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Abstract: Given the recent popularity of FPGAs in performance-critical applications, power has become
a top-level design constraint. While flexibility, parallelism and shorter time-to-market of FPGAs
are attractive characteristics, they consume much higher power than comparable ASIC solutions making
accurate early-stage power evaluation necessary. In this paper, reviews on power model and estimation
in FPGA implementation are addressed with special focus on system level power estimation. Different
power estimation techniques known from literature like probabilistic, statistical, simulation-based, and
analytical methods were explored at various levels of abstraction. The work focuses on RTL-level and
IP-based modeling techniques, regression and machine learning-based iterations, and their capacity to
model dynamic power consumption. The review highlights the drawbacks of current system-level power
estimation techniques, specifically their failure to accurately account for interconnection effects and
power reduction in multi-IP systems. The findings indicate that while individual IP power models have
achieved high accuracy, system-level estimation remains an open research challenge.
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Introduction

High-performance hardware peripherals and embedded processor cores on a single chip with
conventional optimization capability have not only established Field Programmable Gate Arrays (FPGASs)
as powerful System-on-Chip (SoC) but have also opened the gate for FPGAs to be utilized in many
complex digital applications [1]. FPGAs are the first choice of Advanced Driver Assistance Systems (ADAS)
owing to their high-level processing and fine-grain parallelism [2]. A few recent developments in the
FPGA industry include Agilex M-series FPGAs launched by Intel Corporation in March 2022 dedicated to
data centers, radar, and aerospace applications, Titanium TI1180 FPGA launched by Efinix Inc. August 2022
dedicated to automotive and Virtual Reality (VR) applications. It has been reported that the revenue
forecast of FPGAs in 2027 is approx. USD 18.8 billion [3]. Nowadays, FPGAs are the first choice of
designers in comparison to ASICs counterparts due to their reconfigurability, less design turnaround
time, and high operating speed. However, they consume more power, approximately 14 times more in
comparison to ASICs. Power is an important parameter that needs to be taken into consideration while
designing a circuit and/or a system. The available commercial tools could estimate the power after
undergoing the entire design cycle which is indeed a time taking process. Hence, accurate power
estimation of circuits and/or systems at an early design cycle has become a necessary requirement.
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Background and Motivation

Several power estimation strategies have been documented in the literature. Probabilistic techniques
estimate power based on input signal probabilities to compute switching activity [9-10], but they do not
account for glitching and propagation delays, resulting in limited accuracy. Statistical techniques assess
power by simulating designs with randomly generated input patterns [7-8], but they have a long runtime
because to the enormous input vectors. Monte Carlo simulation approaches help to overcome this issue
by reducing simulation complexity [9]. Analytical power modeling and macro-modeling are commonly
used at the RTL level. Macro-modeling methods estimate power using lookup tables or equations
derived from input statistical parameters [10]. Analytical power modeling techniques often leverage
machine learning to build models based on selected design parameters. Several such models have been
proposed in the literature. C. H. Gebotys et al. introduced a linear regression-based power model using
DSP script-derived variables, achieving an estimation error below 4% [11]. S. Gupta et al. proposed a
table-based power model capable of estimating circuit power for arbitrary input/output signals,
constructed automatically through a gate-level characterization process [12]. N. Julien et al. developed
an architectural-level power model for processors based on functional analysis and validated it using the
Texas Instruments TMS320C6201 processor [13]. A. Amira et al. presented an FPGA-based
implementation of the Fast Hadamard Transform using a hybrid of Handel-C2 and parameterized VHDL
cores, exploiting parallelism and pipelining to achieve high throughput [14]. R. Jevtic et al. proposed a
regression-based power estimation model for embedded multipliers using switching activity derived
from dataflow graph simulations, achieving an average error of 8.19% on Xilinx Virtex-1l Pro devices [15].
L. Deng et al. developed area and power estimation models using curve fitting and regression for the
Virtex-2Pro FPGA family, reporting varying estimation errors depending on the design type [16]. A. N.
Tripathi et al. proposed an ANN based dynamic power estimation model for Zynq devices, where by
considering a DSP block usage as an added input feature the accuracy of the model was improved [17].
G. Verma et al. subsequently revealed deficiencies in Deng et al. ’s approach as well as proposed
improved regression-based methods [18]. While most existing models focus on estimating the power of
individual IP cores, limited research addresses system-level power estimation involving interconnected IP
cores. X. Liu et al. introduced a hybrid power estimation approach that integrates high-level simulation
with macro-modeling, implemented as the Hybrid Power Estimation (HyPE) tool, achieving an average
error of 7.3% for large-scale designs [19]. D. Elleouet et al. proposed a system-level power estimation
identity in which total power is computed as the sum of the dynamic power of individual IP cores and
FPGA configuration power. However, the omission of interconnection effects resulted in estimation
errors exceeding 10% for systems comprising multiple IP cores [20]. J. Lorandel et al. extended this
methodology but similarly neglected interconnection power, reporting a maximum error of
approximately 5% [21]. Y. A. Durrani et al. incorporated interconnection effects but still reported errors
ranging from 9% to 15%, and did not address frequency scaling or cross-device compatibility [22]. V.
Nasser et al. introduced a low-level power estimation method by decomposing digital systems into
primitive operators with an error less than 8% [23]. Fewer works have considered power estimation
techniques, existing studies tend to narrow down the focus on power minimisation. B. Pandey et al.
demonstrated power reduction in ALUs using latch-free clock gating but did not address system-level
power estimation [24]. G. Verma et al. developed accurate models for circuits employing clock-enable
power reduction techniques, though system-level estimation was not considered [25]. S. Huda et al.
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proposed clock gating and placement algorithms to reduce clock network power by up to 50% [26], while
J. Shinde et al. analysed various RTL-level clock gating strategies and identified latch-based clock gating
as the most effective [27].

Power Estimation Approaches for FPGAs

Power estimation techniques reported in the literature can be broadly classified into probabilistic,
simulation-based, and statistical approaches. Probabilistic methods allow rapid power estimation but
sacrifice accuracy [4]. In contrast, simulation-based techniques offer highly accurate power estimates,
although they require significant time to produce power reports for a given design. Statistical approaches
provide a balance between speed and accuracy, generating power estimates with moderate precision
and computation time [4]. Moreover, statistical power estimation methods are suitable for evaluating
the power consumption of individual IP blocks as well as complete systems formed by integrating
multiple IP cores.

Power Estimation at System Level for FPGAs
The IP-based systems are implemented by connecting the needed IP cores. Power estimation for the

IP-based system is performed using the Vivado design flow. Additionally, the power consumption of
individual IP cores is estimated using the same flow. Post-synthesis data is utilized to develop power
estimation models for individual IP cores. This post-synthesis data is provided as input to MATLAB, where
regression-based power models are generated for each IP core. The developed power models are
validated by comparing their results with power values obtained from a commercial tool. Once the
power model for each individual IP core is established, the estimated power values are used to calculate
the overall system power using the approach proposