at all levels of the design flow. Fast and accurate power estimation 

is needed early in the design process, since power reduction methods tend to become 

more visible at higher abstraction levels. Beside power versus performance, another 

key trade-off in VLSI design is power versus flexibility. Several authors have 

observed that application specific designs are orders of magnitude more power 

efficient than general-purpose systems programmed to perform the same computation. 
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Table 1.1   Forecast of ASIC power consumption [Sematech01] 

 

 

 

 

 

On the other hand, flexibility (programmability) is often an indispensable requirement, 

and designers must strive to achieve maximum power efficiency without 

compromising flexibility. 

System on Chip is a trend of system integration in recent years. For SoC designs, most 

design teams integrate many well-designed circuit blocks called intellectual properties 

(IPs) and some self-designed circuit blocks to design such complex systems, low 

power is also an important consideration because of the increasing requirement of 

portable devices.  

Recently, more and more IPs are being integrated on a single chip. The use of 

intellectual property has been proposed as one possible solution to the problems 

associated with SoC design. IP has been classified into number of different categories. 

Hard cores provide physical layout for a specific process, while soft cores are 

provided in the form of a netlist which can be synthesized and targeted towards a 

particular technology. Using soft core solutions has been proven to provide very 

dramatic reduction in the time taken to iterate through the design cycle of up to 15 

times [Cesear96]. 

The designers need to leverage on pre-validated components and IPs. Design 

methodology further supports IP reuse in a plug-and-play fashion, including buses and 

hierarchical interconnection infrastructure. Reuse design techniques employing IP 

cores cuts down on time-to-market and fast estimation shortens the design evaluation 

time, which is more efficiently used in design-space exploration. As the function of a 

system getting more complex, IP reusing is the trend of system design style. Designers 

need to evaluate the performance and features of every candidate IP block that can be 

used in their design, while IP providers hope to keep the structure of their IP blocks as 

confidential. In this approach, components from possibly different intellectual 

Year 2005 2006 2007 2010 2013 2016 

Feature Size/nm 80 70 65 45 32 22 

MTransistors/chip 1286 1620 2041 4081 8163 16326 

Max Clock/GHz 5.2 5.6 6.7 11.5 19.3 28.8 

Main Voltage/V 1.0 1.0 0.9 0.8 0.7 0.6 

Power (high)/W 170 180 190 218 251 288 

Power (battery)/W 3.2 3.5 3.5 3.0 3.0 3.0 
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property vendors are combined to form complete programmable systems. To support 

the exploration of the numerous architectural alternatives that can arise when 

designing IP components, and fast and accurate electronic design automation (EDA) 

tools are required to evaluate key design characteristics such as timing, area and power 

dissipation. 

Digital system based IP cores offered by different vendors are also important in the 

quest for low power. Choosing the correct core depends on the design application. 

This is important for efficient design if space versus performance or power is the 

primary design goal. Some vendors offer digital IP cores with multiple variations. To 

reduce SoC power dissipation, it is thus important to know which IP dissipate the 

largest power when executing practical applications. Therefore we need methods to 

estimate power consumption in IP based digital system from early stages of the 

design. Moreover, we need power models that can be used as part of the IP 

description. Hence, design and estimation techniques for low power are key elements 

to a successful SoC design. 

Due to the inherent diversity of SoC components and their design styles, RTL 

simulation frameworks to provide power estimation capabilities. Hence, there is a 

need to investigate the suitable power modelling strategy for different IP blocks within 

the system under different circumstances; for example how to estimate power 

behaviour of the block without very long simulation times, how to integrate the power 

data into high-level model of the block.  

An IP level power model is a model that takes only the primary input statistics as 

parameters and does not reveal any information about the sizes of the transistors or the 

structure of the circuit. In this thesis number of RTL power modelling techniques have 

been studied. We propose a new power estimation method for constructing power 

model that is suitable for IP level circuit blocks. Our power model describes the 

relationship between the dynamic power consumption of complementary metal oxide 

semiconductor (CMOS) circuits and their specific input sequences or input signal 

statistics. The proposed method can be applied to build architecture level power 

estimation environment without revealing the contents of the IP blocks inside. 

Thereby, it is a promising method for IP level power model construction. 

Power analysis of IP-based system is particularly a challenging task at the architecture 

level, because the designers need to compute accurate power estimates without direct 

knowledge of IP design details. Although it is possible for IP vendors to capture 
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timing and area but the characterization of power in a simple manner has remained 

elusive, since the power dissipation depends on the actual input data [Liu01], 

[Landman96], which is unknown to the IP designers. It also depends on the 

architecture where the IP is going to be integrated. On the other hand, with the wide 

deployment of mobile systems, low power chip design is becoming an increasingly 

important focus of VLSI research. Thus, at the architecture level the development of 

efficient and effective power estimator for IP-based systems is important and urgent to 

the VLSI design communities. 

1.3 Demand for Register Transfer Level Power 

Estimation 

With the changing environment, today’s designers need a complete literate 

methodology to monitor and address power at each level of design abstraction and 

obtain maximum energy efficiency. As power dissipation has become critical, 

designers now focus on power sensible designs where power optimization techniques 

are applied during the design process. The first step in this process is to estimate the 

power consumption of the design. 

Power estimation methodology can be divided into four abstraction levels: System 

Level, Register Transfer Level (RTL), Gate Level and Layout level as shown in Fig. 

1.1. The opportunities for power savings are the largest at system through RTL, 

although the accuracy of monitoring is larger at the layout and gate levels within 95-

70% of accuracy. They suffer from relatively long run time and small overall design 

capacity. As chip density doubles each generation, the slow down in the design 

required for accurate power estimation is no longer feasible. System level 

methodologies have the fastest simulation time but the accuracy is 40-75%. Due to 

loss of accuracy at system level and greater simulation time at gate/layout level, RTL 

power estimation has become an important research topic. 

The importance of the RTL power estimation also comes from the fact that the RTL is 

the design entry for most digital designs. Design analysis at the gate level is sufficient 

for design complexities of around 50,000-10,000 gates. However, the gate level design 

planning is inadequate for SoC of which the complexities have reached tens of million 

of gates. Making design decisions at the RTL, before synthesis, is desirable for both 
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Fig. 1.2   Power estimation levels 
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from the fact that the gate, circuit, and layout level details of the design may not have 

been specified. Moreover, a floor-plan may not be available, making analysis of 

interconnect and clock distribution networks difficult. The power consumption of 

these primary blocks can then be estimated by using different methods, usually by 

lower level simulation. 

1.4 Architecture Level Power Optimization 

The main goal of power estimation is to optimize the power consumption of a design. 

Optimization for low power can be applied at many different levels of the design 

hierarchy as shown in Fig. 1.1. The primary factors in power estimation are accuracy, 

speed and capacity. Accuracy is one of the most important feature. However, since 
accuracy and execution time are usually conflicting objectives, it is valuable to 

consider the trade-off between accuracy and speed to find the most efficient level. 
Capacity refers to the size of a problem that can be dealt with all at once and has very 

recently become a critical issue as well. Capacity is usually smaller at the lower levels 
than at the higher levels in the abstraction. Several studies have shown that the power 

optimization opportunities are significantly larger at the higher levels [Rabaey96] 

[Chandrakasan95]. Nowadays architecture level is the design entry point for most 

digital designs. The recent research has demonstrated that design decisions made at 

this level can have a dramatic impact on the overall power characteristics of the 

design. Thus the development of power estimation tools at this abstraction level is a 

key research issue [Raghunathan98]. 

System and architectural transformations can trade-off throughput, circuit area, and 

power dissipation. Furthermore, scaling technology parameters such as supply and 

threshold voltages can substantially reduce power dissipation. But once these 

architectural or technological improvements have been made, it is the switching of the 

logic that will ultimately determine its power dissipation. 

Although system level trade-offs often yield an order of magnitude or more 

improvements in power, the estimation methodology accuracy is still limited. System 

and architectural power optimization techniques can also yield larger power savings. 

In comparison, the power savings obtained through layout and gate optimization tend 

to be much smaller. With increasing levels of integration and operating clock 

frequencies, the power reduction requirements for most design cannot be met by 
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performing gate level optimizations alone. The increasing use of high-level design 

methodologies and the importance of low power design, the needs to integrate power 

optimization techniques into the high-level flow increase dramatically. 

The architecture level power optimizations that result in a reduction in power 

consumption are made in hardware, which can be done by macro-modelling 

techniques. Since power optimization in a macro-modelling can be gained without 

changing any of the hardware, chip designers, especially high performance chip 

design engineers, are becoming more interested in this area. 

To meet the demands for high-level optimization techniques, especially, the 

architectural level design trade-off and low power macro-modelling techniques, this 

thesis addresses some experimentation that have been done in these areas. 

1.5 Objectives 

In this thesis, we propose a methodology for building a power macro-model at 

Register Transfer Level (RTL) that estimates the power consumption of IP-based 

designs. The objective function in the estimation procedure considered in this work 

can be either the energy or the average power consumption. To ease the readability of 

this thesis, only the term power is used for both objective functions. 

In the power estimation domain, two types of tools can be observed. They are either 

based on explicit simulation or on probabilistic methods. Both have their specific 

advantages and drawbacks. But for any tool, two mostly contradictory requirements 

exist: speed and accuracy. For both estimation methods novel approaches are proposed 

in this work. By combination with advanced methods from the existing literature 

significant improvement of the state of the art could be obtained. 

Power estimation is the process of forecasting the power consumption of IC operating 

in a specified environment from a given design description. Estimating the power 

consumption of a design is useful for several reasons. Power estimation supports the 

selection among different design alternatives and allows checking whether the power 

constraints are met. Accurate power analyses of the impact of the individual IP design 

steps in high-level synthesis are made possible. Power model for IPs that is only 

dependent on the environment where IP is being used. The objectives of the thesis are 

following: 
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• Study of the feasibility of power macro-modelling for RTL for IP-based 

designs. 

• Generation of power model for IPs that facilitate power estimation of SoC (IP-

based designs). 

• Extractions of the power function from a four parameter model based on 

simulation. 

• Evaluation of the proposed model in IP-based designs. 

• Refinement of power models based on experimental results. 

• Analysis the accuracy of power estimation at RTL. 

• Proposal of a method for optimize in the pattern generation for power macro-

model. 

The penalty of performing power estimation at RTL is the potential inaccuracy due to 

the limited amount of available information about the IP design. This work presents 

new approach which circumvents this drawback for parts of the estimation problem by 

taking into account all possible combinational hardware architectures. 

1.6 Thesis Organization 

Because the research methodology addresses issues at RTL of design hierarchy, the 

background material tends to be diverse in nature. Much of this is therefore to be 

found at the beginning of the Chapters to which it most closely relates. The rest of this 

thesis is organized as follows: 

This chapter has presented an introduction, motivation, scope, demand for RTL power 

estimation/optimization, and objectives to the low power estimation methodologies for 

IP based digital system that will be present in subsequent chapters. 

Chapter 2 introduces the sources of power dissipation in CMOS circuits. It also 

presents an overview of previous power estimation work at high-level of design 

abstraction. A brief introduction of power estimation tools is also given in this chapter. 

Chapter 3 describes the problem formulation of statistical power estimation 

methodology. It discusses how the genetic algorithm works and how the different 
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patterns are generated with this algorithm. It further explains the mathematical 

characterizations of statistical parameters and framework of our proposed approach. 

The purpose of chapter 4 is to propose an accurate IP-based statistical sampling 

technique that is based in Monte Carlo simulation. This method estimates the average 

power by sampling the input vectors with certain length from the original sequence 

and feed them into the simulator to derive a sample value of the average power. It also 

explains the power sensitivity analysis and its effect on power estimation 

methodology. 

Chapter 5 focuses on the problem of our power macro-modelling approach at RTL 

for estimating the power consumption of IP-based designs. It describes the 

fundamental requirements for RTL modelling, challenges for soft IP core, and 

multiple linear regression analysis. This chapter further discusses the procedure for the 

construction of macro-model and its quality analysis. 

Our macro-model methodology is evaluated and validated in chapter 6. It 

demonstrates the convergence analysis and uniformity of our pattern generator and 

impact of temporal/spatial correlations on accuracy. It further discusses the detailed 

error analysis of our macro-modelling results. 

Chapter 7 finally summarizes our contribution in the statistical power estimation 

research and gives new directions for future research. 

1.7 Conclusions 

It is clear that the transition to smaller process geometries, power consumption in 

VLSI designs is becoming a mainstream issue that cannot be ignored. Today’s 

designers need to consider the impact of their design techniques not only on timing but 

also on power. The need for a comprehensive approach to design closure, including 

area, reliability, timing, continue to grow. Mainstream designers now need an 

integrated methodology that fits into their existing flows, without introducing any 

problems. And provide the necessary benefits. RTL low power solution for VLSI/SoC 

design flow gives designers a powerful methodology and an arsenal of tools to 

estimate, optimize, analyze, and manage today’s increasing power concerns. 
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2.1 Introduction 

Power estimation for a digital circuit involves two factors: how to model the circuit 

itself and how to model input signals. There are different techniques for both of them. 

Input signals can be generated as test (or functional validation) vectors or they can be 

modelled probabilistically or statistically. Circuit macro-modelling techniques can 

also be further classified into two categories: those that use power coefficients 

measured on sample circuits, and those that analyze current and voltage from an 

equivalent circuit model. Given an input signal models, the macro-model estimates 

maximum power dissipation, or average power dissipation, or total energy consumed 

during certain cycle. Therefore, accurate and efficient power estimation tools 

characterized by the techniques it takes for circuit modelling, signal modelling and by 

the types of power estimation it supports. 

The main challenge in establishing RTL power estimation methodology is the 

construction of efficient and accurate macro-models of the power dissipation. Such 

macro-models should be automatically built, and should produce reliable average 

power estimates. Register transfer level power estimation is a key feature for 

synthesis-based design flow. RTL allows an early design space exploration which in 

turn reduces design time. At this level designs are usually described hierarchically. 

The main challenge in estimating the power dissipation of a hierarchical design is the 

construction of accurate black-box power models for the leaves of the hierarchy, when 

only functional descriptions are available at the RTL. We restrict our scope to 

structural RTL representations whose leaf components are combinational logic blocks 

and state-holding elements such as registers. Moreover, complex sequential logic 

blocks are directly described as RTL primitives. 

Such power estimation framework can be implemented at various design abstraction 

levels. For example, input signal can be a digital pattern or an analog waveform. 

Circuit model may be described at higher level or lower level. The capacity of circuit 

model and time unit by which power is calculated also vary accordingly. The CAD 

tools developed with the design automation technology. Modern VLSI designs goes 

through many abstraction levels before submitted to fabrication. At each abstraction 

level, a variety of power analysis tools have been developed so that design can be 

optimized and verified at each design phase. Recently, many power estimation tools 



Chapter 2  Background and previous research 

 20 

have emerged, a group of high-level power estimation tool proposed by the 

architecture researchers. 

Power estimation tool can be classified into two types [Landman95]: First, in dynamic 
power estimation tool, the complex design is obtained by simply running RTL 

simulation: the macro-model is re-evaluated for each transition at the I/O component. 

It returns an instantaneous power estimates. The instantaneous power estimates of 

each component are summed together during simulation to obtain the total power. 

Finally, the average power is obtained by computing the ratio between total power and 

the duration of the simulation. Second, in static power estimation tool, each 
component, signal probabilities and switching activity values for its I/O are collected. 

This can be done by running RTL functional simulation and counting the number of 

times signals have a constant value or a transition. Power is computed in processing 

step. For each component, its macro-model is evaluated only once, providing signal 

probabilities and transition activities as inputs. It returns an estimate of the average 

power of the component. The average power estimates of all components are summed 

to obtain the total average power. 

This chapter introduces the sources of power dissipation in CMOS circuits and 

architecture level power estimation macro-model methodologies. It also presents an 

overview of previous power estimation work at high-level of design abstraction. A 

brief introduction of power estimation tools is also given in this chapter. 

2.2 Power Consumption in CMOS Circuits 

In the power estimation of CMOS circuits, we must understand where power is 

consumed. The power dissipation of a CMOS circuits is comprised of two types: static 
and dynamic [Rabaey96], [Frenkil97] and can be expressed as: 

 

DynamicStaticTotal PPP +=
    (2.1) 

ScLeakageStatic PPP +=
 and SwitchCircuitShortDynamic PPP += −  (2.2) 

SwitchCircuitShortddStaticddLeakageTotal PPVIVIP ++⋅+⋅= −   (2.3) 
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where PTotal is the total power dissipation. Static power PStatic is due to the leakage 

ILeakage and static IStatic currents. The nMOS and pMOS transistors used in a CMOS 
logic circuit commonly have nonzero reverse leakage and subthreshold currents. 

Having a CMOS integrated circuit, which encompasses a very large number of 

transistors, these currents can contribute to the total power dissipation even when the 

transistors are not performing any switching action. The magnitude of the leakage 

currents depends mainly on the used technology parameters. The power dissipation of 

ILeakage is very small and has little effect on the overall dissipation. The IStatic occurs in 
some logic such as pseudo-nMOS logic. Such logic family is usually voided in low 

power design. Thus, static power dissipation PStatic is almost negligible in low power 

circuit designs. 

The leakage power dissipation PLeakage is caused by two types of leakage currents 

[ChandrakasanA95]: 

• The reverse-bias diode leakage current at the transistor domains. 

• The subthreshold current through a turned-off transistor channel. 

However, these current components are technologically-controlled and, thus, the 

designer can do a number of things their minimization. Diode leakage current occurs 

when a transistor is turned-off, and the other transistor ON charges up/down the drain 

of the former respect to its substrate potential. In Fig. 2.1 is shown a pMOS transistor 

with a negative gate bias Vdd in respect to its substrate. Hence, the diode formed by the 

drain diffusion and the substrate is reverse-biased. We know from diode’s theory that 

the reverse bias current is given by: 

 














−= 1T

dd

V
V

Sleakage eII

    (2.4) 

Where Is is the reverse saturation current, Vdd is the bias voltage, and VT =kT/q is the 
thermal voltage. 

For the dynamic power dissipation, the first part PShort-Circuit is caused by direct supply-

to-ground paths during the signal transitions. It can be controlled to a small portion of 

the total power dissipation by appropriate sizing of transistors and reducing 
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Fig. 2.1   The leakage current in a reverse-biased PMOS transistor 

 

the input rise and fall times to all the gates in the circuit. The second part PSwitch is due 

to charging and discharging of parasitic capacitance in the circuit. This is 

demonstrated by an inverter driving load capacitor CL as shown in Fig. 2.2. PSwitch can 

be calculated by: 

LddSwitch CfVP ⋅⋅=
2

    (2.5) 

where Vdd is the supply voltage and f is the switch frequency, while CL includes its 

internal parasitic capacitances and its load capacitance. Since CL is contributed to total 

power dissipation only when switching occurs in a circuit. In this thesis, CL is also 

called switch capacitance Csw. 

According to [Chandrakasan92], in a “well-designed” circuit, PSwitch  accounts for over 

90% of the total power dissipation. Thus, the total power dissipation for a CMOS 

circuit can be approximated by: 

fVCPP ddLSwitchTotal ⋅⋅=≈
2

   (2.6) 
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   (a)    (b)           (c) 

Fig. 2.2   Capacitance switching power: (a) CMOS inverter (b) equivalent circuit for charging 

the output load capacitor CL  (c) equivalent circuit for discharging the output load CL 

 

Since power is the energy consumed per second, energy (E) can be stated as: 

 

tfVCtPtPE ddLSwitchTotal ⋅⋅⋅=⋅≈⋅=
2

 

 

(or)    
2

ddL VCE ⋅=
     (2.7) 

where 1/f  is the time period for each switch. In a synchronized circuit, t is the clock 
cycle and f is the clock frequency. Also, CL is the switch capacitance per cycle. 

At constant frequency power/energy can be used interchangeably. Further, if we 
assume the supply voltage Vdd is also fixed, reducing the power/energy dissipation is 

equivalent to reducing the switch capacitance. 
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2.3 Power Estimation Methodologies at RTL 

Power estimation at RTL or high-level is crucial for digital designs. The standard 

hierarchical simulation technique to RTL power estimation consists of three major 

steps: 

• Functionally simulate the RTL description and collect the input sequences for 

each circuit block. 

• Simulate each block at gate/circuit level using collected input sequences. 

• Add the power consumption for all blocks to produce the power consumption 

of the whole circuit. 

These steps require the interaction between RTL and low-level simulators and that 

power evaluation is actually done at gate/circuit level where the simulation speed is 

low. Alternatively, power macro-modelling technique is a promising solution to face 

the problem of high-level power estimation. The macro-model construction consists of 

generating a mapping between the power dissipation of a circuit and certain statistics 

of the input signals. This technique has been proven to be effective for individual IP 

components [Liu01]. The application of power macro-modelling on IP blocks of an 

entire system requires knowledge of the signal statistics among different IP blocks. To 

obtain this information, the architect must perform different functional simulations. In 

this section, we focus on the problem of previous power estimation approaches. 

Various RTL power estimation techniques have been introduced previously. These 

techniques can be divided into two categories: probabilistic and statistical. 
Probabilistic techniques [Ghose92], [Najm90], [Marculescu94] are about the input 

stream to estimate internal switching activity of the circuit. These techniques are very 

efficient, but they cannot accurately capture factors like glitch generation, propagation 

etc. While in statistical techniques [Yacoub89], [Huizer90], [Deng94] the circuit is 

simulated under randomly generated input patterns and monitoring the power 

dissipation using a simulator. For accurate power estimation, we need to produce a 

required number of simulated vectors, which is usually high and causes run time 

problem. To handle this problem, a Monte Carlo simulation technique was presented 

in [Burch93]. This technique uses input vectors that are randomly generated and the 

power sample (power dissipation) is computed. Those samples combined with 

previous power samples are required to determine whether the entire process needs to  
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be repeated in order to satisfy a given criteria. Conceptually these techniques are 

shown in Fig. 2.3. 

Power consumption estimated by analytical methods may not relate to real hardware 

very well. Therefore, most of the high-level power estimation techniques fall into 

empirical methods that measure the power consumption of existing layouts or 

implementations and produce models based on those measurements. Power Factor 

Approximation (PFA) method [powell90] was introduced. The energy models are 

parameterized in terms of complexity parameters and PFA proportionality constant. 

For instance, for the memory, the storage capacity in bits in used and for the I/O 

drivers the word length alone is adequate. The weakness of fixed-activity models is 

that they do not account for the influence that data activity can have on power 

consumption. PFA uses an experimentally determined weighting factor to model the 

average power consumed by a given module over a range designs. To improve the 

accuracy, more sophisticated macro-model equations have been introduced. Dual bit 

type model [Landman94] exploits the fact that, in the data-path, switching activities of 

high-order bit behave similarly to white noise data. Thus a module is completely 

characterized by its capacitance models in the most significant bit (MSB) and least 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2.3   An alternative flow for power estimation 
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significant bit (LSB) regions. The break-point between the two regions is determined 

based on the signal statistics collected from simulation runs. The activity-based 

control (ABC) macro-model [Powell90] was proposed to estimate the power 

dissipation of random-logic controllers. 

Among other approaches, one is the complexity-based model [Liu94]. The key is to 

setup the database (either by a library or the user) which contains the equivalent 

reference gate counts for each functional unit in a design. The total power is then 

estimated as the population of total equivalent reference gate counts and the average 

power consumed by each reference gate. In Chip Estimation System [Müller91] 

method, some special blocks such as SRAMs, the power estimation result using a 

complexity-based approach is not accurate since it does not take into account circuit 

styles, layout or clocking. This was improved using different techniques for different 

design blocks: memory, logic, clock and interconnect [Liu94]. Although very little 

information is required, complexity-based technique does not model circuit activities 

accurately. 

Another analytical approach is the activity-based model that improves the modelling 

of circuit activities by using the concept of entropy from information theory as a 

measure of the average activity in a circuit [Najm95]. But it is still difficult to capture 

the power attributes of different functional blocks accurately by using entropy. 

Transition-sensitive energy model was described in [Marculescu95], the authors 

considered input transitions rather than input statistics. Then the energy model is 

provided for each functional unit, and the table contained the power consumed for 

each input transition. A scheme is developed for collapsing closely related input 

transition vectors and energy patterns into clusters, thereby reducing the size of the 

table. After the energy models are built, it is not necessary to use any knowledge of 

the unit’s functionality or to have prior knowledge of any input statistics during power 

analysis. 

Most existing approaches of statistical power estimation consider the signal 

probability and average switching activity of the input signal and use signal 

probability propagation methods [Ismaeel91]. In those approaches, there is no 

guarantee that the estimated power has any relation to what the circuit will actually 

dissipate. Survey sampling perspective was addressed in [Ding96]. The sequence 

vectors are provided to estimate the power dissipation of a given circuit with certain 

statistical constraints. In this technique by dividing the vectors sequence into small 

units, like constitute the population of the survey, consecutive vectors. The average 
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power is estimated by simulating the circuit by a large number of samples drawn from 

the population. A look-up-table (LUT) based macro-model was presented in 

[Gupta97] and further improved in [Gupta99]. The LUT stores the estimates for equi-

spaced discrete values of the input signal statistics. The interpolation method was 

introduced for estimates, if the input statistics do not correspond to LUT. In [Chen97], 

[Chen98] interpolation scheme is improved by using power sensitivity concept. For 

better accuracy, numerous power macro-modelling techniques [Liu02], [Chen98] have 

been introduced. 

Another inputs/outputs (I/O) based model was presented in [Landman96] to capture 

the relation between power and input signal probability, input transition density, and 

output transition density. One common feature of the above macro-model approaches 

is that, they only provide information about the average power consumption over 

relatively large number of clock cycles. Although the individual models built in this 

way are relatively accurate (the error rate is 10%-15%), overall accuracy maybe 

sacrificed due to the incorrect input statistics or the inability to model the interactions 

correctly. 

In [Liu02], the authors used analytical macro-modelling approach for bottom-up 

power estimation. In addition to input signal probability Pin and input transition 

density Din, the input parameters of their equation-based macro-model also include a 

spatial correlation Sin metrics that further improves the model accuracy. In recent work 
[Liu05], the authors used analytical macro-modelling approach without considering 

temporal correlation Tin for IP based system. Their macro-modelling technique 
achieves significantly better accuracy than the previous techniques but also they do 

not consider output metrics such as output signal probability Pout, output transition 

density Dout, spatial correlation metric Sout and a temporal correlation metric Tout. 

In this thesis, we continue previous research work and developed power macro-

modelling technique based on the power estimation methodology using temporal 

correlation in [Durrani07], [Durrani06], [DurraniA07], [DurraniB07], [DurraniC07], 

[DurraniA06], [DurraniB06]. The temporal correlation captures those features that 

missed on spatial correlation Sin. We also proposed a new method to the computation 
of power macro-model function f(.) in equation (5.1) that can be used to a circuit to its 
output signal statistics in [Durrani07], [DurraniC07], [DurraniD07], [DurraniE06], 

[DurraniF06], [DurraniG06], [DurraniH06]. Our macro-model is eight dimensional 

LUT based. The inputs/outputs metrics of our macro-model are: 
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• Average input signal probability (Pin) 

• Average input transition density (Din) 

• Input spatial correlation (Sin) 

• Input temporal correlation (Tin) 

• Average output signal probability (Pout) 

• Average output transition density (Dout) 

• Output spatial correlation (Sout) 

• Output temporal correlation (Tout) 

Our macro-modelling technique achieves good accuracy than the previous approaches. 

We use intellectual property designs for our experiments. The further details will be 

described in the next chapters. 

2.4 Power Estimation Tools 

Power dissipation of VLSI circuits has emerged as a significant constraint in today’s 

electronics industry. Cost, circuit reliability, operational frequency, packaging, cooling 

mechanisms, and the portability have steered the scientists to find different techniques 

in order to confront the power requirements. Thus, it is needed to estimate accurately 

power dissipation on integrated circuits during the design phase. For the ever 

increasingly complexity, electronic design automation (EDA) tools have been 

developed also helping in minimizing power dissipation. Usually good architecture 

design and advanced technology process can reduce power consumption significantly. 

But if these factors are fixed, power consumption can be further optimized with EDA 

tools. Therefore, accurate power estimation tools are needed at the different levels of 

abstraction or design phase. 

The main feature that characterizes EDA tools is that input signal information is 

obtained from performance simulator, which simulates binary execution at functional 

level. Such simulator is commonly uses for evaluating architecture or compiler 

performance. The simulator can provide information on which functional units are 

accessed every cycle, and what values appear on processor data-path. If energy cost 

for accessing each function unit is estimated, processor power consumption can be 
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calculated on a per cycle basis. Architects can use such tools to measure sensitivity of 

power consumption to architecture configuration or to compiler optimizations. They 

may also be able to investigate trade-offs between micro-architectural designs in terms 

of power consumption. 

There are several approaches to obtain power consumption for a given design. One 

approach is to use power data obtained using lower level design tools. Power 

consumption for different types of access is measured on real implementation of the 

functional unit. Such approach is especially useful when evaluating power reduction 

of a small structure of a particular design. Many of recent proposals on architecture 

level low power techniques are evaluated by this approach, although the power models 

do not come in the form of integrated tools. For more general estimation of processor 

power, AccuPower [Ponomarev02] integrates power constants for major functional 

units on superscalar data path. Each functional unit has been laid out and power 

consumed at typical access pattern is measured through SPICE simulation. 

Many companies have developed power estimation tools for specific processor family 

with similar approach, such as IBM MET [Moudgill99] and Intel ALPS [Gunther01]. 

SimplePower [Ye00] uses power constraints and for each functional unit such as 

adder, register and multiplexer, a table of switching capacitance for different input 

vectors is created using low-level tools. Then input transition for the functional unit is 

captured using SimpleScalar simulation set on a per cycle basis. Power consumption is 

estimated by looking up the capacitance table for the input every cycle. Thus, 

SimplePower achieves accuracy but it can only model relatively small processor of 

five-stage pipeline. 

Instead of measuring access cost for each functional unit ESTPTEM 22

 

[Dhodapcar00] divides a chip into several blocks. There is a general observation that 

power consumption is roughly proportional to the area occupied by the designed 

circuit. Therefore, power consumption of a new architecture is estimated by scaling. 

Such approach is particularly useful for industrial companies where detail information 

on fabricated chips is available. 

Some other approaches used for micro-architectural level performance analysis. In 

[Palacharla97], the author presented a micro-architectural model of a generic 

superscalar processor, and quantified trade-offs between clock speed and hardware 

complexity. Similar approach can be seen in CACTI, a cache access time estimation 

tool [Wilton94]. CACTI describe a typical cache design at low-level, and analyze its 
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critical path for read access. It was later extended to model also cache area and power; 

technology dependent parameters such as transistor size, threshold voltage, and 

interconnect capacitance are defined in simulator source code. 

Wattch was the first to model a general purpose superscalar processor combined with 

cycle-level performance simulator [Kamble97]. Its power estimation core is largely 

based on CACTI. Wattch applies CACTI model to units such as register file, cache 

and issue logic. Wattch tries to estimate energy consumed by clock distribution, 

assuming that it is proportional to area occupied by each functional unit, and that the 

area is proportional to power consumed by the unit. Wattch also attempt to provide 

rough estimation of processor power breakdown. Thus, CACTI and Wattch are most 

popular to architecture researchers, despite of their limited accuracy. 

Most contemporary power analysis tools operate at relatively low-levels of abstraction 

consumer electronic market [Manners91], [Mayer92]. SPICE is considered as an 

industrial standard to be used for both design and final verification [Foty97]. At low-

level, SPICE is a general-purpose analog circuit simulation program, equipped with 

detail analytical models on capacitor, resistor, non-linear semiconductor devices etc. 

In typical VLSI design flow, SPICE is first used to verify design of transistor 

schematic. Then, after mask-layout of the circuit is created, actual dimensions and 

parasitic parameters are extracted from the layout and simulated again by SPICE. 

Power analysis can be performed but SPICE simulation is expensive. Therefore 

PowerMill [Powermill06] has been developed as an alternative. It is known as an 

analog circuit simulator that is described to power analysis, and runs faster than 

SPICE with only a few percent of degraded accuracy. 

Recently, many RTL design tools include power analysis, such as Orinoco, Synopsys 

Power Compiler have been introduced. The more abstract hardware description than 

conventional HDL is becoming increasingly popular. Orinoco [Offis04] estimates 

power from C/C++ description of the hardware, as well as from Verilog/VHDL 

description. However, RTL simulation is still too time-consuming to be used for 

architecture and compiler research. It is also difficult to cover a wide hardware design 

space opened to architecture design, especially for high-performance processor. Also, 

many of those tools are closely related to logic synthesis and may not be suitable for 

full-custom ASIC designs. 

Synopsys successfully addresses the needs of mainstream ASIC/SoC designers with 

the low power solution. Synopsys low power methodology consists of Power 



Chapter 2  Background and previous research 

 31 

Compiler, PowerArc, and PrimePower. These products provide early estimation, 

analysis, and characterization capabilities when used in conjunction with the 

industry’s leading synthesis tools – Design Compiler and Physical Compiler. 

Synopsys integrated design closure methodology for power, timing, area, placement, 

and signal integrity [Synopsys00]. At logic-level, larger capacity can be achieved by 

abstracting memory units and standard cells. PrimePower [Primepower06] can be used 

after logic is synthesized from structural HDL description. Power model is created for 

each cell to which logic is mapped. Signal information is collected from HDL 

simulator. Thus, PrimePower can perform full-chip power analysis dynamically. 

Before synthesis, hardware is described as sequential machines by structural HDL or 

as functions by behavioral HDL and C language. At this level, power is modeled for 

each circuit block. Since logic is not synthesized yet, the analysis does not depend on 

process technology or cell library. The signal information is obtained from simulation 

of HDL benchmarks. 

In this thesis, we used Synopsys Power Compiler as a power simulator for the 

reference values of the circuit’s power dissipation using time delays. Working in 

conjunction with Design Compiler, Power Compiler provides simultaneous 

optimization for timing, power, and area. Power Compiler offers analysis and 

optimization technology from RTL to the gate level. The power analysis technology of 

Power Compiler analyzes the design for switching power, internal cell power, and 

leakage power. It computes average power consumption based on activity of nets in 

the design and also allows capturing the switching activity of primary inputs, primary 

outputs and outputs of sequential elements during simulation. Power analysis can be 

performed at the register transfer level using RTL simulation or at gate level using 

gate-level simulation. More details about Synopsys power estimation methodology is 

given in Appendix B. The summary of these tools are described in Table 2.1. 

Generally, some approaches provide excellent accuracy and are practical for analyzing 

power of specific design under current technology. However, they have also several 

limits. First, in some cases, the measurement of power constants itself might be too 

costly. Implementing a functional unit requires considerable amount of time and 

effort. As for power density of a chip, such information is hardly accessible to the 

academic community. Second, they are often difficult to generalize the measurement 

results. It is not always clear how the measured power constant relates to the size and 

configuration of the circuitry, or how it would scale in future technology. 
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Table 2.1   Summary of power estimation tools 

 

2.5 Conclusions 

There are few approaches that have been published which deal with the power 

estimation of intellectual property designs at architecture level. However, they do not 

accurately consider the LUT based four dimensional I/O statistical parameters during 

generation of input patterns. In recent work [Liu02], [Liu05] the authors used 

analytical macro-modelling approach. In this thesis we present a new power macro-

modelling technique with eight dimensional I/O statistical parameters for IP-based 

designs . There is a growing need of a holistic approach to effective power 

specification, estimation and optimization. Today’s designers need optimization, 

analysis tools and a power management methodology that offer seamless reliability, 

time-to-market, and profitability requirements. 

 

Tool Level Characteristics 

AccuPower  Gate Integrates power constraints for major functional 

units 

IBM MET, Intel ALPS  Circuit Specific processor family 

SimplePower RTL Uses Power constraints for functional units such 

as adder, register, multiplexers 

CACTI Gate Analyses cache area and power 

Wattch  RTL Estimate energy consumed by clock distribution, 

functional units, and attempt to provide rough 

estimation of processor power breakdown. 

SPICE Gate/Circuit Uses for analog circuit simulation, verification 

and power analysis of VLSI design. 

PowerMill Gate Uses for analog circuit simulation and described 

power analysis and runs faster simulation. 

Orinoco  RTL Estimates power from Verilog/VHDL, C/C++ 

description from the hardware. 

Synopsys Power 

Compiler, PowerArc, 

PrimePower 

Gate/RTL Provides early power estimation, analysis, and 

characterization capabilities, timing, area, 

placement, and signal integrity 
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3.1 Introduction 

In solving the complex problem of power estimation for digital circuits, knowledge 

about the average switching activity in a circuit plays a significant part. Indeed, to 

compute the power dissipation, most of the current models rely on the switching 

activity information about the circuit. The accuracy in making such estimations has 

become an important objective by itself. The key issue is to account for various 

dependencies, irrespective of the particular way in which the inputs and the target 

circuits are described. 

Most of the existing work in pseudorandom testing and power estimation relies on 

probabilistic methods and signal probability calculations. Lot of work has been done 

by computing the signal probabilities in the different circuits. The research associates 

to the variable of the circuit inputs representing the signal probabilities and then, for 

each internal circuit line, the algebraic expressions are computed by involving these 

variables. These expressions represent the signal probabilities for these lines. While 

the algorithm complexity can be increased (worse case time) exponentially. 

In general, the synchronous behaviour of the sequential or control part of the RTL 

specification is modelled as a set of finite state machine (FSM). Both implementation 

styles can be modelled as FSM. A FSM can be represented as a structural or abstract 

fashion. The abstract representation of a FSM is the State Transition Graph (STG), 

where nodes represent states and edges the state transitions. The main limitation of the 

STG is that its size is proportional to the number of states. The structural 

representation is called synchronous network. It is a graph consisting of two types of 

nodes: combinational and sequential nodes. Combinational nodes represent logic 

function, while sequential nodes represent state elements such as flip-flops. 

The behaviour of a FSM driven by a sequence of inputs that follows a probabilistic 

distribution subject to some general constraints can be studied by viewing its transition 

graph as a Markov chain. Many algorithms have been proposed to analyze Markov 

chains of varying degrees of complexity. Advanced numerical techniques have been 

applied to systems with transition structures of varying sizes, but any approach that 

needs to explicitly list all the transitions in a Markov chain is necessarily limited in the 

size of the systems it can handle. For this reason, different authors have proposed 

symbolic algorithms that compute the steady-state probabilities for very large FSM 
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[Tsui98]. The FSM generated by high-level synthesis is typically in the form of a 

STG, where each state is represented symbolically. Our algorithms use the binary 

codes to assign to the symbolic states such that transition/switching activity on the 

input/output state variables is reduced as shown in Fig. 3.1. 

 

 

 

 

 

 

Fig. 3.1   Sequential circuit structure 

 

At the state transition graph level nothing has been decided about the structure of the 

combinational logic implementing the next state and output functions. Therefore, the 

state assignment algorithm can exploit degrees of freedom that are lost at successive 

phases and produce an encoded state transition table that is an effective starting point 

for the power estimation IP designs. At this stage, nothing is known about the power 

dissipation of IP module. Our algorithms target a state assignment that estimates the 

switching activity between state transitions. 

In this chapter, first we will discuss a method that uses genetic algorithm (GA) to 
derive an estimate for the power dissipation. Our method is for the digital IP-based 

system having different IP macro-blocks. The proposed approach, consider the 

primary inputs are modelled by a discrete time Markov chain. It computes the Markov 

chain that results from the interaction of the input probability distribution IP-based 

blocks dictated by its FSM. Later, we will present a precise mathematical framework 

of the problem of generating a sequence of random vectors with a given average input 

signal probability Pin, average transition density Din, input spatial correlation Sin, and 
input temporal correlation Tin. We show that exponential-size formulation captures all 
vector sequences of arbitrary length that satisfy the given statistics. Moreover, by 

relying on Markov chain theory, we argue that n-bit vector sequences generated by 
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solving this formulation have accurate statistic, superior uniformity and high 

randomness. 

In our statistical power estimation procedure, the sequence of an input stream is 

generated for a desired input metrics: Pin, Din, Sin, and Tin. Then using functional 
simulations and a power estimator, the output stream sequence and the average power 

dissipation PIP_avg is extracted by the output waveforms of the IP macro-block. At this 

moment, the power function f(.) in equation (5.1) can be defined. All this process is 
divided in two steps. In the first one, the metrics of the inputs/outputs (I/O) sequences 

are computed by GA. The pairs of input vectors are then fed, as initial population, to a 

GA, which will produce a set of input patterns in term of statistical metrics and the 

power function is obtained using PIP_avg in (5.1). The interpolation scheme [Chen97], 

[Chen98] can be applied (to improve power sensitivity concept), if the input metrics 

do not match based on their characteristics. In the second one, Monte Carlo zero-delay 

simulation [Najm93] is performed with different sequences of their signal statistics to 

evaluate the quality of the power function PIP_avg. Finally, we extract the power macro-

model. The overall RTL power estimation flow is shown in Fig. 4.1. 

3.2 Problem Formulation 

For an IP-based digital design, an input pattern is a binary vector received by its 
primary inputs. Depending on the environment the circuit is embedded in, input 

patterns may bear various statistical characteristics. Because of its random nature, the 

input pattern can be treated as a random variable V. The sample of V can be generated 
by an input pattern generator which takes into account spatio/temporal correlations. 

Power dissipation in CMOS circuits can be attributed to the following three sources: 

charging/discharging current through load capacitance, direct-path short circuit 

current, and leakage current. Except for very low voltage technologies, the 

contribution due to leakage current is usually negligible [ChandrakasanA95]. Thus, 

the logic state transition accounts for the major power consumption in a gate. For a 

circuit with Ng gate, the amount of power it dissipate during one clock cycle can be 

expressed as 
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Where V1 and V2 are the input patterns received by the circuit in two consecutive clock 

cycles, Ei is the energy dissipated at gate i and T is the clock cycle time. Since P is a 
function of random variables Ei ,i = 1,…, Ng , it is also a random variable and 

possesses a distribution function. Thus the average power of the circuit can be 

interpreted as the expected value of P. It should be noted that the energy dissipated at 
node i is a discrete valued function of V1 and V2 . According to (3.1), so does P. For 
practical circuit, however two adjacent observable values of the large sample space of 

P are close to each other.  

According to above description, the power estimation problem of intellectual property 

(IP) design, under zero-delay model can be stated as: 

“Given the RTL description of a IP macro-block with N inputs and M outputs and the 
zero-delays of its gates, and assuming that the period of the applied input vectors is 
greater or equal to the settling time of the circuit, estimate the average power 
consumption of the circuit for an input vector stream through the calculation of the 
circuit average switching activity.” 

The accuracy of the switching/transition activity evaluation is strongly dependent on 

the data correlation of the circuit signals and the assumed zero gate delay model. 

Concerning data correlation, it includes the temporal and spatial correlation. By 

temporal correlation we mean the dependency of a signal on its previous values. The 

spatial correlation is divided to the structural correlation, which is coming from the re-

convergent fan-out nodes, input pattern dependency coming from the sequence of the 

applied input vectors. In case of zero-delay model, a gate performs at most one 

transition in a clock cycle, which is called functional transition. However, under real-

delay model the gate may perform additional transitions called spurious transitions or 

glitches. In most practical circuits, except those circuits that are largely based on 

exclusive-or gates, the glitch power only accounts for an average of 20- 30% of the 

real-delay power [Ding97]. 

Search algorithms based on natural genetics and natural selection has been applied to 

many kinds of problems. Genetic Algorithms [Dare94] have proven to be successful 

technique for handling the complex problems inherent in the design and optimization 
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of VLSI devices [Dare94], [Davis91]. GA’s have shown a high degree of flexibility in 

handling power constraints [Arslan96]. They are more dynamic to combine power of 

randomness and evolution, and to analyze large solution space. For this reason, they 

are more useful in large space related problems, where an exact approach is not 

applicable. Therefore, GAs are good candidates for solving power estimation 

problems. Specifically, GA’s have been quite effective in the area of automatic test 

pattern generation for large digital circuits [Dare94]. They are used in this thesis to 

find the (randomly) vector sequences which most accurately estimate the power 

dissipation as we explained in [DurraniD06], [DurraniF06]. In this chapter, we will 

discuss the basics of genetic algorithm and the new method for generating input 

patterns that are characterized by the statistical parameters such as Pin, Din, Sin, and 
Tin. 

3.3 Genetic Algorithms – An Introduction 

The original genetic algorithm and its many variants, collectively known as genetic 

algorithms, are computational procedures belonging to a class of evolutionary 

techniques that are based on mechanisms of nature selection and genetics [Davis91]. 

GA are heuristic procedures, they are not guaranteed to find the optimum, but 

experience has shown that they are able to find very good solutions for a wide range of 

problems. Since their structure is basically independent from the problem to be solved. 

They are usually applied in fields very far from each other [Davis91]. 

3.3.1 Formal Definition of GA 

Let us define a genetic algorithm more formally in the following way: 

Definition 3.1:  Suppose that the task is no find an optimal (maximal or minimal) 
solution to a certain problem P. Let T be the domain of our problem and let 

TT ⊆' be its subset so that function 
ILT a

':χ is 1-1 and onto for some fixed 
integer 1 and a finite language L. The function χ maps (approximately) our original 

problem to the problem 
'P on 

'L . Genetic algorithm is defined as an iterative schema: 
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( ),1 ii XX Φ=+     
randomX 0    (3.2) 

with 
'LX i ⊆  and 

SRE oo=Φ      (3.3) 

where E, R and S are evaluation, recombination and selection operator respectively. 

Optimal solutions of problem 
'P can be mapped back into solutions of problem P 

using 
1−χ . 

GAs works by evolving a population of individuals over a number of generations. A 

fitness value is assigned to each individual in the population, where the fitness 

computation depends on the application. For each generation, individuals are selected 

from the population for reproduction, the individuals are crossed to generate new 
individuals, and the new individuals are mutated with some low mutation probability. 

The new individuals may completely replace the old individuals in the population, 

with distinct generations evolved. Alternatively, the new individuals may be combined 

with the old individuals in the population [Arslan96]. In this case, we may want to 

reproduce the population in order to maintain a constant size, e.g., by selecting the 

best individuals from the population. Both of these approaches have been used for 

applications and both of them have yielded good results. The choice of which 

approach is used may depend on the application. Since selection is biased toward more 

highly fit individuals, the average fitness of the best individual is also expected to 

improve over time, and the best individual may be chosen as a solution after several 

generations. 

GAs use two basic processes from evolution: inheritance, or the passing of features 

from one generation to the next, and competition, or survival of the fittest, which 

results in weeding out the bad features from individuals in the population. The main 

advantages of GAs are: 

• They are adaptive, and learn from experience 

• They have intrinsic parallelism 

• They are efficient for complex problem 

• They are easy to parallelize 
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Various different representations and operations have been used in genetic algorithms, 

and many of these variations are described in [Mitchell98], [Goldberg89]. Our goal in 

this chapter is to provide an overview of the approach and operations for generating 

input patterns. 

3.3.2 Basic GA Terminology 

All genetic algorithms work on a population, or a collection of several alternative 
solutions to the given problem. Each individual in the population is called a string or 

chromosome, in analogy to chromosomes in natural systems. Often these individuals 
are coded as binary strings, and the individual characters or symbols in the strings are 

referred to as genes. In each iteration of the GA, a new generation is evolved from the 
existing population in an attempt to obtain better solutions.  

The population size determines the amount of information stored by the GA. The GA 
population is evolved over a number of generations.  

An evaluation function (or fitness function) is used to determine the fitness of each 
candidate solution. The fitness is the opposite of what is generally known as the cost 

in optimization problems. It is customary to describe genetic algorithms in terms of 

fitness rather than cost. The evaluation function is usually user-defined, and problem-

specific. 

Individuals are selected from the population for reproduction, with the selection biased 
toward more highly fit individuals. Selection is one of the key operators on GAs that 

ensures survival of the fittest. The selected individuals form pairs, called parents.  

Crossover is the main operator used for reproduction. It combines portions of two 
parents to create two new individuals, called offspring, which inherit a combination of 
the features of the parents. For each pair of parents, crossover is performed with a high 

probability PC, which is called the crossover probability. With probability 1-PC, 

crossover is not performed, and the offspring pair is the same as the parent pair. 

Mutation is an incremental change made to each member of the population, with a 
very small probability. Mutation enables new features to be introduced into a 

population. It is performed probabilistically such that the probability of a change in 

each gene is defined as the mutation probability PM. 
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Inversion is a genetic operator which does not change the solution represented by the 
chromosome, but rather changes the chromosome itself, or the (binary) representation 

of the solution. The inversion probability is denoted by PI. 

The generation gap is the fraction of individuals in the population that are replaced 
from one generation to the next and is equal to 1 for the simple GA. 

A schema is a specific set of values assigned to a subset of the genes in a 
chromosome. It is a partial solution and represents a set of possible fully specified 

solutions.  

In a typical binary-coded GA, where the chromosomes are bit strings, each string in 

the population is an instance of 
L2 schemata, where L is the length of each individual 

string. The number of different strings or possible solutions to the problem is also 
L2 , 

and the total number of different schemata contained in all these strings in 
L3 , since 

each gene in a schema may be 0, 1, or don’t care, x. Thus, the population represents a 
very large number of schemata, even for relatively small population sizes. By 

evaluating a new offspring, we get a rough estimate of the fitness of all its schemata. 

The numbers of these schemata present in the population is thus adjusted according to 

their relative fitness values. This effect is known as the intrinsic parallelism of the GA. 

As more individuals are evaluated, the relative proportions of the various schemata in 

the population reflect their fitness values more and more accurately. When a better 

schema is introduced into the population through one offspring, it is inherited by 

others in the succeeding generation, and thus, its proportion in the population 

increases. It starts driving out the less fit schemata, and the average fitness of the 

population improves. 

3.4 GA as a Pattern Generator 

Sequence generation has been widely used in different fields such as simulation, 

coding, verification, or cryptography. Research on sequence generation can be divided 

into several different areas. One of the very active fields is pseudo-random number 

generation (PRNG). The objective of PRNG is to generate a sequence of numbers with 

uniform distribution within a given set [Aiello98], [Blum86]. The most frequently 

used PRNG algorithm is the linear congruent random generation method [Knuth97]. 
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In this approach, starting from an initial number Xo, called the seed, a sequence of 
binary numbers Xk is generated by 

 

( ) MBAXX kk mod1 += −    (3.4) 

where A, B, and M are parameters. The results from PRNG can be modulated to create 
random vector sequences with certain probability distribution function. 

A GA generates the input patterns that allowing to estimate the power dissipation. For 

a digital system S based on IP macro-blocks and the statistical signals Q at the primary 

inputs of the system, our algorithm generates an input stream according to Q. The 

input Q gives the metrics, Pin, Din, Sin, and Tin at the primary inputs. The input S 
includes the individual power and output macro-models of each IP block in the 

system. The proposed algorithm for the IP system S is presented in [DurraniD06], 

[DurraniF06] and shown in Fig. 3.2. GA generates the input patterns randomly 

conforming to a prescribed input metrics of our macro-model. The pattern generation 

method is as follows: 

The pattern generation flow of GA is illustrated in Fig. 3.3. The GA is composed of 

populations of strings, or chromosomes, and three evolutionary operators: selection, 

crossover, mutation. The objective of these operations is to remove poor strings and  

 

 

 

 

 

 

 

Fig. 3.2   Algorithm flow for pattern generation 

 

GA for sequence of input pattern () 

 fitness_value = 0; 

 num_gen = 0; 

 Generation of randomly population; 

 While (num_gen < max_num of generation) 

  Compute fitness values in population; 

  Upgrade fitness_value; 

  Crossover; 

  Mutation; 

  Upgrade population; 

  num_gen + = 1; 

 end while; 
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Fig. 3.3   Flowchart of the genetic algorithm 
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produce healthy strings. In our problem, the chromosomes are the primary inputs. 

They may be binary-coded, or may contain characters from a larger alphabet 

[Goldberg89]. Each chromosome represents a sequence of vectors proceeded by the 

initial state and each one is an encoding of a solution to the problem at hand, and each 

individual has an associated fitness which depends on the application. The population 

size used as a function of the string length, which depends on the number of primary 

inputs, the number of flip-flops, and the vector sequence length n. Larger populations 
are required to accommodate longer sequences in order to maintain diversity. The 

initial population is typically generated randomly, but it may also be supplied by the 

user. A highly fit population is evolved through several generations by selecting two 
individuals, crossing the two individuals to generate two new individuals, and 
mutating characters in the new individuals with a given mutation probability. Distinct 

generations are evolved, and the processes of selection, crossover, and mutation are 

repeated until all entries in a new generation are filled. Then the old generation may be 

discarded as shown in Fig. 3.4. 

 

 

 

 

 

 

 

 

Fig. 3.4   Number of generations by genetic algorithm 

 

New generations are evolved until some stopping criterion is met. The GA may be 

limited to a fixed number of generations, or it may be terminated when all individuals 

in the population converge to the same string or no improvements in fitness values are 
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found after a given number of generations. Since selection is biased toward more 

highly fit individuals, the fitness of the overall population is expected to increase in 

successive generations. However, the best individual may appear in any generation. 

Each individual has an associated fitness, which measures the quality of the individual 

in terms of switching activity. Because each fan-out on a gate contributes to the output 

capacitance of that gate, the number of gate fan-outs is taken into account in the 

fitness function: 

∑ ×= ))()(_( gfanoutgcounttogglefitness  (3.5) 

3.4.1 Selection 

Selection is done probabilistically but is biased toward more highly fit individuals, and 

the population is essentially maintained as an unordered set. Various selection 

schemes have been used, but our method is focus on roulette wheel selection, 
stochastic universal and binary tournament selection with and without replacement. 
An individual is selected by spinning the roulette wheel and noting the position of the 

marker. The probability of selecting an individual is therefore proportional to its 

fitness. The stochastic universal selection is a less noisy version of roulette wheel 

selection in which N is the number of individuals in the population. N individuals are 
selected in a single spin of the roulette wheel, and the number of copies of each 

individual selected is equal to the number of markers inside the corresponding slot. In 

binary tournament selection, two individuals are taken at random, and the better 

individual is selected from the two. If binary tournament selection is being done 

without replacement, then the two individuals are set aside from the next selection 

operation, and they are not replaced into the population. Since two individuals are 

removed from the population for every individual selected, and the population size 

remains constant from one generation to the next, the original population is restored 

after the new population is half-filled. Therefore, the best individual will be selected 

twice, and the worst individual will not be selected at all. The number of copies 

selected of any other individual cannot be predicted except that it is either zero, one, or 

two. In binary tournament selection with replacement, the two individuals are 

immediately replaced into the population for the next selection operation. The 

selection and crossover process is shown in Fig. 3.5. 
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Fig. 3.5   One generation is broken down into a selection phase and recombination phase. This 

figure shows strings being assigned into adjacent slots during selection. In fact, they can be 

assigned slots randomly in order to shuffle the intermediate population. Mutation (not shown) 

can be applied for crossover. 

 

The objective of our pattern generation algorithm is to converge to an optimal 

individual, and the selection pressure is the driving force which determines the rate of 
convergence. A high selection pressure will cause the population to converge quickly, 

possibly at the expense of a suboptimal result. Roulette wheel selection typically 

provides the highest selection pressure in the initial generations, especially when a few 

individuals have significantly higher fitness values than other individuals. Tournament 

selection provides more pressure in later generations when the fitness values of 

individuals are not significantly different. Thus, roulette wheel selection is more likely 

to converge to a suboptimal result if individuals have large variations in fitness values. 
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3.4.2 Crossover 

Once the chromosomes are selected, the crossover operator is used to generate two 

offspring. In one- and two-point crossover, one or two chromosome positions are 

randomly selected between one and (L-1), where L is the chromosome length, and the 
two parents are crossed at those points. For example, in one-point crossover, the first 

child is identical to the first parent up to the crossing point and identical to the second 

parent after the crossing point. An example of one-point crossover is shown in Fig. 

3.6. In uniform crossover, each chromosome position is crossed with some 

probability, typically one-half. 

 

 

 

 

Fig. 3.6   One-point crossover 

 

Crossover combines the schemata or in other words, it built two different solutions in 

various combinations. Smaller good building blocks are converted into (progressively) 

larger good building blocks until we have an entire good solution. Crossover is a 
random process, and the same process results in the combination of bad building 

blocks to result in poor offspring, but these eliminated by the selection operator in the 

next generation. Progressive growth of schemata is shown in Fig. 3.7. In the figure, if 

we assume that the fitness function is such that consecutive strings of 1’s result in a 

higher fitness. Thus, schemata of the form xx111xx are good. The figure shows the 

offspring from one crossover operation taking part in further crossover. Although the 

sequence of events shown may occur over many generations, it illustrates how strings 

of consecutive 1’s can be gradually accumulated. 

 

 

Parent 1:        101101101      111001100 
Parent 2:        001101100      100101000 

 

Offspring 1:   101101101      100101000 

Offspring 2:   001101100      111001100 
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Fig. 3.7   Advantage of crossover: Schema growth 

 

At the same time, schema destruction also results from crossover, as shown in Fig. 

3.8. Any schemata spanning the cut point of the crossover operation are destroyed; 

i.e., they are not inherited by either of the offspring. This destruction introduces new 

random schemata instead. The destruction probability of a schema is proportional to 

its length. Since long schemata span a large part of the solution string, they are cut by 

any random cut point with a high probability. Holland’s schema theorem analyzes 

these processes and concludes that the net result is a gain of good schemata 

[Holland92]. 

 

 

 

 

Fig. 3.8   Destruction of long schemata during crossover 

 

The end result of crossover is that schemata from the two parents are combined. If the 

best schemata from the parents can be combined, the resulting offspring may be even 

better than the two parents. Highly fit individuals are more likely to be selected as 

parents, the GA examines more candidate solutions in good regions of the search 

space and fewer candidate solutions in other regions. The optimum solution may 

                       Chromosome            Schema 
Parent 1:      01011  |  0110100    xxx11xxxxxxx 
Parent 2:      00110  |  1110010    xxxxx111xxxx 

Offspring:    01011  |  1110010    xxx11111xxxx 
Parent 1:       01011111  |  0010    xxx11111xxxx 
Parent 2:      10011000   |  1101   xxxxxxxx11xx 

Offspring:    01011111   |  1101   xxx1111111xx 

                        Chromosome              Schema 

Parent 1:       11010  |  0010011      11xxxxxxxx11 
Parent 2:       10110  |  1110000 

Offspring:     11010  |  1110000 
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therefore be discovered relatively quickly. The performance of the GA depends to a 

great extent on the performance of the crossover operator used. 

The amount of crossover is controlled by the crossover probability, which is defined 
as the ration of the number of offspring produced in each generation to the population 

size. A higher crossover probability allows exploration of more of the solution space 

and reduces the chances of settling for a false optimum. A lower crossover probability 

enables exploitation of existing individuals in the population that have relatively high 

fitness. 

3.4.3 Mutation 

As the new individuals are generated, each character is mutated with a given 

probability. In a binary-coded GA, mutation is done by flipping a bit. It produces 

incremental random changes in the offspring generated through crossover, as shown in 

Fig. 3.9. Without any crossover, mutation is equivalent to random search that 

consisting of incremental random modification of the existing solution, and acceptance 

if there is an improvement. In the GA, mutation severs the crucial role of replacing the 

gene values lost from the population during the selection process so that they can be 

tried in a new context, or of providing the gene values that were not present in the 

initial population. 

 

Fig. 3.9   Mutation operator 

 

For example, a particular bit position, bit 10, has the same value, say 0, for all 

individuals in the population. In such a case, crossover alone will not help, because it 

is only an inheritance mechanism for existing gene value. That is, crossover cannot 

create an individual with a value of 1 bit 10, since it is 0 in all parents. If a value of 0 

for bit 10 turns out to be suboptimal, then, without the mutation operator, the 

algorithm will have no chance of finding the best solution. The mutation operator, by 

producing random changes, provides a small probability that a 1 will be reintroduced 

Before Mutation:      110100010011 

After Mutation:       110000010011 
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in bit 10 of some chromosome. If this results in an improvement in fitness, then the 

selection algorithm will multiply this chromosome, and the crossover operator will 

distribute the 1 to other offspring. Thus, mutation makes the entire search space 

reachable, despite a finite population size. Although the crossover operator is the most 

efficient search mechanism, by itself, it does not guarantee the reachability of the 

entire search space with a finite population size. Mutation fills in this gap. 

The mutation probability PM is defined as the probability of mutating each gene. It 

controls the rate at which new gene values are introduced into the population. If it is 

too low, many gene values that would have been useful are never tried out. If it is too 

high, too much random perturbation will occur, and the offspring will lose their 

resemblance to the parents. The ability of the algorithm to learn from the history of the 

search will therefore be lost. 

3.4.4 Fitness Scaling 

During the natural selection phase, the next generation is selected by their “fitness”. 

The fitness is a measure of how optimal solution is relative to other potential 

solutions. The GA selects individuals with probability proportional to their fitness. If 

the raw fitness values are used for this probabilistic selection, without any scaling or 

normalization, then one of two things can happen. If the fitness values are too far 

apart, then it will select several copies of the good individuals, and many other worse 

individuals will not be selected at all. This will tend to fill the entire population with 

very similar chromosomes and will limit the ability of the GA to explore large 

amounts of the search space. On the other hand, if the fitness values are too close to 

each other, then the GA will tend to select one copy of each individual, with only 

random variations in selection. Consequently, it will not be guided by small fitness 

variations and will be reduced to random search. Fitness scaling is used to scale the 

raw fitness values so that the GA sees a reasonable amount of difference in the scaled 
fitness values of the best versus the worst individuals. Thus, fitness scaling controls 

the selection pressure or discriminating power of GA. 

The following fitness scaling algorithm applies to evaluation functions that determine 

the cost, rather than the fitness, of each individual. From this cost, the fitness of each 
individual is determined by scaling as follows. 

A reference worst cost is determined by 
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σSCCw +=
    (3.6) 

where C is the average cost of the population, S  is the user-defined sigma scaling 
factor, and σ is the standard deviation of the cost of the population. In case Cw is less 

than the real worst cost in the population, then only the individuals with cost lower 

than Cw are allowed to participate in the crossover. 

The fitness of each individual is determined by  

 



 −

=
0

CC
F w

     if   otherwise

CCw >

  (3.7) 

This scales the fitness such that, if the cost is ±k standard deviations from the 
population average, the fitness is 

 

( )σkSF ±=
    (3.8) 

This means that any individuals worse than S standard deviations from the population 
mean (k=S) are not selected at all. The usual value of S is between 1 and 5. 

The cost vs. fitness is illustrated for three possible cost distributions in Fig. 3.10. If S 
is small, the ratio of the lowest to the highest fitness in the population increases, and 

the algorithm becomes more selective in choosing parents as shown in Fig. 3.10(a). 

On the other hand, if S is large, then Cw is large, and the fitness values of the members 

of the population are relatively close to each other in Fig. 3.10(b). This causes the 

difference in selection probabilities to decrease and the algorithm to be less selective 

in choosing parents. In Fig. 3.10(c), shows a case when one individual is much worse 

than the rest of the population. The fitness of this individual is set zero, and the 

algorithm still has good discrimination between the rests of the individuals. 

3.4.5 Inversion 

The inversion operator takes a random segment in a solution string and inverts it end 

for end in Fig. 3.11. This operation is performed in a way such that it does not modify  
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Fig. 3.10   Effect of sigma scaling on fitness 

 

the solution represented by the string. Instead, it only modifies the representation of 

the selection. Thus, the symbols composing the string must have an interpretation 

independent of their position. This can be achieved by associating an identification 

number with each symbol in the string and interpreting the string with respect to these 

identification numbers instead of the array indices. When a symbol is moved in the 

array, its identification number is moved with it, and therefore, the interpretation of 

the symbol remains unchanged. 

Chromosome is shown in Fig. 3.11. The fitness is the binary number consisting of all 

bits of the chromosome, with bit 0 being the least significant, and bit-9 being the most 

significant. Since the bit identification numbers are moved with the bit values during 

Cost 
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the inversion operation, bit 0, bit 1 etc. still have the same values, although their 

sequence in the chromosome is different. Hence, the fitness value remains the same. 

 

 

 

 

 

Fig. 3.11   Inversion operator 

 

The inversion probability controls the amount of group formation. Inversion changes 
the sequence of genes randomly, in the hope of discovering a sequence of linked genes 

placed close to each other. That is, for long schemata consisting of many don’t-cares 

in the middle, it tries to re-sequence the genes to bring them to neighbouring locations. 

This operation, illustrated in Fig. 3.12, has the effect of shortening the schema length. 

Longer schemata have a higher probability of being cut and destroyed by the one-point 

crossover operator, and hence, long schemata with don’t-cares embedded will not be 

explored efficiently. By reducing their lengths, and grouping genes of a schema in 

close proximity in the chromosome, the inversion operator greatly improves the 

efficiency of the one-point crossover operator. 

 

Fig. 3.12   Shortening of schema by inversion 

 

However, inversion is a random process, and where there is a probability of reducing 

schema length, there is also a probability of increasing it. Such offspring with 

increased schema length will prove to be less fit in the long run and will be weeded 

out by the selection algorithm. Hence, the useful effect of inversion will dominate. If 

the genes are arranged in the chromosome such that related genes are close together 

Before Inversion: 11xxxx11xx 

  After Inversion:  11x11xxxxx 

Before          B9   B8  B7  B6  B5   B4  B3   B2   B1  B0 

Inversion       1    1    0    0     0     0     1     1    0     0 

 

After            B9   B8  B7  B6  B5   B4   B3  B2   B 1  B0 

Inversion        1    1    0    1     1     0     0    0     0     0 
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from the beginning, then the good schemata will be short without the need for 

inversion. Such a genetic coding will be highly beneficial. In problems where such a 

genetic coding can be derived, the inversion operator is not used. 

3.5 Power Estimation Methodology 

In the previous section we discussed how the GA works, in this section we will 

describe how the GAs are going to be used to derive the pattern generation of our 

application for the power estimation methodology. 

A typical Register transfer level power estimation methodology consists of the 

following steps: 

• Characterization of each component at the high-level design library by 

simulating it under pseudo random data and fitting a multi-variable regression 

curve (i.e., the power macro-model equation) to the power dissipation results 

using a least mean square error fit [Benini96]. 

• Extraction of the variable values for the macro-model equation from either 

static analysis of the circuit structure and functionality, or by performing a 

behavioural simulation of the circuit. In the latter case, a power co-simulation 

linked with a standard RTL simulator can be used to collect input data 

statistics for various RTL modules in the design. 

• Evaluation of the power macro-model equations at high-level design 

components which are found in the library by plugging the parameter values 

in the corresponding macro-model equations. 

• Estimation of the power dissipation for random logic or interface circuitry by 

simulating the gate-level description of these components [Burch93], 

[Huang95], or by performing probabilistic power estimation [Marculescu95], 

[Tsui95]. The low-level simulation can significantly speed up by the 

application of statistical sampling technique [Chou95], [Yuan96] or automata-

based compaction techniques [Marculescu96], [Marculescu97]. 

In our research, we focus on the problem of statistical power estimation at register 

transfer level for IP-based designs. In power estimation, the circuit is simulated under 

different input patterns and the power dissipation is monitored using simulator. 

Eventually, the power is converged to the average power. But the complex issues are 
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how to select the input patterns to be applied in the simulations and how to decide 

when the measured power has converged close enough to the true average power. The 

Monte Carlo zero-delay method is used for input vectors that are randomly generated 
and the power sample (power dissipation) is computed. Those samples combined with 

previous power samples are required to determine whether the entire process needs to 

be repeated in order to satisfy a given criteria. 

Since power consumption is input pattern dependent, the signal properties have 

significant impact on the power consumption of the circuit. The switching of a node 

can be viewed as a probabilities event and the expected number of logic transitions 

over a period of time can be estimated by the transition probability of the node. Under 

the assumption that the primary inputs are temporally uncorrelated, the transition 

probability of an internal node m is given by: 

 

( )mmm ppTp −= 1
    (3.9) 

where pm and Tpm are the signal and transition probabilities of node m. When 
calculating the signal probability of the internal nodes, signal correlation among the 

internal nodes due to reconvergent fanout has to be taken into account. An exact 

method for calculating the signal probability under the uncorrelated input assumption 

was developed using Ordered Binary Decision Diagram (OBDD) in [Marculescu97]. 

During calculation of the signal probability of the internal node, two types of 

correlations have to be considered. The first is the structural dependency due to re-
convergent fan-out. The second is the stochastic dependency due to the primary input 
correlations. Nodes that are structurally independent may become correlated because 

of the input dependency [Landman94]. 

The assumption of temporal and spatial independence at the primary inputs is however 

not always true. In many applications, only some input patterns out of all possible 

input patterns are feasible and the sequence of the input patterns is far from random. 

For example, in the microprocessor domain, input patterns are generated from 

architectural level traces which are driven by the instruction opcodes and the 

instruction mix for typical applications. Spatial correlation among the primary inputs 

is determined by their conditional probabilities. Two signals, a and b, are spatially 
correlated if: 



Chapter 3  Statistical power estimation method 

 58 

( ) ( ) ( )bpapbap ≠,
    (3.10) 

If the circuit inputs are not temporally independent, the switching activity has to be 

captured by the transition probability which depends on the sequence of input patterns 

applied and hence the transition probability of the primary inputs. In [Marculescu96], 

transition probability of a signal is modelled by the state transition probabilities of a 

Markov Chain consisting of two states, 0 and 1. In [Marculescu97], it is shown that 

reshuffling the input vector sequence to achieve a different temporal correlation with 

the same input signal probabilities, a power consumption difference as high as 30% 

can be observed. 

In [Yuan96], the temporal and spatial correlation at the primary inputs has significant 

impact on the power consumption of the circuit. For an input sequence having high 

correlation (generated by a sequence counter), the power consumption can be as low 

as 5% of the power consumption for another input sequence which has low correlation 

(generated by a random number generator). To exactly account for the correlations is 

practically impossible even for small circuits. (The number of correlation coefficient 

that must be considered among n inputs is 
n2 ). In [Marculescu96], the correlations are 

approximated by considering only pairwise signal correlations. These pair-wise 

correlations are captured among the sixteen possible transitions of a pair of signals 

(a,b). The mathematical foundation of the model is a Markov Chain with four states 
(0,1,2,3 which correspond to 00, 01, 10, 11 encodings of (a,b)). In [Marculescu95], it 
is shown that the accuracy in estimating the switching activity of individual nodes in a 

circuit improves by an average factor of 6X compared to the approaches that do not 
account for any of the correlations. 

To summarize, signal probabilities, transition probabilities and spatial/temporal 

correlations are the important properties of the primary inputs which affect the power 

consumption of the circuits. These properties are related to each other. Indeed, if we 

know the pair-wise transition probabilities, then the signal and transition probabilities 

can be derived. 

3.5.1 Characterization 

Signal statistical behaviour is determined by the input signal probability and the input 

transition density. We first introduce some definitions and terminologies for the 
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statistical power estimation technique. We use signal and node interchangeably 

throughout this chapter. 

Given an IP macro-block with the number of primary inputs r and the input binary 

stream 
),...,,...,,(),,...,,{( 2222111211 rr qqqqqqq = )},...,,( 21 srss qqq

of length s: 

 

Definition 3.2: Signal Probability The signal probability P(m) of a node m in the 
circuit corresponds to the average fraction of clock cycles with a period of T in which 
the node has a steady state logic value of ONE. P(m) can be defined as: 
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Signal probability is used for accurate estimation of signal activity. Therefore it is 

essential to calculate accurately signal probability for further use in estimating 

activity. 

 

Definition 3.3: Transition Density  The transition density D(m) is defined as the 
average number of transitions from 0→1 and 1→0 per unit time. 
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The correlation was originally described in [Papoulis91]. Every signal in a logic 

circuit can be related to a statistical process. Input correlation plays a significant role 

in power dissipation, especially when the circuit is part of a wide data-path. We have 

therefore decided to incorporate input correlation to the metrics of our model. To 

capture temporal and spatial correlations, we consider correlation metrics S(m) and 
T(m). 
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Definition 3.4: Spatial Correlation Two (or more) signals are spatially correlated 

S(m) if the values that one assumes are dependent on the values of the other. Two 
signals are spatially independent if they are not spatially correlated. In other words, the 

average of the bit-wise XNOR between all possible channel streams 

)}...,,{( ,21 siiii qqqq =
and 

)}...,,{( ,21 sjjjj qqqq =
 in the stream q. 
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{ }1)( =∧= jiij xxPmS
   (3.13) 

where, xi and xj are input signals. i.e., it is the probability of both inputs being high 
simultaneously. Even though the joint probability is not what is usually referred to as 

“correlation coefficient” between two random variables, in this case of Boolean 

variables the joint probability of two bits is enough to capture their complete joint 

distribution and therefore, suffices as a measure of their correlation. Where ⊕ is 

XNOR in (3.12) and (3.13) respectively. 

 

Definition 3.5: Temporal Correlation A signal is temporally correlated T(m) if the 
value that it assumes on the next clock cycle is dependent on its present and (or) 

previous values. In other words, the input stream has its next value depends on its 

current value and on previous values. For a given channel stream of length s, the 
convolution with an arbitrary window yj of length t from the channel stream qj. 
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where⊗ is the convolution in (3.14). Each term in the convolution represents the 
number of times that two signals are both simultaneously high. Each term indicates 

how well the chosen subset is reproduced in the sequence, and therefore provides an 
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estimate of the signal’s temporal correlation. The main issue in the definition of T(m) 
is the choice of t, since a value that is either too big or too small may result in missing 
correlation information. In [Dragone98] the authors use a similar window technique to 

estimate the temporal correlation of input streams with arbitrary distributions. Their 

study shows that a suitable value for t is 10. 

3.5.2 Relationship between Signal Probability and 

Transition Density 

A digital circuit always makes a 10/01 transition at some time after a 01/10 transition. 

When time T approaches infinity, the transition probabilities of 01 and 10 will 
converge to the same value. With the above definitions, four transition probabilities 

are derived and expressed as: 
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Note that 
{ }1,0,,10 εjip ij

m ∀≤≤
. The (3.12), (3.13), (3.14) should satisfy (3.16). A 

relationship between P(m) and D(m) as: 
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where n is the number of primary inputs. The derivation of equation (3.17) is simple, 
as follows: Let z1(z1) be the average number of consecutive clock cycles that an input 
node remains high/low. Through a minor extension of the results in [Najm93] to the 

case of discrete time signals, P(m) and D(m) at input node m are given by: 
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from which it follows that: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3.13   Relationship between signal probability and switching activity 
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Since z1 ≥ 1 and z0 ≥ 1, (3.20) and (3.21) lead to the required result (3.16) and can 
rewrite as: 

5.0)(21)( −−≤ mPmD
   (3.22) 

so that for a given P(m), D(m) is restricted to the shaded region in Fig. 3.13. The 
relationship between power and signal probability can also be shown in Fig. 3.14. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3.14   Relationship between signal probability and power 
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3.5.3 Pattern-Dependency 

A common characteristic of the power estimation problem is that average power is 

strongly related to the switching activity of the circuit nodes. Such fact has been 
explained in [Najm94] as stating that power estimation is a pattern-dependent process. 

The input pattern dependency can be strong or weak on the power estimation 
approach. 

The typical approach for the power estimation based on extensive circuit simulation 

have been indicated in [Najm94] as strongly pattern-dependent process. Main 

advantage of this approach is to derive from their accuracy and wide applicability. To 

obtain the complete and accurate power estimation, the designer should provide a 

comprehensive amount of input patterns to be simulated. 

3.6 Mathematical Modelling for Temporal 

Correlations 

For the VLSI design, average power dissipation is proportion to the average switching 

activity. A good approximation of the average switching activity is the transition 

probability. Given the input switching probability it is possible to calculate the 

probability of the state transition in a finite state machine. This information can be 

used to find an encoding that estimates the transition probability of the state variables. 

In this section we will discuss the detail of this concept: 

Given the FSM description and the knowledge of the input probabilities we can 

estimate the transition probabilities for the state transition graph (STG). The input 

probability distributions can be compute by simulating the FSM at a high-level of 

abstraction or by direct knowledge from the designer. Then, the transition probability 

information for each edge in the STG can be compute by modelling the STG as a 

Markov chain. Later we will see in this section. 

It is important to understand that the transition probabilities are strongly dependent 

upon the initial state. For example, if the FSM has a transition from state Si to state Sj 
for all possible inputs, we may realize that this transition will happen with very high 

probability during the operation of the FSM. This may not be the case: if Si is 
unreachable, the FSM will never perform the transition, because it will never be in 
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state Si. In similar case, if the probability of being in state Si is very low, a transition 
from state Si to state Sj is unlikely. Our algorithm reduces the switching activity by 
assigning similar property to state with high transition probability. 

The STG for a simple FSM is shown in Fig. 3.15. The edge labelling shows the input 

configurations that cause a transition from the state at the tail of the edge to the state at 

the head of the edge. For example, in state S1, an input of either 00, 10 or 01 will 
cause a FSM to transition from S1 to S2, whereas an input of 11 results in the FSM 
remaining in S1. We can compute the transition probabilities by interpreting the STG 
as a Markov chain. A Markov chain is a representation of the finite state Markov 

process [Papoulis91], [Trivde82], a stochastic model where the probability distribution 

at any time depends only on the present state and not on how the process arrived in 

that state. 

 

 

 

 

 

 

 

 

 

 

   (a)      (b) 

Fig. 3.15   (a) The STG of FSM with four states and two input signals. The “-” symbol represents 

don’t care entry. (b) State table for a FSM 
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probability of the transition (i.e., the probability of a transition to state Sj given that the 
machine was in state Si). It can be represented as: 

 

}Pr{Pr, ijji SesentSNextobq ===
  (3.23) 

The zero conditional probability is never drawn n the graph representation of the 
Markov chain model. Let an IP module fed by the input vectors V1,V2,…,Vn, while at 

time units 1,2,…,n, these vectors are applied to the primary inputs of the circuit. The 
logic value of any internal line m may be 1 or 0 as shown in Fig. 3.16. Hence under  

 

 

 

 

 

Fig. 3.16   IP module fed by the input vectors stream 

 

 

 

 

 

 

 

 

 

 

Fig. 3.17   A Markov chain describing effects on line m 
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the zero-delay model, m may switch at most once each during clock cycle. So that if 
we define its state of line m at any time n by random variable mn then the behaviour of 

line m can be described as Markov chain {mn}n>1 , over the state set S={0,1}, through 
the transition matrix T in [Papoulis91], [Chen97] as shown in Fig. 3.17. 

Every entry 
m
bap , in the T matrix represents the conditional probability and may be 

viewed as one-step transition probability to state b at step n from state a at step n-1. 

 

Definition 3.6: Conditional Probabilities Conditional probabilities of any signal 

m can be defined as: 

])()[( 1, ambmpp nn
m
ba === −    (3.24) 
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The expressions for these conditional probabilities are: 

 

( )( ) ( )( )( )000,0 =−== γtmtmppm

 
( )( ) ( )( )( )011,0 =−== γtxtmppm
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( )( ) ( )( )( )111,1 =−== γtmtmppm

 (3.26) 

Further expressed as: 

 

( )( ) ( )( )( )
( )( )0

00
0,0

=−

=−∧=
=

γ

γ

tmp
tmtmp

pm

 

( )( ) ( )( )( )
( )( )0

01
1,0

=−

=−∧=
=

γ

γ

tmp
tmtmp

pm

 

 

( )( ) ( )( )( )
( )( )1

10
0,1

=−

=−∧=
=

γ

γ

tmp
tmtmp

pm

 

( )( ) ( )( )( )
( )( )1

11
1,1

=−

=−∧=
=

γ

γ

tmp
tmtmp

pm

 (3.27) 



Chapter 3  Statistical power estimation method 

 68 

Where T is a stochastic matrix, every row adds to unity, i.e: 

 

11,00,0 =+ mm pp
    

11,10,1 =+ mm pp
    (3.28) 

 

Definition 3.7:  Markov Chain  One-step transition probabilities do not 

depend on the history, i.e, they are the same irrespective of the number of previous 

steps. If the process 
{ }

1≥nnm
is stationary and homogenous, P, then the probability 

distribution of the chain can be expressed as [Papoulis91], [Chen97]: 

 

PTP =     (3.29) 

where T is the transition matrix of the chain. 

 

Proposition 3.1:  The signal probabilities can be expressed in terms of 

conditional probabilities: 
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Proof: Relation (3.30) can be written explicitly as: 
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or 

( ) ( ) ( )100 0,10,0 =+=== mppmppm mm
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( ) ( ) ( )101 1,11,0 =+=== mppmppm mm

   (3.32) 

where p(m=1) is the signal probability. But we have that p(m=0)=1-p(m=1), 
respectively p(m=1)=1-p(m=0) and then relations (3.30) follow immediately. 

 

Definition 3.8: Transition probabilities Transition probabilities of any signal 

line m can be defined as: 

)]()[()( 1 ambmpmp nnba =∩== −→      
1,0, =∀ ba
  (3.33) 

or 
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( ) ( )( ) ( )( )( )1001 =−∧==→ γtmtmpmp
 

( ) ( )( ) ( )( )( )1111 =−∧==→ γtmtmpmp
   (3.34) 

The transition, signal, and conditional probabilities associated with any signal line m 
are not independent measures. 

 

Proposition 3.2: Transition probabilities can be expressed in terms of 

conditional probabilities as: 
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Proof: Using the relation (3.26) and assuming the stationary property for the process, 
we have: 
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( ) ( ) m
abba pampmp ==→    (3.36) 

for any values a,b=0,1. From relation (3.30), the above formulas are straight-forward. 

 

Proposition 3.3: Conditional probabilities can be expressed in terms of 

transition probabilities as: 
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Proof:  It suffices to use the following two identities and the equations (3.35). 
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Relying on Propositions 3.1, 3.2, 3.3, the relationship between all kinds of 

probabilities can be illustrated in Fig. 3.18. 

Now, we need less information to compute the signal probabilities, but the ability to 

derive anything else is severely limited; while once we get either conditional or 

transition probabilities we have all we need for that particular signal. 

 

Definition 3.9: Switching Activity For any given line m, the switching activity 
can be defined as: 
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Fig. 3.18   Relationship between conditional, signal and transition probabilities 
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From (3.39), the switching activity depends only on the statistics for two consecutive 

time steps and using Markov chain is sufficient for estimating activity. 

3.7 Mathematical Modelling for Spatial 

Correlations 

There are two sources for spatial correlations: 

1. Pattern dependencies, that is, temporal or/and spatial correlations of an input 
sequence applied to the circuit. 

2. Structural dependencies, because of the re-convergent fan-out in the circuit. 

For the primary inputs of the IP module, the exact correlated input sequences can not 

be generated especially for small circuits. To handle this problem, the authors in 

[Marculescu96], [Marculescu97] allow only pair-wise correlated signals, which is an 

approximation that provides good results. Consequently, we consider similar approach 

in [Marculescu96], [Marculescu97] of the correlations for all 16 possible transitions of 

a pair of signals (r,s) and model it as 4 states Markov Chain (state 0,1,2,3 encoding 00, 
01, 10, 11) of (r,s) as shown in Fig. 3.19. 
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Fig. 3.19   A Markov chain describing spatial correlations between lines m and l 

 

Definition 3.10: Pairwise Conditional Probability The conditional probabilities 

of a pair of signals (m,l) can be defined as [Marculescu96], [Marculescu97]: 
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where x,y=0,1,2,3, a is encoded as ab and y as ch. Equation (3.40) describes the 
probability that the pair of signals (m,l) goes from state ab at time n-1 to state ch at 
time step n. 

In [Ding96] the author describes the structural dependencies between any two signals 
in a circuit by using the signal correlation coefficients SCC’s: 
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Where a,b=0,1. If we assume the higher order correlations of two signals to a third 
one can be neglected, the following approximation can be considered: 
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At different state, the correlation coefficient among three signals is defined as: 
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Proposition 3.4: Every pair of signals (m,l) the equations hold: 
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The set of four equations and four unknowns 
)1,0,( =bapSCC ml

ab  is indeterminate; 

the system matrix has rank ≤ 3 in all nontrivial cases (i.e., when none of the signal 
probabilities is 1). 

 

Definition 3.11: Transition Correlation Coefficients (TCC) For two signals (m,l) 
is defined as [Ding96]: 
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where a,b,c,d=0,1. 
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Proposition 3.5: For every pair of signals (m,l) and all possible values 
a,b,c,d=0,1, the equations hold: 
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Proof: For the four-state Markov Chain in Fig. 3.19 and relation (3.40) we have that 
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but according to the definition of conditional probabilities 
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and then 
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Hence, from the above relation, applying (3.41) and (3.45) we get 
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Equivalently, we get: 
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and hence the required relation is satisfied: 
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Proposition 3.6: For every pair of signals (m,l) and all possible values a,b=0,1, 
the following equations hold [Marculescu96], [Marculescu97]: 
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Proof: From the definition of SCC we get 
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The second equation follows in a similar manner. 

 

Preposition 3.7: For every pair of signals (m,l) and all possible values 
a,b,c,d=0,1, the following equations hold [Marculescu96], [Marculescu97]: 
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Proof: Similar to the proof for Proposition 3.6, but using the definition of TCC. 

The above set of 8 equations and 16 unknowns 
)1,0,,,(, =dcbaTCC ml

cdab  is 

indeterminate. Moreover, the matrix of the system has the rank ≤ 7  in the non-trivial 
cases (trivial case is when any one of the signal probabilities is either 0 or 1). 

In last two propositions the set of equations involving SCCs may be solved knowing 

only 
mlSC11 . For more complex case involving TCCs, the author [Ercolani92] 

explained that 9 out of 16 coefficients are needed in order to deduce all values. 

3.8 Conclusions 

Genetic algorithm is quite effective in the area of automatic pattern generation for the 

digital circuits. In this chapter, GA is used to derive an estimate for the power 

dissipation. The behaviour of a finite state machine driven by a sequence of inputs that 

follows a probabilistic distribution subject to some general constraints can be studied 

by viewing its transition graph as a Markov chain. Most of the existing work in 

pseudorandom testing and power estimation relies on probabilistic methods and signal 

probability calculations. Since power consumption is input pattern dependent, the 

signal properties have significant impact on the power consumption of the circuit. The 

switching of a node can be viewed as a probabilities event and the expected number of 

logic transitions over a period of time can be estimated by the transition probability of 

the node. 
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4.1 Introduction 

Nowadays, estimating power consumption of a circuit in various design phases have 

been examined by the researchers. In early design phase of a circuit, the objective of 

power estimation [Landman96], [Tiwari94], [Marculescu95] is to provide a relative 

comparison metrics so that designers can efficiently explore various design 

alternatives. Absolute accuracies are compromised during these phases as information 

such as routing capacitances and gate/transistor level implementation is not finalized 

yet. As the design progresses, more design decisions are made and information 

required such as gate/transistor sizing can still be done in final phases of design. The 

objective of power estimation shifts more toward power verification, rather than 

design exploration. Examples of this type of techniques are [Najm90], [Tsui93], 

[Marculescu94], [Landman94]. 

With the increasing size of design blocks, the number of input vectors required for 

estimating the power consumption of a circuit is growing exponentially. In the 

meantime, it is required more time for simulating each input vector increases rapidly 

with the growing complexity of circuits. From the previous research, there are two 

categories for the method of shortening the time required for power estimation. One is 

to generate a shorter input sequence, and the other is to sample a small portion of the 

input vectors from the original sequence. To regenerate an input sequence that has the 

similar average power as that of the original input sequence, some features of the 

original sequence need to be preserved while regenerating the shorter one. These 

features include preserving the pattern transition probabilities, preserving the temporal 

and spatial correlation for all inputs, and preserving the significant correlations 

between the clustered inputs. The compact input sequence can only be generated 

according to a user-specified compaction ratio, which users usually do not know the 

proper value. 

The Monte Carlo approach for power estimation is proposed by F. Najm [Najm93]. 

The method estimates the average power by sampling the input vectors with certain 

length l from the original sequence and feeds them into the simulator to derive a 
sample value of the average power. The average power consumption can be estimated 

with the average of several sample values. From the Central Limit Theorem, the 
sample values can be presumed as a Normal distribution when l approaches infinity. 
The probability that the estimated mean is within a certain error range of the real mean 
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can be also derived under the assumption. If x is far from a Normal distribution, the 
basis of the Monte Carlo method fails and the estimated power may have a larger error 

level than expected. 

The purpose of this chapter is to propose an accurate IP based statistical sampling 

technique that uses Monte Carlo simulation approach. We assume that a hierarchical 

netlist of the circuit with each IP module described at the RTL. For each module, a 

power estimation technique at the same abstraction level as the netlist is adopted. Our 

target is the average total power consumption of a hierarchical circuit under a user-

specified application input stream. In addition, the estimation itself is performed in a 

single Monte Carlo simulation so that the power estimate at the top level circuit 

satisfies the user-specified confidence and error levels. This is different from the 

strategy which estimates each IP module in a separate Monte Carlo simulation and 

sums up the estimates to produce total average power. The drawback of the latter 

strategy is that it is difficult to determine a prior what confidence and error levels 
should be assigned to each module so that the sum of individual power estimates 

satisfies the confidence and error levels specified at the top circuit level. 

Statistical sampling techniques can be classified as parametric or non-parametric. In 
parametric technique [Najm93], the basic simulation unit (power sample) is assumed 

to follow near-normality. The mean power consumption of a pre-determined the fixed 

number of randomly selected clock cycles constitutes a sample in order to ensure the 

near-normality of samples. While non-parametric technique [Landman96] do not 

consider assumption about the distribution of samples that made. The power 

dissipation values of those units in a sample are ordered, resulting in order statistics of 

the sample. Different convergence (or stopping) criteria are applied in these 

techniques. 

A statistical technique is differentiated from one another based on how the samples are 

selected and subsequently, how many samples are required for convergence. 

Therefore, the term “efficiency” should be referred to as the product of simulation 

effort spent on each sample (or sample granularity) times the number of required 

samples, instead of strictly the number of required samples. After investigating the 

efficiency and over-sampling characteristics of Monte Carlo simulation, we conclude 

that Monte Carlo simulation strategy favors smaller sample granularity. In another 

words, if sample granularity is a choice, smaller sample granularity achieves higher 

overall efficiency. Consequently, our objectives in design sampling strategies are: 
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• Reducing the variance of samples. 

• Using smaller sample granularity while maintaining the near-normality of 

samples. 

The block diagram in Fig. 4.1 gives an overall view of the Monte Carlo simulation 

technique. This technique uses an input model based on a Markov process to generate 

the input stream for simulation as explained in chapter 3. The simulation is performed 

in an iterative fashion. The vector sequence of fixed length (sample) is simulated 

during every iteration. The simulation results are monitored to calculate the mean 

value and variance of the samples. The iteration terminates when the some stopping 

criteria is met. At the end, the power values are observed when the successive 

numbers of iterations have done. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.1   Monte Carlo simulation technique 
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The power is found at the average value of the instantaneous power drawn throughout 

the sample phase, and not during the setup phase as shown in Fig. 4.2. However, the 
setup phase is a critical component of our approach, and serves two purposes. 

1. In the beginning of the simulation run, the circuit does not switch as often as it 

typically would at a later time, when switching activity has had time to spread 

to all the gates. Thus the circuit is simulated until all nodes are switching at a 

stable rate during setup. This argument will be made more precise in section 

4.3.3, where we also derive an exact value of the setup time. 

2. The power values are observed at the end of successive sample intervals. This 

is required in order for the stopping criterion to be correct, and is guaranteed 

by restarting the random input waveforms at the beginning of the setup phase. 

The details are given in section 4.4. 

Thus the setup phase guarantees that we indeed measuring typical power, and ensures 
the correctness of the statistical stopping criterion. 

4.2 Monte Carlo Techniques Vs Probabilistic 

Techniques 

There are two main advantages of the Monte Carlo approach for power estimation 

over probabilities techniques. These are: 

• This approach achieves good accuracy in reasonable time, neglecting trade-off 
between speed or accuracy of probabilistic techniques. 

• The algorithm simplicity makes it easy to implement in existing logic or 

timing simulation environments. 

Probabilistic techniques [Cirit87], [Najm91] suffer trade-off between speed or 

accuracy because they must resolve the correlations between internal circuit nodes. If 

correlations are taken into account, these methods can be accurate. However, it is 

computationally expensive and impractical. Therefore, fast implementations of these 

techniques are necessarily inaccurate. 
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4.3 Monte Carlo Simulation Method 

Monte Carlo approach for power estimation is based on the assumption that the 

samples of power are Normally distributed. However, the power distribution of a 
circuit is not always Normal in the real world. In this section we describe our problem 
formulation and discuss how it reduces the known problem of mean estimation in 
statistics. Then we also discuss the stopping criterion, and normality assumption 

required for it to work. We conclude with a discussion of the setup and sample phases. 

4.3.1 Problem Formulation 

Let us consider an IP-based module with n internal nodes and ma(t),tε(-∞,+∞), be the 

logic signal at node a and 
( )Ts

am  be the number of transitions of ma in the time 

interval (-T/2,+T/2]. If, in accordance with [Veendrick84], we consider only the 
contribution of the charging/discharging current components, the average power 

dissipated at node a during that interval is 
TsCV

amadd /5.0 2

, where Ca is the total 

capacitance at a. The total average power dissipation in the module during the same 
interval is: 
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2    (4.1) 

The power rating of IP module normally refers to its average power dissipation over 

extended periods of time. Therefore, the average power dissipation Pavg of the module 

is: 
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 (4.2) 

The main goal of our approach is to estimate Pavg, corresponding to the infinite time T, 
as the mean of several PTOT values, each measured over a finite time interval of length 
T. To find how mean estimation problem comes, we should consider a randomly 
generated logic signals as follows. 
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Let us consider every logic signal ma(t),tε(-∞,+∞), from [Veendrick84] we construct a 
stochastic process ma(t) for logic signals ma(t+τ), where τ is a random variable. For 
each τ, ma(t+τ) is a shift of ma(t). Therefore, PTOT for ma(t+τ) corresponds to 
measuring the power of ma(t) over an interval length T centered at τ, rather than at 0. 
The random power of  ma(t) over the interval (-T/2,+T/2] be expressed as: 
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Now 
( )Ts

am  is a random variable. It was shown in [Najm92] that ma(t) is stationary 
[Tsui93] so that, for any T, the expected average number of transitions per second is a 
constant: 
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  (4.4) 

where E[.] is the expected value (mean) operator. In [Najm91], [Najm92], D(ma)is the 
transition density of ma(t). In equation (4.4), E[PTOT] is the same for any T, and the 
average power can be expressed as a mean: 

 

[ ]TOTavg PEP =
   (4.5) 

The power estimation problem has been reduced (in terms of statistics) to the mean 

estimation problem. 

4.3.2 Proposed Solution 

In this section we will explain the statistical power estimation technique for computing 

the transition densities D(m) of all circuit nodes for the IP module. In chapter 3, we 
have already explained the generation of the input patterns based on the statistical 

parameters like transition density D(m), signal probability P(m), temporal and spatial 
correlations T(m), S(m) respectively. 
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Given the input probabilities, transition densities, and correlations values, we can use 

our random input pattern generator (explained in section 3.4), that generates the input 

waveforms to derive the power simulator. At the given time T, our simulator simulates 
the IP module and we count the number of transitions at every node, called sample 

taken at that node. If we repeat this process N times, and form the average n  of the 

number of transitions at a node, called sample mean, then Tn /  is an estimate the 

transition density at that node. 

In statistics [Xakellis94], the large values of N, the sample mean n  can approach the 
true average number of transitions in time T can be expressed by η. The sample 

standard deviation s can approach σ, where 
2σ  is the variance of the number of 

transitions. After continues simulation run the sample reaches until n  that is close 
enough to η. The test method is called stopping criterion, to be discussed in next 
section. 

The power consumption of a CMOS circuit is dominated by charging/discharging of 

the load capacitance at each gate output. The average power consumption can thus be 

defined as a function in terms of successive input patterns: 
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m N
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    (4.6) 

where µm is the average power consumption, N is the number of input patterns, and 
)( iVPower
is the power measured when the primary inputs are transiting from the ith 

pattern to the (i+1)th pattern. 

Let P be the random variable R defined on a sample space containing all )( iVPower
. 

The average of n values of P is called random sample m, whose sample mean 
approaches the desired average power µm, and can be expressed as: 
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where Pi is a value of R the P. According to the Central Limit Theorem, R of m has a 
distribution close to Normal for large n. 

To estimate the µm in (4.6) without simulating all input vectors, the Monte Carlo 

approach can help us to estimate power. Let m  and 2r  be the sample mean and 
sample variance of m, respectively. 

4.3.3 Setup and Sample Phase 

Let the stationary of mi(t), the finite intervals of width W, over which PTOT values will 

be measured, need not to be centered at the origin. A PTOT value may be obtained from 

any interval of width W, called a sampling interval. The following requirements must 
be met: 

• The different PTOT samples must be samples from independent PTOT random 

variables. 

• Throughout interval, the signal mi(t) must be samples of the stationary 
processes mi(t). 

Now we will describe a simulation process that guarantees both requirements. Let the 

circuit primary inputs are at 0 from -∞ to time 0, then becomes samples of the 
stationary processes mi(t) in positive time. If we consider a primary input driving an 
inverter with delay td, its input is a stationary process for t ≥ 0 and its output must be 
stationary for t ≥ td. By using a simplified timing model for every gate as in [Najm91], 
we can repeat this argument enough times to get the following conclusion: If the 

maximum delay from the primary inputs to node x is Tmax,i then the process mi(t) 
becomes stationary for t ≥ Tmax,i. If the maximum delay in the circuit is Tmax = max 
(Tmax,i), then the sampling interval may start only after t ≥ Tmax. This guarantees the 

second requirement is met. From the time onwards, all internal processes are 

stationary, and the circuit is in steady state. We call the time interval from 0 to Tmax the 

setup phase. Intuitively, the digital module needs to be simulated until all nodes are 

switching at stable rates before a reliable sample of power be taken and the minimum 

time required to achieve that is Tmax. Finding Tmax in combination and sequential 

modules is explained in section 4.4.1 and 4.4.2. 
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To guarantee the first requirement, we simply restart the simulation at the beginning of 

every setup phase. As a result, the time axis is divided into successive regions of setup 

and sampling, as shown in Fig. 4.2. 

 

 

 

Fig. 4.2   Successive sample and setup phase 

4.3.4 Sample Mean and Sample Variance 

Let {mj,j=1,2,…,n} be n randomly sampled elements out of a population with an 
arbitrary distribution, the sample mean is defined as the arithmetic average of these n 
samples 
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The sample variance 
2s is defined as: 
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From (4.8), (4.9), the following results can be derived: 
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. The r_error stands for the related error level, α is the 
confidence level, and n is the number of samples of m. Equation (4.10) means that the 
user can have a confidence level of 1-2α about the claim that the error between the real 

Sample Sample 

t=0 

T T Tmax Tmax 

Setup Setup 



Chapter 4  Monte Carlo simulation method  

 89 

mean µm and the sample mean m  is smaller than the related error level. If r_error is 
larger than the user specified error level ε, one or more samples of m should be picked 
and the sample mean and r_error are evaluated again. The procedure is iterated until 
the user-specified error ε is satisfied. 

4.4 Stopping Criterion 

4.4.1 Estimating Average Power in Combinational 

Circuits 

Average power can be estimated by simulating the circuit with a large number of N 
samples of inputs. If the successive input patterns are independent, then the average 

power can be estimated from the node switching activity for large N. However, in 
order to determine the value of N, statistical mean estimation techniques can be used 
to determine the stopping criteria. 

In [Najm92] experimentally determined that the power consumed by a circuit over a 

period t has a normal distribution. We consider the similar approach. Let p and s be 
the measured average and the standard deviation of the random sample of the power 

measured over time T, respectively. Then with (1-α)x100% confidence we can write 
the following inequality: 

N

st
Pp avg

2/α<−
   (4.11) 

where tα/2 is obtained from a t-distribution with N-1 degrees of freedom and Pavg is the 

true average power. Hence, one can write 
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−

   (4.12) 
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From the above inequality one can notice that the right-hand side of the inequality 

should be less than ε, the desired percentage error for the given confidence level (1-
α)x100%. Hence, the following condition should be satisfied: 

 

εα <
Np

st 2/

    (4.13) 

Therefore, from (4.13) one can determine the required number of simulations N for 
obtaining a given confidence level and desired percentage error: 
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    (4.14) 

The main advantage of this technique is that the accuracy required by the user can be 

specified up-front and based on that, the number of simulation runs can be obtained. It 

has been found that for reasonable accuracy, the number of runs required for some of 

the circuits can be as low as 10. Hence, the CPU time required for the Monte Carlo 

simulations to estimate average power can be comparable to that of the probabilistic 

techniques. 

The above technique provides an accurate estimate of average power dissipation; 

however, one of the main disadvantages is that it does not provide accurate estimates 

of the power consumed by individual gates of the circuit. Some of the internal gates 

switch very in frequently, and hence, it will take a very large number of simulation 

runs to estimate the power dissipation of those nodes. A simple modification to the 

above Monte Carlo technique can be used to accurately estimate the internal-node 

power dissipation by considering the absolute error bound for low-activity nodes 

rather than the percentage error bound [Xakellis94]. 

Let us consider a circuit that is simulated N times for a time interval T and the number 
of transitions measured at a node every time be ni, 1≤ 1 ≤ N. Hence, the average 

number of transitions at the node is given by 
Nnn i /=
. Then, according the Central 

Limit Theorem [Miller85], n  has a distribution that is close to normal for large values 
of N. If β is the true expected value of the average number of transitions at the node 
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under consideration and s is the measured standard deviation of N values of ni, then for 
the following inequality holds with (1-α)x100% confidence: 
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   (4.15) 

where zα/2 is obtained from the normal distribution. In [Miller85] the authors explained 

that for the above inequality to be valid, N should be larger than 30. As before, if the 
percentage error that can be tolerated is ε, then the number of required simulations is: 
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It is clear from the above inequality that if n is very small, then the number of 
simulation run N will be very large. In [Najm92] the author classified the low-activity 

nodes as those nodes for which minβ<n
, where βmin is some user-specified value. 

Hence, for the low-activity nodes, the following modified stopping criteria can be 

used: 

2
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2/
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Hence, from inequality (4.17) one can write the following condition with (1-α)x100% 
confidence: 

εββ α
min

2/ ≤≤−
N

sz
n

  (4.18) 

Therefore βminε is an absolute error bound for low-activity nodes. 

It should be observed that the low-activity nodes take the longest time to converge; 

however, they have the least effect on the average power dissipation of a circuit. 

Therefore, the penalty associated with a higher percentage error with the low-activity 

nodes is minimal in terms of average power dissipation. 
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4.4.2 Estimating Average Power in Sequential Circuits 

The above Monte Carlo based technique cannot be directly applied to sequential 

circuits because the steady-state probability for each state can be different. The 

problem is even more complicated due to the possible presence of “near-closed sets of 

states” in a state transition graph. In the presence of such a set of states, the authors 

[Najm95] derive a technique to estimate power dissipation in sequential circuits. 

The basic idea of Monte Carlo methods for estimating activity of individual nodes is 

to simulate a circuit by applying random-pattern inputs. The convergence of 

simulation can be obtained when the activities of individual nodes satisfy some 

stopping criteria. The procedure is outlined in Fig. 4.3. 

In sequential circuit, things are different due to the state-bit feedback. One of the 

approaches is to monitor the state-bit probabilities to determine the convergence 

[Najm95]. In order to have (1-α)x100% confidence and some error ε (upper bound on 
absolute error of the state-bit probabilities), one must perform at least 
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However, to derive each sample probability of a state bit is a problem since the 

probability depends on the state the sequential circuit is in. The authors in [Najm95] 
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Fig. 4.3   Flow of Monte Carlo method for estimating activity 

 

resolved as follows. They assumes that the state of the machine at time k (kth clock 
cycle) becomes independent of its initial state at time 0 as k→∞. As a result, the 
probability that the state bit signal si(k) is logical 1 at time k with initial state ( )0S  

being So, denoted as P(si(k)=1│S(0)= S0) [abbreviated as Pk(si│S0) has the following 
property: 
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The authors further discusses in [Najm95] that is, the probability will be independent 

of the initial state k→∞. Based on this property, two runs starting from two different 
initial state S0 and S1 are performed at the same time. During the simulation in 
[Najm95], the difference and average of Pk(si│S0) and Pk(si│S1) are monitored. If both 
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the difference and average remain within a window of width of εw for a certain user-
specified number of consecutive clock cycles, it is declared that Pk(si│S0) and 
Pk(si│S1) has converged. This convergent value of probability is a sample value. The 
sample procedure is repeated K times to meet the user-specified error and confidence 
level. In [Najm95] explains, however, there are some circuits in which the above 

technique may not directly apply. 

4.5 Power Sensitivity Analysis 

Since power dissipation in CMOS circuit is strongly dependent on the input signal 

properties, uncertainties in specifications of input signal properties make the 

estimation process difficult. In fact, average power dissipation of a circuit should be 

represented as a range given by [Powermin,Powermax] Traditional power estimation 
techniques cannot deal with complexity of the problem since it is practically 

impossible to try all ranges of signal properties to estimate the minimum and 

maximum average power dissipation when the number of primary inputs is large in 

[Chen97], [Chen98]. 

Both primary input probability and activity variations can result in uncertainties in the 

estimation of power dissipation. To measure this effect, the authors [Chen97], 

[Chen98] represent the power sensitivity to primary input activity Sai and power 
sensitivity to primary input probability SPi as follow: 
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where ai and Pi are the activity and probability of primary input i, respectively. 
Poweravg is proportional to normalized power dissipation measure Φ. Therefore, we 
can define normalized power sensitivity to primary input activity ξai and normalized 
power sensitivity to primary input probability ξPi in terms of Φ as follows [Chen97], 
[Chen98]: 
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where aj is the activity of each internal node and primary output. 

A naive approach to estimate power sensitivity would be to simulate a circuit to obtain 

the average power dissipation based on nominal values of primary input signal 

probabilities and activities and then to assign a small property variation to only one 

primary input and re-simulate the circuit . After all primary inputs have been 

exhausted, power sensitivity can be obtained using ∆Poweri/∆θi, where θi can be Pi or 

ai in [Chen98]. This method can easily be implemented. However, it involves n+1 
times of power estimation. If the number of primary inputs is large, this method can be 

computationally expensive. Therefore, the naive simulation method is impractical for 

large circuits with a large number of primary inputs. A practical symbolic method was 

proposed [Chen97]. However, to apply this approach to large circuits, circuit 

partitioning is required, which can introduce error. 

4.5.1 Power Sensitivity Estimation 

In the previous sections, Monte Carlo-based power estimation determines the node 

activities simulated by a sequence of primary input vectors. Now let us consider the 

case for which such techniques can be used to estimate power sensitivities. 

A multilevel logic circuit can be described by a set of completely specified Boolean 

functions. Each Boolean function f maps a primary input vector to an internal or 
primary output signal. The activity of an internal node or primary output j can be 
obtained as follows [Chen97], [Chen98]: 
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where 
( )00

2

0

1

0 ,...,, nIIIV =
 and 

( )T
n

TTT IIIV ,...,, 21=
 are primary input vectors and 

0

iI equals 
0i or 

0

i and 
T
iI equals 

Ti or 
T
i . The superscripts denote time and T is the 

clock cycle. Therefore, the statistics of internal and primary output signals are 

completely determined by logic transitions at primary inputs. The instantaneous power 

dissipation of a circuit is completely determined by two consecutive input vectors. 

Now, the expected value of average power can be expressed as follows [Chen97], 

[Chen98]: 
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The power consumption in every clock cycle is a random variable and is denoted as 

Pwr . ( )TVVPower 0

 represents the power consumption due to the pair of input 

vectors 
0V and 

TV . For a particular pair of consecutive vectors, 
( )TVVPower 0

 is 

independent of the probability and activity values of primary inputs. The probability 

of having consecutive input vectors 
0V followed by 

TV is represented by 
( )TVVP 0

. 

Therefore, power sensitivity can be expressed as follows [Chen97], [Chen98]: 
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All primary inputs are assumed to be spatially independent. Therefore, we have 
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From basic calculus, we have 
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Substituting (4.28) into (4.27) and then into (4.26), we obtain 
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Statistical technique to estimate average power calculates the instantaneous power 

Pwr. Multiplying Pwr by a factor 
( )[ ] i

T
ii IIP θ∂∂ /ln 0

, the authors [Chen97], [Chen98]  

obtained a sample of power sensitivity. The only expression left to be evaluated is 
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. Since 
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Each of the expressions can be expressed in terms of probability and activity (Pi and 

ai) [note that i(t-T) and i(t) are replaced by 
0i and 

Ti , respectively]. Therefore, 
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T
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can be calculated as follows [Chen97], [Chen98]: 
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and 
( )[ ] i
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 has the following four combinations: 
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4.5.2 Power Sensitivity Method to Estimate 

Minimum/Maximum Average Power 

In previous section, Power Sensitivity Estimation (PSE) can estimate power sensitivity 

as a by product of average power estimation with nominal values of signal probability 

and activity. The minimum and maximum average power of a circuit can easily be 

computed as follows [Chen97], [Chen98]: 
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Where Φavg is the average normalized power dissipation measure (proportional to the 
switched capacitance). It can be estimated during the average power estimation 

process using PSE with nominal values of primary input signal properties. The term ξai 
is the power sensitivity to ai of primary input i; ∆ai is the activity variation. Since the 
statistical techniques to estimate power can handle different delay models for logic 

gates, PSE can also handle different delay models and includes spurious transitions in 

its analysis. Fig. 4.4 gives the flow of the power sensitivity technique to obtain 

minimum and maximum average power dissipation. 

To compare the results obtained by simulation with those obtained by PSE, we 

compute the percentage difference using the expression in [Chen97], [Chen98]: 
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Fig. 4.4   Power sensitivity technique to obtain bound average power 

 

Start 

 

Generate a random circuit state 

 

Generate input vector pair 
TVV ,0  

Simulate the circuit to obtain 
( )TVVPower 0

 
 

Multiply ( )TVVPower 0

 by 

( )( )
i

T
ii IIP

θ∂

∂ 0ln

 
 

Converge? 

 

Obtain bounds for average power 

 

End 

 

No 

 

Yes 

 



Chapter 4  Monte Carlo simulation method  

 101 

( ) ( )

( )∑

∑ −

sallPI
a

sallPI
aa

SIM

PSESIM

i

ii

'

'

ξ

ξξ

   (4.40) 

where ξai (PSE) is the power sensitivity obtained by PSE and ξai (SIM) is the power 
sensitivity obtained by simulation. Since the long run simulation method repeats the 

estimation procedure n+1 times (n is the number of primary inputs), execution time 
may be unacceptably long for large n. 

After obtaining power sensitivities, we use (4.38) and (4.39) to compute the minimum 

and maximum average power for each simulated circuit. For simplicity, all primary 

inputs are assumed to have the same activity variation of 05.0±  and there is no 

probability variation for each primary input. However, the method is not limited to 

such assumptions. 

4.6 Conclusions 

In this chapter we have presented a Monte Carlo simulation methodology to estimate 

the average power consumption of digital circuits. This methodology determines that 

how the samples are selected and subsequently, how many samples are required for 

the convergence. Therefore, the term efficiency should be referred to as the product of 
simulation effort spent on each sample (or sample granularity) times the number of 

required sample, instead of strictly the number of required sample. After investigating 

the efficiency and over sampling characteristics of Monte Carlo simulation, we 

conclude that Monte Carlo simulation strategy favors small sample granularity. In 

other words, if sample granularity is a choice, smaller sample granularity achieves 

higher overall efficiency. Accurate estimation of power dissipation is critical in 

evaluating and synthesizing designs for low power at various levels of abstraction. 

This approach achieves good accuracy in reasonable time, neglecting trade-off 
between speed or accuracy of probabilistic techniques. Probabilistic techniques suffer 

trade-off between speed or accuracy because they must resolve the correlations 

between internal circuit nodes. If correlations are taken into account, these methods 

can be accurate. However, it is computationally expensive and impractical. Therefore, 

fast implementations of these techniques are necessarily inaccurate. 
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In this chapter we focus on the problem of power macro-modelling methodology at 

RTL for estimating the power consumption of IP-based designs in the context 

described in chapters 1, 2, 3, 4. 

5.1 Introduction 

The power macro-modelling is a promising solution to the problem of high-level 

power estimation. Recently RTL power modelling has defined an estimation paradigm 

that has been shown to be superior to any other, in terms of robustness, accuracy and 

flexibility [Liu05]. The paradigm relies on a view of the RTL description as a set of 

instantiated IP macro-block (such as comparators, multipliers, adders), or more 

complex macro-blocks (such as counters, shift registers). Beside these blocks, RTL 

description includes also a finite state machine. In [Chen97], the model fits nicely into 

the FSM with data-path model and is common to all the estimation approaches based 

on macro-modelling. RTL power estimation amounts to the construction of accurate 

power macro-models for macro-blocks that estimates the total power consumption of 

the design, which simply consist of summing all the contributions given by the 

individual power models. 

The urgent need of a feasible IP power model is becoming more useful in recent years. 

However, it has been proven that the macro-modelling is effective for individual IP 

components [De99]. The application of power macro-modelling on IP blocks of the 

system requires knowledge of the signal statistics among different IP blocks. To 

obtain this information, the design architect must perform different functional 

simulations. 

A simulation approach at high-level power estimation is to functionally simulate one 

circuit and to collect input sequences for each module/macro-blocks. In other words, 

the macro-model is to generate a mapping between the power dissipation of a circuit 

and certain statistics of input signals. Finally, the power dissipation of all the blocks is 

added together to get power consumption of the whole design. A good macro-model 

must be able to determine the power under different primary input distributions. Since 

power dissipation of a circuit is strongly dependent on the statistics of primary inputs, 

the relationship of power verses primary input probabilities and switching activities is 

complicated surfaces. Once such a surface is setup, power dissipation under different 

distributions of primary inputs can be easily obtained. However, to construct such a 
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power surface, a large number of discrete points are required. If one chooses p 
representative values for the probability and activity of each primary input, the number 

of representative points in the specification-space can be 
np 2
(n is the number of 

primary inputs). Hence, to generate the power surface, a symbolic or statistical power 

estimation process has to be repeated 
np 2
 times. 

The macro-model for the components may be parameterized in terms of the input bit 

width, the internal organization/architecture of the component, and the supply voltage 

level. In some cases the macro-model can be done analytically using the information 

about the structure of the gate-level description of the modules, without resorting to 

simulation as proposed in [Benini98]. Various RTL power macro-modelling 

techniques have been introduced previously [Liu05], [Chen97], [Moudgill99]. Among 

those techniques regression-based power models are particularly attractive because 

they are general (they are applicable to any macro), they are flexible (they represent 

families of models that offer to the designer different trade-offs between model 

complexity, characterization effort and accuracy) and they can be built automatically 

(without human intervention). 

5.2 Power Macro-modelling Challenges for Soft IP 

Core 

For complex IP cores, generating a power macro-model is challenging because of the 

following: 

• At high-level, IP cores are usually specified behaviourally through I/O 

behavioural modelling. Power modelling however requires information about 

the internal states of the IP core. Therefore, it is necessary to modify the IP 

core specification at the system level so that the power model and power 

evaluation tool can retrieve the information they need for power estimation 

and optimization. 

• The IP core may have internal state variables; it is therefore very difficult to 

generate an accurate power model for the IP core if we have access to 

information about its primary inputs outputs only. Therefore, it is desirable to 



Chapter 5 Power macro-modelling for IP designs  

 108 

construct a power macro-model for the IP core that includes variables related 

to not only its primary I/O, but also its internal state variables. 

• There may be thousands of internal state variables in the IP core. Using all of 

these variables will result in a power model which is too large to store in the 

system library and too expensive to evaluate. Furthermore, requiring 

information about internal state greatly increases the complexity of IP core 

specification and puts undue burden on the IP vendor to reveal details about IP 

core, which can otherwise be hidden from the IP user. 

To solve these problems, one needs to develop an IP power model constructor which 

will automatically generate power macro-models for IP cores using the minimum 

number of internal state variables. This may be achieved by using statistical relevance 

testing procedure such that only the “important” variables are retained in the power 

model. In this way, a power macro-model with small number of variables, yet 

sufficient accuracy can be constructed. 

5.3 Fundamental Requirements for RTL Power 

Macro-modelling 

The average power dissipation has been the primary focus of power estimation 

techniques and tools. It has however become important to estimate the power 

distribution of the circuit over a large number of clock cycles. This information is 

especially useful for determining the circuit performance and reliability. In power-

constrained design, RTL power models are required to predict the power dissipation of 

each macro instance. The fundamental requirements for RTL power models are the 

following: 

• The macro-model should not require disclosure of the details of the internal 

structure of the IP design. 

• The model should be robust and general: For the macro-model it should be 

possible for the IP provider to generate them with an automated procedure, 

and for the IP user to employ them with a wide variety of input pattern 

distributions without compromising accuracy. 
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• Power estimation procedure using RTL models should be more dynamic and 

efficient than the low-level power estimation. 

• The space and time complexity for the collection of parameter values for 

function f and for each evaluation of this f should be small. 

• The accuracy of the macro-model should be enough. 

• The error sensitivity of the model to variations in population behaviour should 

be small. 

Our macro-model works under these limitations. Next sections discuses the actual 

problem formulation and our proposed macro-model methodology for this problem. 

5.4 Problem Formulation 

According to the previous (chapters) description, we demonstrate the power macro-

modelling problem of two IP-based systems, under zero-delay model, which are 

similar in nature but different in characteristics that: 

 

Case 1: For the construction of power macro-model to the IP-based design M, the 

given statistical signals at different input nodes Q, the algorithm generates an input 

signals according to metrics Pin, Din, Sin, Tin. The output metrics Pout, Dout, Sout, Tout 
can be extracted by the functional simulations at the outputs of M as shown in Fig. 

5.1(a). The power estimation problem for M, under the zero-delay model can be stated 

as: 

 

Case 2: For the construction of power macro-model to the DSP system S of its IP 

macro-blocks, the given statistical signals at the two different input nodes X and C, the 

algorithm generates an input signals according to metrics, Pin, Din, Sin, Tin at the 
primary input node X, while for the secondary input node C, signal is fixed-
coefficients (constant) as shown in Fig. 5.1(b). The power estimation problem for S, 
under the zero-delay model can be stated as: 
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Given an input vector sequence of size L for IP-based design M or DSP system S, and 
RTL circuit with N modules, and assuming L is large enough to capture the typical 
operation of the circuit, derive a simple function such that the function value of vector 
inputs is as close to as possible to the power consumption of the L-vector sequence. 

 

Where L=pxq, while p is the length of the input signals (in time) and q is the number 
of input bits (in space). In the context of this problem, we propose an effective 

solution to the main challenges of the RTL power modelling: the generation of models 

for the power dissipation of technology-independent IP soft macros and the strong 

dependence of power from input pattern statistics. Our methodology is based on a fast 

characterization performed by simulating the high-level implementation of instances 

of IP soft macros within the behavioural description of the complete design. 

 

 

 

 

 

 

 

 

 

   (a)      (b) 

 

Fig. 5.1   (a) Block diagram for IP design: All inputs have different input signals (b) Block 

diagram for DSP System: Primary input has different input signals while secondary has 

fixed/constant signals 
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5.5 Proposed Power Macro-modelling 

Methodology 

One of the most challenging aspects in the construction of a power macro-model is the 

choice of the model’s input parameters, or metrics. These metrics should be capturing 

the features that are primarily responsible for a system’s dissipation and can thus help 

in obtaining good estimates of its power dissipation. We focus on the problem of 

statistical power macro-modelling at register transfer level for IP-based designs. Our 

model is look-up-table (LUT) based. The inputs/outputs (I/O) metrics of our macro-

model are: 

• Average input signal probability (Pin) 

• Average input transition density (Din) 

• Input spatial correlation (Sin) 

• Input temporal correlation (Tin) 

• Average output signal probability (Pout) 

• Average output transition density (Dout) 

• Output spatial correlation (Sout) 

• Output temporal correlation (Tout) 

The input metrics are derived from the pattern generator (as discussed in section (3.4), 

(3.5)), while output metrics are extracted from the functional simulations using 

simulator as shown in Fig. 5.2. This section describes and motivates the metrics of our 

macro-model. 
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Fig. 5.2   Extraction of input/output metrics 

5.5.1 Input Macro-modelling for IP-based Macro-blocks 

Since the power is dependent on circuit inputs, it is clear that a power macro-model 

should take the input activity into account. When the circuit is modelled then a simple 

modelling strategy is to create a table that gives the power for every possible input 

vector pair. This leads to a trade-off between the amount of detail that one includes 

about the inputs and the accuracy resulting from the model. One possibility is to 

consider the average input signal probability Pin, average input transition density Din, 

input spatial correlation Sin, and input temporal correlation Tin at every input node mi 

and to build a model that depends only on these four variables. We have considered 

four-dimensional look-up-table. In this case, two different input assignments of Pin, 
Din, Sin, and Tin values, which may lead to different power values, may have same and 
the LUT would predict the same for both assignments, obviously with some error. 

Similar power macro-modelling techniques were presented in [Liu05], [Chen97], 

[Moudgill99]. Our macro-model consists of a linear function based on LUT approach. 

This model estimates the average power dissipation PIP_avg of IP macro-block using 

(5.1). 
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),,,(_ ininininavgIP TSDPfP =
   (5.1) 

The macro-model function f(.) in (5.1) is obtained by a given IP macro-block which 
maps the space of input signal properties to the power dissipation of a circuit. When 

the input metrics of f(.) are solely determined by the input signals the computation of 
power estimates is a straight-forward and fast function evaluation. The most 

commonly used templates for the macro-model function f(.) are low-order polynomial 
functions. For a kth order complete polynomial function with n input parameters, a 

total of 
k

knS + coefficients need to be computed. 

The IP macro-blocks are simulated under different sample streams with, Pin, Din, Sin, 
Tin is discussed in section (4.3), (4.4). This model estimates the average power 
dissipation. Given an IP macro-block with the number of primary inputs r and the 

input binary stream 
),...,,...,,(),,...,,{( 2222111211 rr qqqqqqq= )},...,,( 21 srss qqq

of length s, 
these metrics are defined in section (3.5.1): 
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In the estimation procedure, the actual signal statistics are derived and applied to f(.) in 
(5.1) to compute the power estimate. Power sensitivity of input metric R shows how R 
effects P: 

R
P

R ∆

∆
→∆ 0
lim

    (5.6) 

Intuitively, the higher the sensitivity of R should be used in the characterization phase 
to increase the accuracy of power macro-modelling. Given an analytical expression 

f(.), the power sensitivity can be calculated by the partial derivation of f(.) as discussed 
in section (4.5). 

5.5.2 Output Macro-modelling for IP-based Macro-blocks 

Output macro-modelling was first introduced in [Bernacchia99] to predict output 

signal statistics of an individual IP block from input signal statistics. In output macro-

modelling, a method similar to the computation of power macro-model f(.) can be 
used to a circuit to its output signal statistics. In the characterization step, functional 
simulation of the circuit is performed with different input sequences to obtain output 
metrics. The output metrics are totally dependent on the input metrics as shown in Fig. 

5.2. These metrics are: 

• Average output signal probability (Pout) 

• Average output transition density (Dout) 

• Output spatial correlation (Sout) 

• Output temporal correlation (Tout) 

The function f(.) can be used to construct to a set of functions fA, fB, fC and fD that maps 
the input metrics of a macro-block to its output metrics Pout, Dout, Sout, Tout are derived 
in (5.7), (5.8), (5.9), (5.10): 
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( )ininininCout TSDPfS ,,,=
   (5.9) 

 

( )ininininDout TSDPfT ,,,=
   (5.10) 

Similar to power sensitivity, the sensitivity of the output metrics with respect to Pin, 
Din, Sin, and Tin is defined as the partial derivation of the corresponding function fi. 

5.5.3 Power Macro-modelling for IP-based Digital System 

RTL power estimation amounts to the construction of accurate power macro-models 

for IP macro-blocks that estimates the total power consumption of the design, which 

simply consist of summing all the contributions given by the individual power models. 

Therefore, by summing all the individual power macro-models in (5.1), we can 

construct the macro-model for the entire digital system. Equation (5.1) can be further 

expressed for the digital system and the digital filter using (5.11) (5.12) respectively. 
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where i is the number of macro-blocks functions. Equations (5.11) and (5.12) both are 
similar in nature. Due to fixed coefficient inputs of FIR filter, equation (5.12) can be 

expressed in different mathematical expression. 

5.5.4 Macro-model Construction 

The overall macro-model generation procedure is explained in Fig. 5.3. The model 

construction procedure consists of four major steps:  
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(1) input metrics selection 

(2) Training set design 

(3) Monte Carlo simulation 

(4) Least square fit 

The macro-model equation design refers to not only the form of the equation but also 

the exact procedure for extracting variable values from the input vector pair. In the 

input metrics selection step, we start with an exact function that relates to the average 
power and the input vector pair. The function f(.) in (5.1) terms are organized 
according to the correlations between bits of the input vector pair. The training set 
design step is straight forward and simple. The metrics of the I/O sequences are 
computed by our genetic algorithm as discussed in section (3.4). A very large set of 

vector pairs, which is in turn obtained either from real application or synthetically 

generated. Random sampling is performed to obtain a much smaller subset of vector 

pairs which represents the original set. Monte Carlo simulation of the macro-block 
under analysis is simulated using Synopsys Power Compiler and by applying the 

vector pairs in the subset. In the last step, the training set is used to form the linear 

regression model in (5.33). Least square fit is performed to calculate the regression 
parameters of the macro-model. Power estimation for the training set is done using 

(5.38). Model evaluation is carried out in real applications. The standards for 

evaluating the quality of a macro-model were defined in previous sections. In our 

approach, to improve the fidelity of macro-model, we build different macro-models 

for different range f(.) variable values. 

Several approaches [Gupta97], [Najm95], [Chen98] have been proposed to construct 

power macro-models on ISCAS-85 benchmark circuits at gate level. However, we 

have observed that the same methodology works as well for different IP designs at 

RTL. We have constructed different types of soft IP macro-blocks such as array 

multipliers, comparators, delay elements (shift registers), adders in terms of the 

statistical knowledge of their primary inputs/outputs. For the application of the 

statistical power estimation method, we build two different characteristic digital 

systems using those IP blocks named as test IP-based digital system and DSP 
architecture system (such as digital finite impulse response (FIR) filter). 
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macro-block. At this moment, the power function in (5.1) can be defined. The metrics 

of the I/O sequences are computed by our GA and the power function is obtained 

using PIP_avg in (5.1). The interpolation scheme [Chen97], [Chen98] can be applied (to 

improve power sensitivity concept), if the input metrics do not match based on their 

characteristics. Then Monte Carlo zero-delay simulation is performed with different 

sequences of their signal statistics to evaluate the quality of the power function PIP_avg. 

At the end we get the power results. 

Furthermore, for the test IP-based digital system our approach intends to reduce the 

intensive amount of simulations for a large (IP-based) system. We use the same IP 

macro-blocks and their macro-model information for our IP-based system. Now, 

instead of simulating every IP block, we applied the Monte Carlo zero-delay 

simulation to the entire test IP-based system. These macro-blocks are connected 

together to construct the test IP system as shown in Fig. 5.4 and Fig. 6.8. 
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The application of the power macro-modelling on each IP block requires knowledge 

of the input signal statistics among these blocks. To obtain this information, different 

functional simulations need to be performed with different input statistical values of 

each IP macro-block. For example in Fig. 5.4, the inputs of the block IP-A1 are the 

inputs of the test IP system, while the outputs of IP-A1 are the inputs of IP-A2 and IP-

S1 and so on. The output signal statistical information for each IP block can be used as 

input signal statistics of the reference connected IP macro-block. For IP-A1 block, we 

generate random input vectors of 25 different values using input metrics Pin, Din, Sin, 
Tin. Then to construct the LUT, the test IP system is simulated 25 times and for each 
IP block, 25 different values of input metrics are measured using functional 

simulations. The average power dissipation Psystem is extracted using equation (5.11). 

We compare the estimated power Psystem with the simulated power estimation to 

evaluate the accuracy of the power function in (5.1). The reference values of the 

circuit’s power dissipation are obtained using time delays from the Synopsys Power 

Compiler. 

Recently, a number of techniques for power estimation of DSP architectures have 

been proposed. We also constructed power macro-model for digital FIR filter that is 

typically used in many DSP systems to perform signal preconditioning, anti-aliasing, 

band selection, decimation/interpolation, low-pass filtering, and video convolution 

functions. 

Proceeding further, we describe the propagation of the input statistics through 

commonly used DSP blocks such as adders, multiplexors, multipliers, and delay. The 

word level transition activities of all the signals in a system composed of these DSP 

blocks is determined. These are then summed up to determine the total transition 

activity for the filter. Even though we focus upon RTL power estimation in this thesis, 

we believe that the work presented here would lead to a formal procedure for the 

synthesis of low power DSP hardware. The transition activities estimated at the I/O to 

blocks such as adders, multiplexors, multipliers, and delay can be used to estimate 

power dissipation within the block using a power macro model. We use the same IP 

macro-blocks and their macro-model information for our low pass digital filter. Now, 

instead of simulating every macro-block, we applied the Monte Carlo zero-delay 

simulation to the entire system. The block diagram of the digital FIR filter is shown in 

Fig. 5.5 and Fig. C.2. 

The application of the power macro-modelling on each macro-block requires 

knowledge of the input signal statistics among these blocks. To obtain this 
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information, different functional simulations need to be performed with different input 

statistical values of each macro-block. For example in Fig. 5.5 and Fig. 6.10, the 

inputs of the delay element (shift registers) and the multiplier blocks are the inputs of 

FIR filter, while the outputs of shift registers are the inputs of the multipliers and the 

multiplier’s outputs are the inputs of the adders and so on. The output signal statistical 

information for each macro-block can be used as an input signal statistics of the 

reference connected block. During the nth input signal sampling period, the sequence 
( ) ( ) ( ) ( )[ ]1....2,1, +−−− knxnxnxnx  for the delay element block, we 

generate random input vector stream of 25 different values using input metrics Pin, 

Din, Sin, Tin, while for the multiplier blocks of input nc is fixed vector stream because 
of fixed-coefficients values. Then to construct the LUT, the filter is simulated 25 times 
and for each macro-block, 25 different values of input metrics are measured using 

functional simulations. The average power dissipation PFIR-filter is extracted using 

(5.12). We compare the estimated power PFIR-filter in (5.12) with the simulated power 

estimation to evaluate the accuracy of the power macro-model function f(.) in (5.1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5.5   A N-tap digital FIR filter 
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For the delay element, the macro-model is constructed for one-bit, as there is no 

interaction between different bit slices, and the internal capacitances associated with 

each bit is approximately same for all the bits. The clock power is not considered, 

while making the power macro-model for one-bit delay element, as it is a constant 

number. 

5.6 Linear Regression Macro-modelling 

We define a power macro-model as a linear function for the estimation of power 

dissipation. In this section, we focus on linear regression model, which is attractive for 

several reasons: 

• It is simple to evaluate and store. 

• It does not require human knowledge to be constructed and characterized. 

• It has well-known statistical properties. 

• It is completely general. 

• It is suitable for dynamic and static evaluation. 

Regression models express power consumption as a linear function of boundary 

statistics. Characterization consists of tuning the coefficients of the linear function in 

order to fit the results of a set of RTL power simulations. We define a power macro-

model as a linear function between estimated power dissipation of a vector pair and 

the characteristics values of the vector pair. 

 

Definition 5.1:  Single Variable Regression   Given a collection of n data point of 
two variables x and y: 

baxy +=
    (5.13) 
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where E[] is the function of expected value, and y  is the predictor of y. This predictor 
is the one with zero bias and minimum RMS error. 

 

Definition 5.2:  Multiple Variable Regression   Multiple regression is simply an 
extension of the single variable linear regression. Given n data points of m+1 
variables: 

}],,...,,{[),( 21 yxxxyX m=
   (5.15) 

 

}1}],,...,,{{[),( ,,2,1 niyxxxyX iimii ≤≤=
 (5.16) 

Note that X is a row matrix stands for the x variables. The best function describing the 
relation between X and y is defined as: 

bAXy +=
     (5.17) 

 

][][][ yEXEXyEQ −=
   (5.18) 

 

][][][ XEXEXXER TT −=
   (5.19) 

 

TQRA 1−=
     (5.20) 

 

AXEyEb ][][ −=
    (5.21) 

where A is a column matrix that contains the coefficients for each x1,…, xm. Note that 
the order of X and A are switched to make the product of them a scalar. 
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5.6.1 Variable Selection 

From equation (5.19) that deriving the coefficient matrix A includes a matrix inverse 
operation on matrix R. If matrix R were singular, the equation of measuring the 
coefficient matrix A would fail. To prevent this, the basic assumptions of multiple 
regression need to be taken into consideration while selecting the x variables. 

Assumption 5.1:   The relation between y and xi is linear. 

The y variable in power estimation is the power consumption of each input vector. The 
power consumption of CMOS circuits is dominated by the dynamic power. The 

dynamic power is consumed when the inputs of the circuits are switching. In other 

words, more input switching implies that more dynamic power is consumed. This 

makes the switching conditions of the primary inputs good candidates for the x 
variables. 

Assumption 5.2: The xi variables are mutually independent. 

For a primary input, there are four possible transitions between two consecutive clock 

cycles: 0 to 0, 0 to 1, 1 to 0, and 1 to 1. 

Let the Boolean value for the ith input in the jth clock cycle be denoted as ,jib  the 

input pattern in the jth clock cycle is defined as: 

 

}0,_1},1,0{{ NjinnibbPat j
i

j
i

j ≤≤≤≤∈=
 (5.22) 

where n_in stands for the number of primary inputs, and N stands for the total number 
of input vectors. The jth input vector is defined as two consecutive input patterns: 

 

}10),{( 1 −≤≤= + NjPatPatV jjj

  (5.23) 

There are four transition variables designated for the transition behaviour of each 

input: 

}10,_1,30),({),( −≤≤≤≤≤≤≤= NjinniikViTViT j
k

j

 (5.24) 
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where    
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otherwise
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For input i and input vector 
jV , one and only one of the four transitions can take 

place. This makes the four transition variables mutually dependent: 

 

1),(),(),(),( 3210 =+++ jjjj ViTViTViTViT
 (5.25) 

Therefore, at most three out of the four transition variables need to be chosen as the x 
variables for multiple regression. Note that any combination of three chosen transition 

variables will not lose their generality because the removed one can always be derived 

from the others. 

After choosing the X variables for equation (5.19), it can be rewritten in the form of 
constructing the predictor for the power consumption of each input vector. Let the 

power consumption of each input vector indicated function be: 

 

bAVXVPower += )()(
   (5.26) 

 

}_1)],(),,(),,({[)( 210 inniViTViTViTVX ≤≤=
 (5.27) 

where V is the set of all input vectors. In the same manner, the coefficient matrix A can 
be derived from the multiple regression equations: 

 

)]([)]([)]()([ WPwrEWXEWPwrWXEQ −=
 (5.28) 

 

)]([)]([)]()([ WXEWXEWXWXER TT −=
 (5.29) 

 

TQRA 1−=
    (5.30) 
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AWXEWPwrEb )]([)]([ −=
 (5.31) 

where W is the set of sampled input vectors and Pwr(W) are their corresponding power 
consumption measured with simulator. 

According to the above definitions and assumptions, we estimate the power 

dissipation by mean of a linear regression modelling on its I/O activity. The I/O 

activity is represented by a vector of Boolean variables I=(I1,I2,…,In) and 
O=(O1,I2,…,On) taking value 1 when there is a transition on the corresponding I/O 
signal. In symbols, our power estimate is 

 

mmnnnn OOIIP ++ ++++++= βββββ ...... 11110  (5.32) 

where P  is the power dissipation, β=(β1,β2,…,βn+m) are the fitting coefficients or 
parameters of the macro-model to be determined during characterization. 

Based on the theory of linear regression analysis [Neter89], we define the relation 

between the actual power P (the power value simulated by Synopsys) and the 
estimated power as: 

 

εβββββε +++++++=+= ++ mmnnnn OOIIPP ...... 11110  (5.33) 

where ε is called the residual term of the linear regression model and follows a normal 

distribution with mean value 0 and variance 
2σ . Equation (5.33) means that P is a 

random variable which follows a normal distribution with the mean value P  and 

variance 
2σ . 

Assume that we are given the equation form of the macro-model as (5.32) and have 

performed Synopsys simulations (observations) on m randomly vector pairs in the 
population (this set of m vector pairs is referred to as the training set) of power 
consumption. The linear regression model for vector pairs from the training set is 

written as: 
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imamnannanai OOIIP εβββββ +++++++= ++ ,1,1,1,10 ......
 (5.34) 

where i=1,2,…,m. To determine the coefficients of Equation (5.32) we need a sample 
of I/O activities and corresponding power consumption. The sample of data collected 

during the characterization phase can be represented by a pair 
),( PX
. If s is the 

sample size, X is an sx(n+m+1) Boolean matrix containing the values taken by the 
independent variables during characterization (its kth row being 

),...,,,,...,,,1( 2121

k
m

kkk
n

kkk OOOIIIx =
), while P  is a vector of size s containing the 

corresponding values of the dependent variable (the kth element being 
kp
) obtained 

from accurate gate-level simulation. 

Given a sample 
),( PX
, coefficients β are the unknown of the following system of 

linear equations: 

εβ += XP
    (5.35) 

Due to the statistic nature of the characterization process, the sample size must be 

significantly larger than the number of parameters to be characterized. Hence, matrix 

X has much more rows than columns and the linear system is over-defined. The 
vector β giving the minimum mean square error among all possible linear estimators 

of P can be obtained (5.35) using well-known techniques of least squares fitting 
[Widrow85]. An important property of the least squares model is that it always 

produces an estimate of P  with the same average value as the average value of P  in 
the sample used for fitting. Therefore it is guaranteed to perform at least as well as an 

average value approximation. 

If the input sample is not representative of the actual input values fed to the IP design 

during its operation, the model will produce inaccurate estimates. In [Landman95], the 

author showed that using uniform white noise input samples can lead to large errors 

even on average power estimates if the input distribution is not uniform and white. 

Due to this reason, the IP module should be characterized while running a global 

behavioural simulation the input patterns provided to it are the actual patterns that the 
module will observe during operation. Therefore, multiple instances of the same 
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module will generally have different power models, because the input samples will 

generally be different. 

Unfortunately, the determination of coefficient β requires the solution of a linear 
system of equations with n+m+1 unknowns and as many equations as the sample size 
s. Moreover, determining the sample size is not straight-forward task. In the general 
case of stationary signals, it may require to solve the least square system multiple 

times and test for convergence. 

Furthermore, for (Ia,1,Ia,2,…,Ia,n) & (Oa,1,Oa,2,…,Oa,n), where a=1,2,…m, (β0,β1,…,βm) 
are the regression coefficients, (Ia,1,Ia,2,…,Ia,n) & (Oa,1,Oa,2,…,Oa,n), are known values 
derived from the I/O vector pair (Vi,1,Vi,2), εi’s are independent random variables 

representing deviation from the mean value of power with variance 
[ ] 2σε =iVAR

, 

and Cov[εi, εj]=0, for ji ≠
. The random vector P has an expected value of E[P]=Xβ 

and the covariance matrix of P is [ ] IPCov 2σ=
 where I is the identity matrix. The β 

coefficients are estimated using the least squares estimator by substituting the actual 

power values for P. 

 

( ) PXXXb TT ⋅⋅⋅=
−1

  (5.36) 

 

( ) [ ]Tnn bbbb ,...,,1 101 =×+   (5.37) 

It has been proven that the least squares estimator is an unbiased estimator for β, i.e., 
E[β]. The estimated (fitted) power from macro-model is given by the multiplication of 
input variables and the estimated coefficients 

 

[ ] XbPPPP m == ,...,, 21   (5.38) 

We can fit a general linear equation to the function f(.) in (5.1) without user 
intervention and with much less time than its takes to fill the table. This general 

equation is fixed and is used as the starting point for all circuits- no user intervention 

is required in the choice of equation. We will refer to those equations as the template. 
This works because, even though the function f(.) is non-linear, it turns out that in 
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practice it is “not too non-linear” to defy fitting, and a general polynomial template 

turns out to be sufficient. For efficiency reasons, one would like to use the lowest 

order polynomial template that works. One option is the linear function: 
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(b) 

Fig. 5.6   (a) Distribution of energy consumption of 8-bit carry-lookahead adder with different 

probability values. (b) Correlation between the input/output activity of 8-bit carry-lookahead 

adder and its energy consumption 
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When there is little I/O activity the power dissipation is likely to be small, while high 

I/O switching activity usually implies high power dissipation in the internal block. The 

linear model is only a rough approximation: power dissipation is not exactly a linear 
function of I/O activity. A typical behaviour is shown in Fig. 5.6 (a) where the 

distribution of power dissipation of 8-bit carry-lookahead adder is obtained for several 

input transitions corresponding to the same I/O. The curve closely resembles a 

Gaussian noise distribution on the estimated valueP . Moreover, Fig. 5.3 (b) shows 
the power dissipation is plotted as a function of the total I/O activity for an 8-bit carry-

lookahead adder. The figure clearly shows the strong correlation between power 

consumption and the I/O switching activity. 

5.6.2 Representation of Statistical Parameters as Linear 

Regression Variables 

A linear equation that uses input statistics like average input signal probability Pin, 

average input transition density Din, input spatial correlation Sin and input temporal 
correlation Tin as independent variables in (5.39): 

 

ininininavgIP TSDPP 43210_ βββββ ++++=
  (5.39) 

where the coefficients βi are the unknown and are to be determined during the 
characterization using regression analysis as discussed in previous sections (5.6.1), 

(5.6.2). To estimate the regression variables, we generated several sets of correlated 

vector stream for different values of Pin, Din, Sin, Tin covering a wide range of input 
statistics. For each set of vectors, Monte Carlo zero-delay simulation [Burch93] was 

used to estimate the average power. 

To improve the accuracy, another option is the octal function considering I/O 

statistics: A linear equation that uses I/O statistics Pin, Din, Sin, Tin, Pout, Dout, Sout, and 
Tout as independent variables in (5.40): 

 

outoutoutoutininininavgIP TSDPTSDPP 876543210_ βββββββββ ++++++++=
  (5.40) 
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The key difference between the (5.39), (5.40) models is the number of fitting 

coefficients that impact the achievable accuracy and the characterization effort. In fact, 

the number of simulation experiments required to grant statistical significance to 

fitting coefficients is proportional to the number of coefficients. As a rule of thumb, 

20N experiments are usually required to set N coefficients.  

The LUT models make use of a tabular representation of the functional relation 

between boundary statistics and power. The number of parameters used to represent 

boundary statistics has a great impact on model size, since each independent variable 

adds a dimension to the parameter space. We use eight parameters Pin, Din, Sin, Tin, 
Pout, Dout, Sout, and Tout leading to a 8-dimenstional LUT. Discretization is applied to 
the parameters in order to obtain a finite number of configurations to be associated to 

LUT entries. Characterization consists of performing RTL power simulation 

experiments for all configurations of the discretized boundary parameters, in order to 

characterize the corresponding LUT entry by storing the power value obtained in it. 

The key advantage of regression based LUT model over other models is their 

capabilities of representing non-linear dependencies. On the other hand, the proper use 

of LUT model involves a critical trade-off between model size (the number of entries 

in a LUT is 
NL , where L is the number of discretization levels and N the number of 

parameters), characterization effort and accuracy. 

5.7 Macro-model Quality Analysis 

In this section, we show the quality of our power macro-model. Firstly, we define 

some relevant terms: 

Sum of square error:   
∑

=

=
m

i
ieSSE

1

2

    (5.41) 

 

Mean square error:   
)1/( −−= kmSSEMSE
  (5.42) 

 

Regression sum of squares:  
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Regression mean squares:  kSSRMSE /=    (5.44) 

 

Coefficient of multiple correlation: 
)/( SSESSRSSRR +=
  (5.45) 

 

The quality of our macro-model can be evaluated in terms of the following criteria. 

1). Correlation Factor: From the coefficient of multiple correlation R, we derive a 
similar quality r as 

 

SSESSRRr /1)1/(1 2 +=+=
  (5.46) 

we call r the correlation factor of the macro-model. r is a monotonic-increasing 
function R. In many applications of linear regression, r is a general measure of the 
quality of a regression model since it represents linearity of the model and the 

magnitude of the error. It also reflects the stability or fidelity of a macro-model. The 

higher the r value, the better the quality of the regression model. The r value may 
differ from one population to next for the same macro-model. Therefore, the r values 
of different macro-models should be compared only when they are subjected to the 

same input population. 

2). Error: Error in estimated power (EEP) gives the average error when estimating 

power using Monte Carlo method while error in average power (EAP) gives the 

average error when estimating the average power. More precisely, we can write 
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    (5.47) 
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    (5.48) 

In most cases, the training set only represents a small portion of the target population, 

and in some extreme cases, the training set will be totally different from the 

population. The macro-models can exhibit good quality on the training set and on 

populations which have similar characteristics as the training set, but not on other 

populations. To assess the quality of macro-model, accuracy comparison of macro-

models should be carried out on populations whose behaviour is different from that of 

the training set. On the other hand, the design of training set is very important. The 

more closely the training set represents the target population, the more accurate the 

resulting macro-model will be. Therefore, careful design of a good macro-model 

equation form is the key to reducing the estimation error. Last, but not least, extracting 

the X1, X2,…, Xk  variables in (5.16) from the input vector pair is important in 

designing a good macro-model. 

5.8 Conclusions 

Power is a strongly pattern dependent function. Input statistics greatly influence on 

average power. We solve the pattern dependence problem for IP designs. We analyzed 

the application of linear and non parametric regression for the automatic construction 

of RTL power macro-models. In this way we generate regression models that 

approximately take into account not only the transition activity at the I/Os, but also the 

input arrival times and the spatio-temporal correlation of the data. 
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6.1 Introduction 

In this chapter, we show the results of our new power macro-modelling technique. The 

accuracy of the proposed model is evaluated on IP-based designs. Several approaches 

[Gupta97], [Najm95], [Chen98] have been proposed to construct the power macro-

model on ISCAS-85 bench mark circuits at gate level. We have found that the same 

methodology works as well for digital system at RTL and its IP macro-blocks (such as 

comparators, multipliers, multiplexers, adders), or more complex macro-blocks (like 

counters, shift registers) in terms of the statistical knowledge of their primary 

inputs/outputs. 

Different experiments have been designed to study the efficiency and accuracy of our 

approach on average power estimation. We will first demonstrate the results of our 

power macro-model for digital IP blocks and then power estimation for two different 

digital systems that are composed of these IP blocks. We performed experiments to 

validate our macro-model on following criteria: 

• Validate our regression based model on IP designs. 

• Test their accuracy with Synopsys Power Compiler power estimation results. 

• Evaluate the effectiveness with other models. 

Experimental results are discussed in detail in the following sections. 

6.2 Power Macro-model Validation 

To demonstrate the accuracy of our power macro-model, we carried out several 

experiments with different IP-based designs. We have implemented this methodology 

and build the power macro-models at the RTL. For each IP macro-block, random 

sequence of test patterns is performed with different values of Pin, Din, Sin, Tin and the 
function f(.) in (5.1) is used to construct to a set of functions fA, fB, fC and fD in (5.7), 
(5.8), (5.9), (5.10) that maps the input metrics of a macro-block to its output metrics 

Pout, Dout, Sout, Tout. During the characterization phase, the average power 
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consumption measured using power function f(.), while least square fitting is used to 
perform linear regression. The input chosen sequences are highly correlated and they 

are generated by our new method. Accuracy is tested running gate-level and RTL 

simulations. The power is estimated using Monte Carlo zero-delay simulation 

technique. Reference values for the circuit’s power dissipation are obtained using time 

delays from the Synopsys Power Compiler. We compare our power macro-modelling 

results Pestimated with Synopsys Power Compiler tool Psimulated and compute the 

average absolute and maximum percentage errors using (6.1). Fig. 6.1 demonstrates 

the method of finding error between the simulated and estimated power values. 

 

 

 

 

 

 

 

 

 

 

 

 

 Fig. 6.1   Power comparison between simulated and estimated power 
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100×
−

=
estimated

estimatedsimulated
error P

PP
P   (6.1) 

The experimental results show that the randomly generated sequences have relatively 

accurate statistics and highly convergence. For the verification of our random 

sequences, we compare our power results with the functional sequences power results 

and found around 96% correlation as illustrated in Fig. 6.2. Both random and 

functional sequences have similar input features (Pin, Din, Sin, Tin). For the input 
metrics, Pin, Din, Sin, Tin we specify the range between [0, 1]. Several sequences with 
8, 16, 32 bit wide are generated. We carried out a synthetic validation by applying a 

uniform set of stochastically generated VHDL test-benches. Our experiments 

implemented on a SUN Ultra-Sparc II workstation with 512 MB of RAM. All the 

results to be presented were performed with 5% error-tolerance (ε = 0.05) and 95% 

confidence (α = 0.05). 
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Fig. 6.2   Random vs. functional sequences power estimation results 
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We have proposed a power macro-modelling technique to estimate the signal 

probabilities and switching activities for all I/O nodes in IP module designs under a 

zero-delay model. Spatial/Temporal correlations due to re-convergent fan-outs are 

taken into account in our approach. The results show the accuracy and efficiency of 

our approach on circuits of practical interests. In our experiments, we were mainly 

interested to measure accuracy of the model in estimating the switching activity (for 

the entire circuit), given a set of inputs with correlation metrics Sin, Tin. To compare 
our model with other approaches reported in the literature, we analyzed exhaustively 

IP modules for the switching activity at the primary outputs and all internal nodes. 

Comparing our estimations with the exact logic simulation results, the usual measures 

of accuracy: maximum error, average absolute error, root-mean square and standard 

deviation. 

In the literature, some approaches (global) [Huizer90] with spatio/temporal 

correlations are almost 50 times more accurate than the approaches that do not account 

for any of these dependencies. Other approaches (incremental) [Ding96] consider both 

type of correlations are on average 3 times more accurate than the ones that neglect 

any of these. The price we have to pay in terms of accuracy is justified by a significant 

computational speed-up of incremental vs. the global ones. It is worthwhile to note 

that taking into account any of the spatial or temporal correlations by itself does not 

really improve the accuracy of the estimations. 

To conclude, two important observations should be made. First, Markov chains are 

useful in modeling input correlations. Second, the degree in which any type of 

correlations affects the overall quality of estimations depends on the internal structure 

of the circuit and the correlations among the primary inputs. Thus the best way to use 

this framework in practice would be to combine RTL approaches in a hierarchical 

manner. 

6.3 Convergence Analysis and Uniformity 

The experiments are based on the convergence analysis of some peculiar quality 

figures such as average power and average prediction error. The minimum 
simulations length can be determined through convergence analysis. Converging on 
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the average power figure help us to identify the minimum length necessary for each 

simulation by considering when the power consumption gets close to a steady value 

given an arbitrary acceptance threshold. It is crucial to make sure that the circuit under 

analysis can always reach a steady state before measuring the average power 

consumption. On the other hand, the minimum number of experiments (i.e.: synthesis 

+ simulations) needed to satisfy model, strongly depends on the target accuracy (i.e. 

max prediction error) as well as on the acceptable characterization effort. 

Although the convergent sample size is not a function of circuit size, it depends on 

how “widely” the power distributes. The author [Yuan96] in Fig. 6.3 shows the 

correlation between the average convergent sample size over 1500 simulation runs and 

the normalized variance 
2)/( µσ  for the set of IP based designs. The convergent 

sample size shows a general trend of growing linearly with 
2)/( µσ . 

A sequence x is uniform if different parts of x have similar statistics. The sequences 
generated by our pattern generator have high uniformity. In our experiments, we 

computed the statistics of different fragments within each sequence. Fig. 6.7 shows the 

 

 

 

Fig. 6.3   Correlation between normalized variance and average convergent sample size 
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fluctuation of power values for various fragments of a sample sequence. We have 

obtained similar power waveforms for all sequences. The length of the fragments is 

different for each module. Our graph shows that our four dimensional metric are stable 

and therefore, the sequence has good uniformity. 

6.4 Impact of Temporal/Spatial Correlations on 

Accuracy 

The results show that in general the transition density Din is very effective for power 

dissipation and it is relatively linear to the power. We observed that in some cases the 

temporal/spatial correlations Tin, Sin do not affect significantly power dissipation and 
less sensitive than transition density. While in other cases, neglecting correlation 

metrics at the primary inputs causes inaccurate values for Pin and Din. To demonstrate 

correlation impact, we performed simulations for different macro-blocks with different 

sequences of input vectors. For example every input was assigned Pin=0.5 for all four 

simulations. The Din of primary input was set to 0.5 for the first simulation, to 0.25 for 

the second, to 0.10 for the third, and to 0.02 for the fourth. For randomly generated 

input stream, in terms of energy E=0.5 at the inputs yields uncorrelated input streams. 
Thus, the first simulation determines Din at internal signals with correlation of inputs 

increases. With decreasing Din at inputs, the correlation of input increases. Techniques 

that neglect correlation at inputs produce the same values for the transition probability 

of an internal signal regardless of the actual transition probabilities at inputs, i.e., these 

techniques yield the result of the first simulation for any assignment of E to the inputs. 
Therefore 5.0≠E at inputs at the inputs are compared to the simulation E=0.5 at the 
primary inputs. 

6.5 Model Accuracy Analysis 

Our pattern generator can generate a set of sequences over the entire space range 

between [0, 1]. Therefore, it enables us to perform extensive experiments to reveal the 

relation between IP design power dissipation and specific statistics of the input 
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signals. In our study, we designed different IP macro-block/modules. For each macro-

block, we generated about 350 to 1000 sequences with Pin, Din, Sin, Tin evenly 
distributed in the four/eight dimensional space. Our parameters granularity is 0.1 over 

entire space. In practice, much larger sequences should be used for larger circuits. 

Roughly speaking, for a given IP module, empirically we observe that sufficiently 

long input sequences which produce similar steady state power exhibit similar total 

power. Given an IP module, for all the input sequences that produce a steady state 

power, we believe that hazardous power corresponding to an input sequences has the 

behaviour of a random variable. Furthermore, among all these input sequences that 

produce a steady state power, longer sequences tend to have smaller variance than 

shorter sequences. As an example, given a three input logic network, assume 

sequences Seq1 = {111, 101}, Seq2 = {101, 110}, Seq3 = {110, 011, 000, 111, 101, 

…}, Seq4 = {010, 101, 111, 010, 011, …}, …, all exhibit the same steady power. We 

believe that hazardous power produced by all these sequences, such as Seq3 and Seq4 

have a smaller variance than shorter sequences, such as Seq1 and Seq2 . 

We then simulated these macro-blocks to obtain their power dissipation using RTL 

simulation with the generated inputs. Fig. 6.4 gives the power dissipation of IP module 

 

 

 

 

 

 

 

 

 

 

Fig. 6.4   Power dissipation of IP module Mult4x4-1 with respect to Din, Pin, Sin 
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Mult4x4-1 for input sequences with different statistics. Our observation suggests that 

we could use fine granularity of Din and large granularity of Pin and Sin in the 
characterization step to achieve more accurate macro-model and reduce model 

characterization time. We have observed that the number of inputs does not influence 

at the output metrics for some blocks, while for the other blocks results are vice versa. 

6.5.1 IP-based Macro-blocks 

It is evident from the Table 6.1 that the macro-model function f(.) is accurate for 
estimating the average power for IP macro-blocks such as array multipliers, adders, 

registers and comparator circuits. In Table 6.1 the first column shows the name of the 

circuits. The four dimensional input model estimates the absolute average and 

maximum relative error are shown in column two and three. In our experiments, the 

average absolute error is 1.57%, and the average maximum error is 2.93%. The 

maximum worst-case error is no more than 12.21%. Columns four and five give the 

average and maximum relative error for the estimates obtained with the eight 

dimensional inputs/outputs model. The average absolute error is 1.32%, and the 
average maximum error is 2.61%. The maximum worst-case error is 11.31%. We 

found that considering output metrics in the macro-model can only improves 2-5% 

accuracy. These results mirror those obtained for power dissipation, showing that our 

technique could be used effectively to achieve fast and accurate results in the early 

stage of digital system design. Fig. 6.5 demonstrates the 98% correlation between the 

input and the I/O metrics based macro-models. Fig. 6.6 illustrates the combined scatter 

plot of IP macro-blocks between the four dimensional macro-model and the reference 

simulated power. Regression analysis to fit the model’s coefficients is performed. For 

different blocks, the prediction correlation coefficient is measured around 97%, which 

is quite good. 

From the above results we conclude that due to considering output metrics in our 

macro-model do not improve significant average error while it improves the average 

maximum relative error. We have also noted that the output metrics significantly 

improves the error for multiplier macro-blocks while for the comparator blocks are 

vice versa. For the individual IP characterization it would be an increased CPU time if 

I/O parameters considered. 
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Fig. 6.5   The correlation graph between input and input/output metrics based model 

 

Table 6.1   Accuracy of power estimates 

Circuits Sets Average Error Max Error Average Error Max Error 

Mult8x8 1 0.96% 3.12% 0.76% 2.36% 

Mult8x8 2 1.79% 3.83% 1.53% 3.02% 

Mult8x8 3 0.90% 4.19% 0.60% 2.99% 

Mult8x8 4 1.40% 1.83% 0.94% 1.41% 

Mult8x8 5 4.17% 5.21% 3.57% 4.81% 

Mult4x4 1 1.25% 2.56% 0.65% 2.31% 

Mult4x4 2 2.95% 3.30% 2.15% 3.00% 

Mult4x4 3 3.22% 5.20% 2.92% 4.70% 

Mult4x4 4 1.34% 3.67% 0.94% 2.44% 

Mult4x4 5 11.35% 12.21% 10.07% 11.31% 

Mult4x4 6 2.56% 3.84% 1.21% 2.83% 

Mult4x4 7 1.04% 1.23% 0.24% 0.85% 

Mult4x4 8 2.45% 3.11% 1.78% 2.51% 

Mult4x4 9 6.14% 5.53% 5.24% 5.99% 

Input Input/Output 
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Mult4x4 10 0.74% 1.20% 0.20% 0.40% 

Comp 1 0.60% 2.96% 0.68% 3.01% 

Comp 2 0.29% 1.10% 0.31% 1.40% 

Comp 3 0.73% 1.57% 0.74% 1.67% 

Comp 4 0.47% 0.66% 0.50% 0.78% 

Comp 5 1.38% 2.36% 1.30% 2.66% 

Comp 6 2.15% 2.87% 2.35% 2.17% 

Comp 7 1.00% 1.54% 1.10% 1.14% 

Adder8x8 1 0.91% 2.12% 0.71% 2.01% 

Adder8x8 2 1.39% 2.33% 1.03% 2.05% 

Adder8x8 3 1.20% 3.49% 0.70% 3.19% 

Adder8x8 4 1.0% 2.13% 0.84% 1.41% 

Adder8x8 5 0.17% 4.22% 0.51% 3.41% 

Adder4x4 1 0.25% 2.26% 0.61% 2.08% 

Adder4x4 2 2.12% 1.33% 1.85% 1.34% 

Adder4x4 3 1.22% 4.22% 1.20% 3.89% 

Adder4x4 4 1.34% 3.31% 0.94% 3.14% 

Adder4x4 5 4.25% 10.20% 4.07% 10.31% 

Adder4x4 6 1.36% 2.11% 1.21% 1.99% 

Adder4x4 7 1.24% 2.33% 1.01% 2.18% 

Adder4x4 8 0.45% 3.31% 0.38% 3.11% 

Adder4x4 9 1.14% 2.51% 1.04% 2.50% 

Adder4x4 10 0.24% 1.21% 0.20% 1.10% 

Reg 1 0.30% 2.16% 0.28% 2.01% 

Reg 2 0.21% 1.20% 0.21% 1.10% 

Reg 3 0.54% 1.07% 0.44% 1.01% 

Reg 4 0.87% 1.76% 0.80% 0.79% 

Reg 5 1.18% 2.96% 1.07% 2.76% 

Reg 6 1.05% 2.07% 0.99% 1.88% 

Reg 7 0.31% 1.24% 0.30% 1.19% 

Reg 8 0.51% 1.44% 0.44% 1.21% 

Reg 9 0.77% 0.99% 0.61% 0.81% 

Reg 10 1.08% 2.86% 1.01% 2.56% 
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(c) 

Fig. 6.6  (a) Mult8x8, (b) Adder8x8, (c) Comp: Power comparison between four dimensional 

macro-model and reference simulated power in mW 

 

We have conducted many experiments to evaluate the relationship among the steady 

state power, the total power, and the length of the simulation vectors. The probability 

density function of the total power for adder8x8 module with respect to two sets of 

100 sample input sequences. Each sample sequence produces the same steady state 

power. The sizes of each input sequence are 2 and 1000, respectively. For the 

generation of these two sets of input sequences, we first randomly generate large 

number of input sequences with sizes 2 and 1000, respectively. Then each input 

sequence is simulated to derive the steady state power. After that, for each size, we 

randomly select 100 input sequences whose steady state power is very close to the pre 

specified value (the difference is less than 0.1%). 

Since the steady state power for these input sequences are almost the same, the 

variation between the sample dissipations is mainly due to the hazardous power. The 

standard deviation is dramatically decreased as we increase the size of each sample 
input sequence. Note that this property is only valid based on the assumption that 
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sample input sequences have very similar steady state power. Our experimental results 

are consistent for every module and steady state power we have tired. 

This experiment demonstrates one simple but essential property. That is, for a given IP 
module, input sequences with similar steady state power will have similar hazardous 

power when the length of each input sequence is large enough. By definition, these 

input sequences have similar steady state power, and therefore, they will have similar 

total power. For each smaller range of the steady state power, we need to find a long 

enough input sequence that result in the corresponding steady state power. We can 

then use low-level power simulator to simulate the input sequence. The derived power 

can then be used as the expected mean value of the total power for the corresponding 

steady state power. The obtained expected mean value can be used to predict the total 
power of the other input sequences that exhibit similar steady state power. 

Fig. 6.7 plots the variation of the power value with the trial interval length. Figure 

shows the interval length is 1000 and 2000 for different IP blocks. The warm-up 

length is about 400, 600, and 800 while the vertical line represents the steady state 

value at 700, 1200 and 1400 respectively. 
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Fig. 6.7   Power changes with respect to sequence length for different IP blocks 
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6.5.2 Test IP-based System 

In the previous section we demonstrated that our macro-models accurately estimate 

the power dissipation of IP macro-blocks. In order to further evaluate our models we 

construct a test IP-based system just by summing individual power macro-models. We 

have used their macro-model information and build macro-model for the entire 

system. The power macro-modelling construction procedure can be seen in section 

(5.5.4). In this section we only demonstrate the accuracy of our power model for test 

IP system. The block diagram of the system is shown in Fig. 6.8 and Fig. 5.4. 

In Table 6.2, we illustrate the set number of the input vectors and the average relative 

errors of the estimate values obtained with our macro-model. It is evident from this 

table that the function is more accurate estimating the average power in some cases 

than others. The given input metric values are more accurate for the specify range 

between [0.2, 0.8] and less accurate between [0, 0.2] and [0.8, 1]. 

It has been reported that the percentage of power consumption due to interconnects in 

deep submicron designs can be as high as 90% [Lee97], and there is considerable 

scope for applying interconnect optimization as a means of power reduction. In 

particular, increasing regularity and locality at the low-level should reduce power 

consumption in a standard-cell based design flow. Indeed, a high-level approach to 

implementing locality, which binds closely associated logical operations to adjacent 

hardware units during the scheduling and allocation stages of synthesis, has been 

reported to be an effective method for power reduction [Mehra96]. One important 

source of error comes from do not consider on the macro-model, the power 

consumption of interconnects (buses) among different IP macro-blocks, and also other 

factors like glitch activities. For an individual IP block, we measured just 1-3% error 

as demonstrated in section (6.5.1). But for the entire IP-based system with 

interconnects the error increases 20-30%. This error can be reduced by different 

techniques that improves the data-path of interconnects among IP macro-blocks. In 

our experiments, the average error is 26.15%. 
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Fig. 6.8   Test IP-based system 
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Table 6.2   Accuracy of power estimates for test IP-based system 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Regression analysis is performed to fit the model’s coefficients. Fig. 6.9 illustrates the 

correlation between the simulated power estimation and the estimated power values. 

For test IP system, we measured a quite good correlation coefficient that is around 

96%. Dotted circles in Fig. 6.9 indicates those spots where the error is much larger and 

convergence coefficient decreases, especially when the given input metrics values is 

between [0, 0.2] or [0.8, 1]. 

Test IP System Average Error 

Set-1 35.00% 

Set-2 24.71% 

Set-3 40.22% 

Set-4 43.46% 

Set-5 4.42% 

Set-6 9.19% 

Set-7 46.81% 

Set-8 12.43% 

Set-9 17.08% 

Set-10 22.16% 

Set-11 33.20% 

Set-12 39.77% 

Set-13 19.95% 

Set-14 22.96% 

Set-15 13.45% 

Set-16 22.01% 

Set-17 33.28% 

Set-18 3.00% 

Set-19 29.65% 

Set-20 19.18% 

Set-21 35.09% 

Set-22 30.56% 

Set-23 26.49% 

Set-24 13.01% 

Set-25 18.37% 
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Fig. 6.9    Power comparison between macro-model and reference simulated power. Dotted 

circles indicate larger error spots for metric values between [0, 0.2] or [0.8, 1] 

 

6.5.3 Digital Low-pass FIR Filter 

To evaluate the accuracy of our macro-model, we designed another digital system 

related to DSP architectures such as digital low-pass filter. We reuse some IP macro-

blocks in section (6.5.1) and we also build some new blocks. These macro-blocks are 

connected together to construct digital filter as shown in Fig. 5.5 and Fig. 6.10. The 

behaviour of the filter is different than other digital circuits because, its secondary 

inputs have constant (fixed) signals as shown in Fig. 5.1(b). The macro-modelling 

details can be found in section (5.5.4). In this section we only demonstrate the 

accuracy of our power macro-model of the low-pass FIR filter. 
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Fig. 6.10   Digital low-pass FIR filter 
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Now, instead of simulating every IP block, we applied the Monte Carlo zero-delay 

simulation to the entire filter. To do this, we generate random input vectors for 

different values of Pin, Din, Sin, Tin, just to the delay element (shift registers) as shown 
in Fig 5.5. The power values extracted by LUT are compared to those obtained from 

simulations, and the average and maximum errors are computed. As discussed in 

section (6.5.1) the macro-models give good results, but it does not give good accuracy 

for the case when one of input has constant values. This however, is a very common 

case in DSP systems, where adders and multipliers used to implement digital filters 

have one constant input; we refer to these as being fixed-coefficient multipliers. 

The characteristics of the filter are shown in Table 6.3. We have considered unsigned 

array multipliers of fixed-coefficient values of 8, 16-bit width and ripple carry adders 

of 8, 16-32 bit width respectively. The magnitude and the phase response are shown in 

Fig. 6.11. We have generated various randomly input values of Pin, Din, Sin, Tin, of 
range between [0, 1]. In Table 6.4, we illustrate the set number of the input vectors 

and the average relative errors of the estimate values obtained with our macro-model. 

Reference values for the circuit’s power dissipation are obtained using time delays 

from the Synopsys Power Compiler. It is evident from this table that the function is  

 

Table 6.3    Low-pass filter specifications 

 

 

 

 

more accurate estimating the average power in some cases than others. The given 

input metrics values are more accurate for the specify range between [0.2, 0.8] and 

less accurate between [0, 0.2] and [0.8, 1]. One important source of error comes from 

do not consider on the macro-model, the power consumption of interconnects among 

different macro- blocks, and also other factors like glitch activities. For an individual 

block, we measured just 1-3% error, but for the entire filter with interconnects the 

Characteristics Fixed point Equiripple Lowpass filter 

Sampling Frequency 102550 Hz 

End of the Passband 70 

Beginning of the Stopband 14900 

Passband Ripple 0.1 

Stopband Attenuation 11 
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error is 20-30%. This error can be reduced by different techniques that improves the 

data-path of interconnects among IP macro-blocks. In our experiments, the average 

error is 26.34%, and the maximum worst-case error is 54.82%. 

 

Table 6.4   Accuracy of power estimation for digital FIR filter 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIR Filter Average Error 

Set-1 3.82% 

Set-2 20.15% 

Set-3 27.41% 

Set-4 32.78% 

Set-5 30.91% 

Set-6 36.74% 

Set-7 3.47% 

Set-8 8.24% 

Set-9 28.47% 

Set-10 24.49% 

Set-11 30.66 

Set-12 54.82% 

Set-13 39.13% 

Set-14 38.06% 

Set-15 47.03% 

Set-16 28.52% 

Set-17 50.96% 

Set-18 20.25% 

Set-19 18.81% 

Set-20 21.95% 

Set-21 9.27% 

Set-22 11.57% 

Set-23 18.23% 
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Fig. 6.11   Magnitude and the phase response of the FIR filter 
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 Fig. 6.12   Power comparison between macro-model and reference simulated power. Dotted 

circles indicate larger error spots for metric values between [0, 0.2] or [0.8, 1] 
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Fig. 6.12, illustrates the correlation between the simulated power estimation and the 

estimated power values. For the FIR filter, we measured good correlation coefficient 

that is around 87%. Dotted circles in Fig. 6.12, indicates those spots where the error is 

much larger and the convergence coefficient decreases, especially when the given 

input metrics value is between [0, 0.2] or [0.8, 1]. We found the interval length is 4000 

for the FIR filter. The warm-up length was about 800 while the steady state value at 

2000. 

6.6 Detailed Error Analysis 

It is crucial to understand that all measurements of experiments are subject to 

uncertainties. In order to draw valid conclusions the error must be indicated and dealt 

with properly. Therefore, we performed mathematical analyses to compute error on 

the basis of various statistics, including correlations, covariances, and variance 

analyses with multivariate graphs, which give an interesting views into the results of 

our experiments. 

Table 6.5 and Fig. 6.13, describes the relationship between error and the input 

variables Pin, Din, Sin, Tin of two digital systems explained in section 6.5.2 and 6.5.3 
respectively. Table 6.5, demonstrates the pearson product moment correlation between 

each pair of variables. These correlation coefficients are in range between -1 and +1 

and measure the strength of the linear relationship among input variables. It is also 

shown the number of pairs of data values that used to compute each coefficient. The 

third number in each location of the table is a P-value that tests the statistical 

significance of the estimated correlations. P-values below 0.05 statistically indicate the 

significance of non-zero correlations at the 95% confidence level. Therefore, other 

inputs are not significant if the P-value is greater than 0.05. Below are the following 

pair variables that have P-value less than 0.05: 

• Error and Din 

• Error and Sin 

• Error and Tin 

• Din and Sin 
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• Din and Tin 

• Sin and Tin 

 

Table 6.5   Correlation between input metrics and error 

 

Test System Error Din Pin Sin Tin 

Error  0.95 

0 

-0.01 

0.96 

-0.84 

0 

-0.78 

0 

Din 0.95 

0 

 -0.01 

0.97 

-0.90 

0 

-0.85 

0 

Pin -0.02 

0.96 

-0.01 

0.97 

 -0.03 

0.88 

-0.09 

0.67 

Sin -0.84 

0 

-0.90 

0 

-0.03 

0.88 

 0.87 

0 

Tin -0.78 

0 

-0.86 

0 

-0.09 

0.67 

0.87 

0 

 

FIR Filter Error Din Pin Sin Tin 

Error  0.012 

0.956 

-0.145 

0.508 

-0.202 

0.353 

-0.313 

0.145 

Din 0.012 

0.956 

 0.028 

0..898 

-0.746 

0 

-0.785 

0 

Pin -0.145 

0.508 

0.028 

0.898 

 -0.107 

0.625 

-0.157 

0.473 

Sin -0.202 

0.353 

-0.746 

0 

-0.107 

0.625 

 0.917 

0 

Tin -0.313 

0.145 

-0.785 

0 

-0.157 

0.473 

0.9173 

0 
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(a) 

 

(b) 

Fig. 6.13   (a) Test System (b) FIR Filter: Correlation between input metrics and error 
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6.6.1 Multiple Regression Analysis– Error – With all 

values 

For IP-based Test System: A multiple regression model is performed to describe the 

relationship between error and four independent variables. The error equation of the 

fitted model is found in (6.2) 

 

inininin TSDP 43210 βββββε ++++=
 

or 

inininin TSDP ⋅+⋅+⋅+⋅+−= 59.227.024.1808.016.5ε
 (6.2) 

Since P-value in the Table 6.6 is less than 0.01, there is a (statistically) significant 

relationship between the variables at the 99% confidence level. The other inputs are 

not significant if the P-value is greater than 0.05. 

 

Table 6.6   Variance analysis of error for IP-based test System 

Dependent Variable: Error 

Paramerter Standard Estimates Total Error Statistics P-Value 

Constant         -5.158  3.76  -1.37  0.19 

Din  18.24  2.96 6.16  0<0.05 

Pin  0.06  1.18 0.07 0.95 

Sin 0.27  3.03 0.09 0.93 

Tin 2.58  4.24 0.61 0.55 

Variance  Analysis 

Source Sum of Squares Df Mean Square F-Ratio P-Value 

Model 477.69 4 119.42 46.00 0.00 

Residual 51.94 20 2.60   

Total Correlaton 529.63 24    

 

Table 6.6 demonstrates the variance analyses of error. The R-Squared statistic 

indicates the model is fitted 90.20% of the variability in error. The adjusted R-squared 
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statistic, which is more suitable for comparing models with different number of 

independent variables is 88.23%. The standard error of the estimate shows the 

standard deviation of the residuals to be 1.61. This value can be used to construct 

prediction limits for new observations. The mean absolute error (MAE) of 1.14 is the 

average value of the residuals.  The Durbin-Watson (DW) statistics, tests the residuals 

to determine if there is any significant correlation.  Since the P-value is greater than 

0.05, there is no indication of serial autocorrelation in the residuals. The plot for 

residual variables and error is shown in Fig. 6.14(a). 

Therefore, the only significant parameter is the Din and the regression analysis must be 

made considering only this input parameter. Our analysis demonstrates in equation 

(6.3): 

inD⋅+−= 60.1660.2ε
   (6.3) 

The result in (6.3) implies that only transition density is significant in the error which 

is the main factor of power consumption for interconnections among IP blocks. 

For Digital  FIR Filter: The error equation of the fitted model is found in (6.4) 

 

inininin TSDP ⋅−⋅+⋅−⋅−= 95.1145.356.451.121.10ε  (6.4) 

Since P-value in the Table 6.7 is less than 0.10, there is less (statistically) significant 

relationship between the variables at the 90% confidence level. Table 6.7 

demonstrates the variance analyses of error. The R-Squared statistic indicates the 

model is fitted 34.72% of the variability in error. The adjusted R-squared statistic, 

which is more suitable for comparing models with different number of independent 

variables is 20.21%. The standard error of the estimate shows the standard deviation 

of the residuals to be 1.21. This value can be used to construct prediction limits for 

new observations.  The mean absolute error (MAE) of 0.83 is the average value of the 

residuals.  The Durbin-Watson (DW) statistics, tests the residuals to determine if there 

is any significant correlation. Since the P-value is greater than 0.05, there is no 

indication of serial autocorrelation in the residuals. The plot for residual variables and 

error is shown in Fig. 6.14(b). 
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Table 6.7   Variance analysis for error of FIR Filter 

Dependent Variable: Error 

Paramerter Standard Estimates Standard 

Error 

Statistics P-Value 

Constant  -10.21  2.62  3.39  0.001 

Din  -4.56.24  1.20 -2.07  0.053 

Pin  -1.51  1.04 -1.03 0.17 

Sin 3.45  3.36 1.02 0.32 

Tin -11.95  4.76 -2.51 0.02 

Variance  Analysis 

Source Sum of Squares Df Mean Square F-Ratio P-Value 

Model 13.99 4 3.50 2.39 0.09 

Residual 26.306 18 1.46   

Total Correlaton 529.63 22    

 

 

(a) 
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(b) 

Fig. 6.14   (a) IP-based test system (b) FIR Filter: Component+Residual plot for error with 

respect to Din 

 

Therefore, the only significant parameter is the Din and the regression analysis must be 

made considering only this input parameter. Our analysis demonstrates in equation 

(6.5): 

inD⋅+= 95.644.1ε     (6.5) 

This result in (6.5) implies that only transition density is significant in the error which 

is the main factor for power consumption of interconnections among IP blocks. 

The correlation coefficient equals to 0.95 demonstrates a relatively strong relationship 

between the variables. Fig. 6.15 shows after introducing (6.3) and (6.5) the model 

further improves and we found 99% and 85% correlation between simulated power, 

estimated and the corrected-estimated power for IP-based test system and digital FIR 

filter respectively. 
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(b) 

Fig. 6.15 (a) IP-based test system  (b) FIR filter:  Correlation between Estimated,  Simulated 

and Estimated-Corrected power 
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6.6.2 Simplification of the Model 

For IP-based Test System: By determining whether the model can be simplified, we 

found P-value of Pin is 0.95, which is the highest. Since the P-value is greater than or 

equal to 0.10, that term is not statistically significant at the 90% or higher confidence 

level. Therefore, we can remove Pin from the model. 

For Digital FIR Filter: Similarly, we found that the highest P-value on the 

independent variables is 0.318, belonging to Sin. Since the P-value is greater or equal 
to 0.10, that term is not statistically significant at the 90% or higher confidence level. 

Consequently, we should consider removing Sin from the model. 

6.6.3 Relationship between Error and Din 

For IP-based Test System: The linear model in equations (6.3) describes the 

relationship between error and Din. Since the P-value in Table 6.8 is less than 0.01, 

that means there is a statistically significant relationship between error and Din at the 

99% confidence level. The R- Squared statistic indicates the model is 88.41% fitted to 

the variability in error. The standard error of the estimate shows the standard deviation 

of the residuals to be 1.52. This value can be used to construct prediction limits for 

new observations. The fitted curve between Error and Din is described in Fig. 6.16(a). 

Table 6.8   Analysis for error and Din 

 

Single Regression Analysis- Error vs. Din  

Dependent variable: Error 

Independent variable: Din 

Parameter Standard Estimate Standar 

Error 

Statistics P-Value 

Constant -1.586 0.54 -2.95 0.0072 

Din 15.04 1.14 13.25 0.0000 

Source Sum of Squares Df Mean Square F-Rato P-Value 

Model Residual 390.77       1 390.77      175.50       0.0000 

 51.21      23 2.23   

Total (Corre) 441.99 24    



Chapter 6  Experimental results  

 167 

 

 

 

(a) 

 

(b) 

Fig. 6.16   (a) IP-based test system  (b) FIR filter: The fitted curve between Error and Din 
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The mean absolute error (MAE) of 1.12 is the average value of the residuals. The 

Durbin-Watson (DW) statistic tests the residuals to determine if there is any 

significant correlation. Since the P-value is greater than 0.05, there is no indication of 

serial autocorrelation in the residuals. 

In determining whether the model can be simplified, notice that the highest P-value on 

the independent variables is 0.00, belonging to Din. Since the P-value is less than 0.01, 

the highest order term is statistically significant at the 99% confidence level. 

For Digital FIR Filter: The linear model in equations (6.5) describes the relationship 

between error and Din. Since the P-value in Table 6.9 is less than 0.01, that means 

there is a statistically significant relationship between error and Din at the 90.6% 

confidence level. The R- Squared statistic indicates the model is 78.6% fitted to the 

variability in error. The standard error of the estimate shows the standard deviation of 

the residuals to be 2.11. This value can be used to construct prediction limits for new 

observations. The fitted curve between Error and Din is described in Fig. 6.16(b). 

 

Table 6.9   Analysis for error and Din 

 

The mean absolute error (MAE) of 1.60 is the average value of the residuals. The 

Durbin-Watson (DW) statistic tests the residuals to determine if there is any 

Single Regression Analysis- Error vs. Din  

Dependent variable: Error 

Independent variable: Din 

Parameter Standard Estimate Standar 

Error 

Statistics P-

Value 

Constant -0.72 0.76 -0.94 0.36 

Din 14.62 1.59 9.18 0.0000 

Source Sum of Squares Df Mean Square F-Rato P-Value 

Model 

Residual 

373.96 1 373.96      84.36       0.00 

 101.96      23 4.43   

Total (Corre) 475.92 24    
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significant correlation. Since the P-value is greater than 0.05, there is no indication of 

serial autocorrelation in the residuals. 

In determining whether the model can be simplified, notice that the highest P-value on 

the independent variables is 0.00 belonging to Din. Since the P-value is less than 0.01, 

the highest order term is statistically significant at the 90% confidence level. 

6.6.4 Normal Distribution Analysis 

For further verification of our results, we also performed normal distribution analysis 

to describe whether the distribution fits to the density or frequency on error. The 

estimated parameters of the fitted distribution are discussed in the previous sections. 

The distribution curve between error and the density is shown in Fig. 6.17. During our 

analysis, we tested whether the normal distribution fits to the data adequately, we 

performed the Goodness-of-Fit tests for error by chi-square and kolmogorov-smirnov 

tests as shown in Table. 6.10 and 6.11 respectively.  The chi-square test divides the 

range of error into non-overlapping intervals and compares the number of 

observations in each class to the number expected based on the fitted distribution. The 

kolmogorov-smirnov test computes the maximum distance between the cumulative 

distribution of error and the CDF of the fitted normal distribution. In this case, the 

maximum distance is 0.16. The other EDF statistics compare the empirical distribution 

function to the fitted CDF in different ways. 

 

Fig. 6.17   Distribution curve between density and error 
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Table 6.10   Chi-Square test 

 

Table 6.11    Kolmogorov-Smirnov test 

 

Goodness-of-Fit Tests for error: 

Chi-Square = 5.48 with 3 d.f.   P-Value = 0.14 

Estimated Kolmogorov statistic DPLUS = 0.16 

Estimated Kolmogorov statistic DMINUS = 0.11 

Estimated overall statistic DN = 0.16 

Approximate P-Value = 0.59 

 

*Indicates (in Table 6.11) that the P-Value has been compared to tables of critical 

values specially constructed for fitting the currently selected distribution. Other P-

values are based on general tables and may be very conservative. 

We also assessed how well the normal distribution fits by the frequency histogram 

between error and individual variable as shown in Fig. C1 (in appendix C). The plane 

shows the error can be adequately modelled by a normal distribution. Based on 25 

different values from -3.69 to 13.48, the mean is 3.95 and the standard deviation is 

4.70. Since the smallest P-value amongst the tests performed is greater than or equal to 

0.10, we can not reject the idea that error comes from a normal distribution with 90% 

or higher confidence. 

Lower 

Limit 

Upper Limit Observed 

Frequency 

Expected 

Frequency 

Chi-Square 

At or below -0.59  3  4.17  0.33 

-0.5902 1.93  8 4.17  3.53 

1.931 3.95 3 4.17  0.33 

3.95442 5.98  4 4.17  0.01 

5.97784 8.50 2 4.17  1.13 

Above 8.50 5 4.17  0.17 

EDF Statistic Value Modified Form P-Value 

Kolmogorov-Smirnov D 0.15  0.80  >=0.10* 

Anderson-Darling A^2 0.70  0.72 0.06* 
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6.7 Conclusions 

We have presented a new power macro-modelling technique for high-level power 

estimation applied on digital systems. We compare our macro-modelling results with 

Synospys Power Compiler power estimation tool and find our macro-model accuracy. 

For an individual IP macro-block, we measured just 1-3% average error, but for the 

entire IP-based system with interconnect the error increases 20-30%. This is because 

the macro-model should consider the power consumption of interconnects among 

different macro-blocks and other factors like glitches. We demonstrated relatively 

better accuracy in some cases than in others. For digital systems the correlation 

coefficient is between 95-84%. We found that considering output metrics in macro-

model can only improves 2-5% accuracy. 

This chapter demonstrates one of the main results of the thesis as the following issues: 

1. A complete tool-set has been developed that allows easy integration of power 

models for IP-based designs. 

2. A feasible methodology based on long simulations on IPs for power 

characterization and short calculations for complete System on Chip. 

3. The IP-based power model is accurate enough with the four input parameters 

and the linear function, which permits further integration of the power model 

in more complex designs. 

4. Two application examples have been issued that show larger calculation errors 

than in industrial IPs, if power is estimated by a simple addition of an 

individual powers. The error is mainly due to power consumption in the 

interconnections, as it is only dependent on transition density Din (% of 

transitions in the circuit signals). 
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7.1 Conclusions and Summary of Contribution 

It is widely recognized that low power consumption has become most important 
objective as a design constraint in the development of digital systems. While 

significant process technology improvements do results in large power reduction. The 

main goal of power estimation is to know the power consumed by a system before it 

has been manufactured. The knowledge of power consumption of the circuit as early 

as possible in the design flow, which permits architectural modifications that would 

lead to power optimization of the design. Optimization for low power can be applied 

at many different levels of the design. 

Power estimation is the process of forecasting the power consumption of IC operating 

in a specified environment from a given design description. Estimating the power 

consumption of a design is useful for several reasons. Power estimation supports the 

selection among different design alternatives and allows checking whether the power 

constraints are met. The main contribution of this thesis for the estimation problem is 

our new power macro-modelling procedure that uses inputs/outputs (I/O) statistical 

parameters at the architectural level. Accurate power analyses of the impact of the 

individual IP design steps in high-level synthesis are made possible. Power model for 

IPs that is only dependent on the environment where IP is being used. 

In this thesis we have presented power characterization and power estimation 

methodology at register transfer level for digital systems. Part of this work was made 

in the framework of the European funded project called VIPERS (Virtual IP 

Environment for Rapid Silicon). The methodology proposes the use of a simulation-

based approach for performing power estimation. Compared to the previous work, our 

approach makes the following tangible contributions: 

• A new power macro-modelling technique was proposed to model the power 

consumed for intellectual property digital system. This is an improvement for 

statistical power macro-models used in “encapsulated IPs”. 

• We extract the power function from four parameters I/O model based on 

simulations and present a power consumption function which captures the 
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relation between the circuit power consumption and the spatial-temporal 

correlations of primary (I/O). It can be a useful guide for generating macro-

models for other purposes. 

• One major contribution is the new macro-model functions that determine the 

relationship between I/O metrics. These functions describe that the output 

metrics are totally dependent on the input metrics. 

• Using Genetic Algorithm, a pattern generator was developed to generate 
input signals according to the given values of input metrics. Our pattern 

generator can be used to estimate power dissipation of any digital system. 

• We also developed pattern estimator tool that accurately estimates the values 
of the I/O metrics. This tool is very effective to estimate output metrics from 

the output waveforms of the circuit. 

• We analyzed the application of linear and non parametric regression for the 

automatic construction of RTL power macro-models. In this way we generate 

macro-models that approximately take into account not only the transition 

activity at the I/Os, but also the input arrival times and the spatio-temporal 

correlation of the data. 

• We propose of a method for optimize in the input pattern generation for power 

macro-model and introduce piecewise linear macro-model equations to 

increase the fidelity. 

• A statistical significance test is proposed to eliminate “insignificant variables” 

and therefore simplify the macro-model equation. 

• Because of the statistical nature of our macro-model, it can be validated and 

improved by the statistical methods. The refinement of power model is based 

on the experimental results and estimation error can be estimated for given 

confidence level. We compare our macro-modelling results with Synospys 

Power Compiler power estimation tool and find our macro-model accuracy.  

The penalty of performing power estimation at RTL is the potential inaccuracy 

due to the limited amount of available information about the IP design. This work 

presents new approach which circumvents this drawback for parts of the 
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estimation problem by taking into account all possible combinational hardware 

architectures. 

7.2 Future Work 

As with most research efforts, the concepts presented in this thesis raised perhaps as 

many as they solved. This section shortly discusses some of these issues, presenting 

directions for future work in the area of low power design methodologies and power 

estimation tools. This discussion begins by pointing out limitations of the low power 

analysis model presented in the previous chapters and suggesting improvements that 

could be made to these techniques. Next, the discussion turns from macro-models to 

tools, tackling the question of what types of power estimation tools and CAD 

frameworks would be useful for low power designers today and in the future. We hope 

that others will be able to build upon the methods and tools that were developed in this 

thesis. Many directions are available for future work: 

• Our macro-modelling approach can be adopted for more complex digital 

systems, which can open different research directions in this area. 

• One limitation of our approach for power estimation is that Monte Carlo zero-

delay simulation must be performed for every IP macro-block and then we 

extract the power model for each block. We summed all the models and 

estimate power for entire digital system. The alternative approach should 

include development of power model more rapidly using different modeling 

techniques. 

• The circuit I/O metrics relationship can be further discovered in order to 

reduce the number of metrics. 

• One important source of error comes from do not consider on the macro-

model, the power consumption of interconnects (buses) among different IP 

macro-blocks, and also other factors like glitch activities. Estimation of 

average interconnect length is subject to the same limitations. It might be 

worthwhile in the future to look into ways of reduce this uncertainty. The 
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model should use different techniques that improves the data-path of 

interconnects among IP macro-blocks. 

• We can also consider power analysis when even less information is available 

for example, at the algorithm level. Ideas for power analysis at this level of 

abstraction have been developed by other researchers and some were 

presented in this thesis; however, they lack the ability to account for activity 

statistics in any meaningful way. Since activity can play an important role 

determining power consumption, it might be worthwhile to look into 

developing activity-sensitive algorithmic power estimators. 

• In addition to the possibility of future improvements in the power analysis 

models, it is worthwhile to consider the future of EDA tools in low power 

design. Specifically, what types of tools and frameworks will the designer find 

most helpful in implementing high quality solutions in the least amount of 

time. Ultimately, it may be possible for the designer to specify a desired 

functionality along with a set of area, performance, and power constraints and 

have the tools automatically synthesize a nearly optimal solution. There are, 

however, substantial obstacles to achieve results far superior to synthesized 

solutions. So the role of EDA tools for today and foreseeable future is not for 

force the designer towards a particular solution, but to allow him to guide the 

design process, while automating tedious tasks and providing feedback on this 

progress. This implies a focus on tools for analysis and explanation rather than 

optimization. 

In conclusion, various challenging problems and open issues pave the road towards 

RTL tools for power estimation as well as power and performance optimization. We 

hope that this remains the primary research direction for next few years. 
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Appendix A: Basic Mathematical Modelling 

A.1 Introduction 

Mathematical models describe quantitative properties of the prototypes and their 

relationships by mathematical questions. They analyzed using mathematical 

formalisms. When relationships and mechanisms are not fully known, the model can 

have errors. These may concern the form or/and the numerical values used. Statistical 

techniques should accompany the model building and quantify expected errors. 

Different approaches to model generation may be taken: the conceptual approach is 
based purely on the theory of the area of application. The model arises from the theory 

more or less naturally, while remaining degrees of freedom may be exploited to 

achieve favourable model structures. In the empirical approach, the model is generated 

from an analysis of empirical data without conceptual and empirical elements 

[Glichrist84]. 

Model building usually consists of the following stages: 

• Abstraction of Data: The observed data do not serve as model variables 

directly. They merely undergo a transformation step to obtain a derived, more 

suitable, variable (e.g. computation of Hamming distance from vector pairs). 

Data abstraction consists of the identification of potential variables and their 

relationship to observables. 

• Data Acquisition: Data from the field of application is needed for the 

parameter estimation and the validation. The availability, controllability and 

cost of such data have a large impact on the modelling process. 

• Model Identification: The selection of a suitable mathematical 

representation. This representation describes the principle relationships and 

still contains abstract parameters instead of concrete numerical values. 
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• Fitting by estimation: Appropriate values for the parameters are chosen to 

minimize a selected error measure. By this estimation the model is fitted to the 

data. This stage moves from the general to the specific numerical form. 

• Validation: The process of comparison of the model with observed world is 

called validation. Statistical techniques are use for the assessment of the 

model’s properties, its consistency and suitability. 

• Application: Application is the ultimate purpose for which the model is 

required. Pragmatic considerations influence all other stages. 

• Iteration: The concept of statistical modelling contains the computation and 

analysis of errors throughout the modelling process. Should these errors proof 

to be unacceptably high at any stage the modelling process must be re-iterated. 

It has to be noted that these stages are usually not adopted in strict sequential order. 

A.2 Statistical Basics 

The modelling approaches presented in this thesis extensive use of statistical 

techniques. This section gives a short introduction into the fundamental principles and 

terminology used. 

A.2.1    Random Variables 

Statistical models are assumed to be subject to random disturbances. Random 

quantities such as these disturbances are described by random variables. A formal 

mathematical definition of random variables and the concept of “probability” is 

technically complicated. This intuitive meaning in this reduced context is however 

quite straight-forward: a random variable V is a variable that can randomly take on any 
value v in its domain (write:V=v). The probability is the likeliness of a specific 
outcome (write: P(V=v)). Let now V be a continuous random variable. Then 

[ ] ( ) ( )vVPxFF ≤=→ℜ ,1,0: , i.e. the probability that V is less or equal v, is the 
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distribution function and 
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 is the probability density function (pdf). The 
mean value or expectation is then defined as: 
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The variance is given as:  

 

( ) ( )( )( )22 var VEVEV −==σ  (A.2) 

V is called normally distributed if: 
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Let Vi be a number of n independent variables. Then the sample mean is:  
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Likewise the sample variance:  
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It can be shown that if the Vi are independent variables with the same mean E(V) and 

variance 
2σ and ∞→n  the sample mean and variance approximates the distribution 

mean and variance, i.e. 
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( ) ( )VEvE =
    (A.6) 

 

( ) 22 σ=sE
    (A.7) 

Furthermore if the Vi are normally distributed or n large, then v  is (approximately) 
normally distributed. 

A.2.2    Experimental Designs 

An experimental design is a subset of combinations of values of the random variables 

used for data acquisition. Let levels(xi) the set of all values variable xi takes in a set of 
experiments. An experimental design is then  

 

( )∏⊆
i

ixlevelsdesign
   (A.8) 

Where ∏ stands for the cartesian product. In case of equality, i.e. 

( )∏=
i ixlevelsdesign

, the design is called factorial and the xi factors. Obviously 
the choice of the experimental design has a high impact on the quality of the resulting 

model. However, even it the experiments are conducted specifically for the modelling, 

some of the variables may not be directly under control. 

A.2.3    Regression 

Linear regression is a common statistical method for model fitting. Consider the 

following situation: a dependent variable or response y, is to be modelled by a linear 
relationship that involves the k independent or regressor variable xi and k+1 unknown 
parameters βi. Let y and xi be the vectors of the n observed values of the respective 
variables. With ε vector of errors: 
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Model fitting now is the task of estimating appropriate regression coefficients 

∧

iβ
 to 

minimize the errors or residuals 

∧

−= yyε
 (where 

∧

y
is obtained by substituting 

∧

iβ
 in 

(A.9). Let X be the matrix formed by the vertical concatenation n-element 1-vector 
and the xi and β be the vector of the βi. Then the matrix formulation is: 

 

εβ += Xy
    (A.10) 

The residual or error sum of squares is defined as: 
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The so called least squares estimate of 

∧

β
 which has minimum SSE can be obtained as 

follows: Thinking of X as a linear projection matrix Xβ defines a subspace of 

nℜ (expectation plain [Bates88]). The closest point 
∧

β
 to y have the property that 

remaining error vector is orthogonal to this expectation plain, i.e.: 

 

0'' =







−=

∧

βε XyXX
   (A.12) 

The least squares estimate follows directly: 
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The least squares estimate can be easily calculated using computers. It also has a 

number of desirable statistical properties given the standard assumptions on all errors. 

Let ε the random variable of the errors, with εi arbitrary observations: 

A.2.4    Interval Estimation 

When using regression models for prediction it is often of interest what errors to 

expect. Regression theory gives the answer in terms of confidence intervals, i.e. 

intervals around the point estimate 

∧

0y in which the true response lies with 1-α 
probability. The 1-α prediction interval at the point x0 can be computed as: 
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  (A.14) 

Here 
kn

t
−,

2

α

 is the upper α/2 quantile of the Students t-distribution with n-k degree of 
freedom. 

A.2.5    Significance Test 

During model building and evaluation (e.g. during variable selection, see below) it can 

be necessary to assess the statistical significance of a term βt+1.xt+1 (i.e. its 

“importance”) in a given regression model. This statistical significance is expressed by 

the level of confidence in the associated coefficient βt+1 being different from zero. The 
level of confidence is determined by testing the following statistical hypothesis: 

 

0: 10 =+tH β
    (A.15) 
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The probability of rejecting this hypothesis expresses the confidence in βt+1 differing 
from zero. The level of confidence is of course dependent on the rest of the model. Let 

therefore Φ1 an arbitrary model with t variables. Let Φ2 the same model expended by 

βt+1.xt+1. Under these circumstances the confidence is determined using analysis of 

variance methods through the “partial F-test”. 

 

2

12
0 MSE

SSRSSR
F

−
=

   (A.16) 

where SSRi is the regression sum of square and MSEi is the mean square error for 

model Φi. F0 follows the Fisher F-distribution, so that we can reject H0 with probability 

1-p if F0 > Fp,1,n-t. The same partial F-test can be applied either when considering to 

include new variables into existing models or when considering to remove variables 

from models [Montgomery82]. 

A.2.6    Interpolation 

Interpolation is another parameter estimation technique. In contrast to regression it is a 

locally applied technique: the model response is not determined by the complete data 

set, but only by the data points in the neighbourhood of the desired point. Less 

complex models than for regression are generally used. This has mainly two reasons: 

a) an ill specified model has less impact and b) less data points are available to fix the 

parameters of the model. When smoothness is not required (e.g. spline interpolation), 

linear interpolation is usually employed. Linear interpolation can be formulated as 
follows: 

Let pi the i-th row of matrix X , i.e. the x vector of the point of the i-th observation vi 
and p the point to be predicted. Let N denote the set of indices of a given set of 
adjacent points. Then the goal is to find a function: 

 

{ }( )Nipfy i ε,=
∧

   (A.17) 
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The main problem here is to identify a meaningful set of adjacent points so that f 
becomes simple, especially when the dimensionality of the pi, i.e. the number of 
variables, is high. Note that since this neighbour identification has to be performed at 

model application, it is a performance critical step. Practical solutions for this issue 

pose restrictions on the pi. 

For evaluation purposes a state of the art linear interpolation algorithm is adapted 

[Rovatti98]. To tackle the neighbour identification problem this algorithm is restricted 

to factorial designs. 
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Appendix B: Synopsys Power Simulator 

B.1 Simulation, Synthesis and Power Estimation Tools 

In our experiments, digital IP blocks were designed in VHDL, simulated in Modelsim, 

and synthesized in Synopsys Design Compiler. While power estimation was done 

using both Synopsys Power Compiler and Modelsim with RTL power estimation 

method. 

B.1.1    Simulation Tool 

Modelsim is a simulation and a debugging tool for VHDL, Verilog, and other mixed-

language design from Mentor Graphics [McElvain03]. The basic simulation flow is as 

shown in Fig. B.1. To start with a working library is created and the code is compiled 

using commands. 

 

 

 

 

 

 

 

Fig. B.1   Modelsim simulation flow 

Creating a working library 

Compile design units 

Run simulation 

Debug results 
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B.1.2    Synthesis Tool 

Design Compiler is the core of the Synopsys synthesis software products. It comprises 

tools that synthesize HDL designs into optimized technology-dependent, gate-level 

designs. It supports a wide range of flat and hierarchical design styles and can 

optimize both combinational and sequential designs for speed, area, and power. 

Design Compiler reads and writes design files in all the standard EDA formats, 

including Synopsys internal database (.db) and equation format. In addition, it 

provides links to EDA tools, such place and route tools, and to post-layout re-

synthesis techniques, such as in-place optimization. 

The basic Design Compiler synthesis process is given in Fig. B.2. HDL compiler reads 

and writes VHDL/Verilog design files. The VHDL/Verilog compiler reads the HDL 

files and performs translation and architectural optimization of the designs. The 

appropriate HDL compiler is automatically called by Design Compiler when it reads 

as HDL design files. 

 

 

 

 

 

 

 

Fig. B.2   Design Compiler synthesis process 
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B.1.3    Power Estimation Tool 

Usually good architecture design and advanced technology process can reduce power 

consumption significantly. But if these factors are fixed, power consumption can be 

further optimized with EDA tools. Synopsys Power Compiler offers analysis and 

optimization technology from RTL to the gate level.  

To reduce design iteration, it is important to be aware of whether the power 

consumption meets the specification or not in all stages of the whole design cycle. The 

power analysis technology of Power Compiler analyzes the design for switching 

power, internal cell power, and leakage power [Synopsys00]. It computes average 

power consumption based on activity of nets in the design and also allows capturing 

the switching activity of primary inputs, primary outputs and outputs of sequential 

elements during simulation. Power analysis can be performed at the register transfer 

level using RTL simulation or at gate level using gate-level simulation. Fig.B.3 

describes the power flow at each abstraction level while Fig. B.4 shows power flow 

from RTL to Gate level. Because power analysis and optimization can be performed at 

both the RTL and the gate level, RTL and gate-level simulators must provide the 

design environment with switching activity information that allows power analysis  

 

 

 

 

 

 

 

Fig. B.3   Power flow at each of the abstraction level 

 

Simulation Analysis 

Optimization 

Switching 

Activity 
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and optimization to occur at both these levels. At higher abstraction level we can 

achieve greater power savings. RTL power analysis typically acquires information 

about switching activity from RTL simulation or from user-annotation. Gate-level 

power analysis, typically acquire information about switching activity from RTL pr 

gate-level simulation of from user-annotation. 

B.2 Synopsys Switching Activity Interchange Format – 

SAIF 

Synopsys Switching Interchange Format (SAIF) is a powerful format that meets the 

requirements of effective and efficient power management flows. SAIF provides the 

following benefits: 

• Compact format, complementary to Value Change Dump (VCD) 

• Complete switching description 

• Increased efficiency, productivity 

• Ease-of-use 

• Mature and industry-tested 

SAIF achieves these benefits in part because it supports a methodology that alerts 

simulators to capture only the switching information of interest. This is done through 

the use of forward-annotation and back-annotation files. Both files can be generated 

for both RTL and gate-level analysis and optimization. 

Forward-annotation files provide a directive to the simulator about which switching 
activity to monitor, thus limiting the overhead and output provided to a user-defined 

subset of all switching activity. While Back-annotation files are provided by the 
simulator and contain information about the observed switching activity for those 

elements monitored during simulation. 
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Fig. B.4   Power flow from RTL to gate level 

B.3 Forward-Annotation SAIF Files for RTL Simulation 

For RTL simulation, forward-annotation files contain directives that determine which 

design elements are to be traced during simulation. These are auto-generated by tools 

from the technology-independent elaborated design. 

Simulation Analysis 

Optimization 

Register Transfer Level 

Simulation Analysis 

Optimization 

Gate Level 
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Switching activity obtained from RTL simulation can be categorized as synthesis 

variant switching activity (SVSA) and synthesis invariant switching activity (SASA). 

SVSA comes from the combinational logic of the design that will be heavily 

optimized during the synthesis process. SISA comes from the synthesis invariant 

elements, which generally include inferred registers, inferred tri-state devices, 

hierarchical bound-aries, block box I/Os, and primary I/Os. Since the synthesis 

process does not modify these elements, SISA information is still valid after the RTL 

design is mapped to the gate level netlist. 

Many power analysis and optimization tools are able to deliver satisfactory 

performance using only SISA data. This makes full-timing, gate-level simulations 

unnecessary. SISA data is available directly from RTL simulation. Since simulators do 

not differentiate synthesis variant elements from synthesis invariant element, SAIF 

forward-annotation can be used to indicate which RTL object is a synthesis invariant 

element and, therefore, should have its switching behaviour monitored by the 

simulator. In addition, name mapping between the RTL and gate-level is given in a 

SAIF file. This allows the tools to know on which gate element a RTL object’s 

switching statistics should apply, after the design is mapped  to a gate-level netlist. 

 

(LIBRARY WORK 

(MODULE "example" 

(NET (A "A_reg/Q" "sequential")) 

) 

) 

When used as forward-annotation for RTL design, the information in SAIF files can 

be in either the design-specific or instance-specific style. Here is an example of a 

design-specific style: 

This shows that for all instances of the design “example” in the library “WORK”, an 

RTL net “A” is a synthesis invariant object. After synthesis, a sequential element 

A_reg will be created and its Q output will have the switching behavior of “A” which 
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is obtained from the RTL simulation. When the simulator reads in this SAIF file, it 

should monitor net “A” inside all instances of design “example”. For each and every 

instance, the simulator should report switching activity on the Q pin of the A_reg cell 

inside that instance. 

This next example is instance-specific: 

 

(INSTANCE TOP 

(INSTANCE U1 

(NET (B "B_reg/Q" "sequential")) 

) 

) 

It shows that for instance “TOP/U1”, the simulator should monitor net “B” and report 

switching activity on “TOP/U1/B_reg/Q”. 

B.4 Forward-Annotation SAIF Files for Gate-Level 

Simulation 

For gate-level simulation, forward-annotation files contain information from the 

technology library about cells with state- and/or path-dependent power models. For 

some types of library cells, the internal power consumption can be quite different, 

depending on different states and/or paths that cause the circuit to switch. It is 

therefore essential for the simulator to capture state/path dependent switching activity 

for such cells. However, the simulator itself may not have the power library 

information and is unable to identify the cases where state/path dependent switching 

activity is needed. 

For this purpose, forward-annotation SAIF can be used to carry the state and path 

dependent information of the library cells and pass this information to the gate-level 

simulator. Here, the information in SAIF is best described in design-specific style 
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(each library cell is considered as a design), as all instances of a particular library cell 

will have the same state/path dependent information. Note that SAIF handles cell ports 

that have combined state dependency and path dependency, as well as those with just 

one dependency type. For example: 

 

(... 

(LIBRARY "lsi_10k" 

/* The port Y of cell1 has dependencies 

   on port "READ" and "WRITE" */ 

(DESIGN "cell1" 

(PORT 

(Y 

(COND READ COND WRITE COND_DEFAULT) 

) 

) 

) 

Example 1 

 

/* The port Y of cell2 has dependencies on 

   path from "In1" and "In2" */ 

(DESIGN "cell2" 

(PORT 

(Y 

(IOPATH In1 IOPATH In2) 
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) 

) 

) 

) 

) 

Example 2 

In the above example, library “lsi_10k” has two cells with state/path dependent power 

consumption. For “cell1”, switching activity of port “Y” needs to be differentiated 

between those caused by the state when “READ” is high and those caused by the state 

when “WRITE” is high. For “cell2”, switching activity of port “Y” needs to be 

differentiated between those coming from port “In1” and those coming from port 

“In2”. The simulator will use the information in this forward-annotation SAIF file to 

report state/path dependent switching activity for “cell1” and “cell2” respectively. In 

example 2, an XOR gate demonstrates the need for both state and path dependencies. 

In the figure below, when output “Y” toggles, the internal power consumption is quite 

different depending on whether the transition is from path 1-3 or path 2-3. 

B.5 Back-Annotation SAIF Files 

In the case of both RTL and gate-level simulation, the back-annotation file contains a 

report by the simulator of switching activity, based on the information and directives 

in the appropriate forward-annotation file. Back-annotation SAIF files are expressed 

in instance-specific style, since each instance has its own particular switching 

behaviour. Power analysis tools use the back-annotation file to annotate the switching 

activity information onto the gate-level design. During power analysis, this allows 

power tools to evaluate power consumption and, during power optimization, make 

optimization decisions. 

There are two categories for normal switching activity, non-glitching and glitching. 

All simulators should be capable of supporting information in the non-glitching 

category. Some simulators may also provide additional information in the glitching 
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category. Non-glitching switching activity information forms the basis of fundamental 

signal statistics such as toggle rate and static probability. This information should be 

available from any simulator, even a simulator that is not able to detect glitches, such 

as a zero-delay or cycle-based simulator. Non-glitching information supports 

optimization and analysis with reasonable accuracy, but it does not model glitching 

behaviour, bus contention, spatial correlations, or temporal correlations. Glitches are 

defined in SAIF as any signal state transitions that do not contribute to the functional 

behaviour of a circuit. Glitches are not detected during steady-state circuit analysis 

(for example, zero-delay or cycle-based simulation). A full-timing simulation is 

generally required to acquire glitch information. 

Transport glitches are extra transitions at the output of the gate before the output 

signal reaches its steady state. Unlike inertial glitches, transport glitches are not 

cancelled by an inertial delay algorithm. A transport glitch consumes the same amount 

of power as a normal toggle transition does, and is an ideal candidate for power 

minimization during the optimization process. Transport glitches at the output of the 

gate have a pulse width longer than the gate delay and do not contribute to the 

functional behaviour of the circuit. Inertial glitches are signal transitions occurring at 

the output of the gate that would be filtered out if an inertial delay algorithm were 

applied. 

The number of transport and inertial glitch transitions are reported in the SAIF file. 

Since transport glitches consume the same amount of power as normal toggles, power 

consumption can be accurately calculated based on the number of transitions. For 

inertial glitches, however, the number of transitions is not enough to accurately 

estimate the inertial glitching power dissipation. Estimating inertial glitching power 

can be improved if the simulator provides a de-rating factor for each node in the 

circuit that has inertial glitches. The de-rating factor can be used to scale the inertial 

glitch count to an effective count of normal toggle transition. Power analysis tools can 

then use the adjusted inertial glitch count to improve estimation accuracy. 
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B.6 SAIF Gate-Level and RTL Design Flows 

As discussed earlier, SAIF supports both the RTL and gate-level design flows. In the 

gate-level design flow, back-annotation SAIF stores not only the normal toggle rate 

and static probability data, but also state-dependent and/or path-dependent switching 

activity. Also, forward-annotation SAIF may be used to carry information regarding 

library cell state and path dependencies. The simulator needs this information in order 

to trace state- and path-dependent switching activity. Power estimation accuracy is 

improved when state and path dependencies are considered. The SAIF gate-level 

design flow is shown in Fig. B.5. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. B.5   SAIF gate level design flow 
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In the RTL design flow, switching activity of synthesis-invariant elements, such as 

sequential outputs, tri-state outputs, and hierarchical boundaries, can be obtained 

directly from RTL simulation via SAIF. Supplying synthesis-invariant elements 

eliminates the need for time-consuming gate-level simulation. 

SAIF captures switching activity information on a design-specific basis as well as on 

an instance-specific basis. By design-specific, we mean that switching activity 

information is specified for a design module or library cell, and all instantiation of 

such design module (or cell) has the same information. By instance specific, we mean 

that switching activity information is specified for an instance, and each instance has 

its own switching information. The SAIF RTL design flow is shown in Fig. B.6. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. B.6   SAIF RTL design flow 
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The following table B.1 summarizes the uses of SAIF in the RTL and gate-level flows. 

 

Table B.1    Uses of SAIF in different flows 

 

 

 

 

 

 

 

 

 

 

 Gate-Level 

Forward Annotation 

RTL 

Forward Annotation 

RTL & Gate-Level 

Back Annotation 

Purpose Provides information 

regarding state/path 

dependencies of 

library cells 

Provides synthesis invariant 

information to assist 

capturing RTL switching 

activity 

Provides switching 

statistics such as 

toggle rate and static 

probability 

Style Design-specific Design-specific and instance-

specific 

Instance-specific 
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Appendix C: Normal Distribution Curves 

 
Mean = 4.350 

Standard Deviation = 4.2914 

 
Mean = 0.394 

Standard Deviation = 0.268 

 
Mean = 0.515 

Standard Deviation = 0.283 

 
Mean = 0.610 

Standard Deviation = 0.274 
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Mean = 0.661 
Standard Deviation = 0.169 

 

 (a) 
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Mean = 2.507 

Standard Deviation = 1.353  

Mean= 0.351 

Standard Deviation= 0.192 

 Mean = 0.513 

Standard Deviation = 0.253 

 
Mean = 0.609 

Standard Deviation = 0.194 
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 Mean = 0.621 

Standard Deviation = 0.157 

 (b) 

Fig. C1  (a) Test IP-based system (b) FIR filter:  Histogram between individual variable and 

error 

 

 

 

 

 

 

 


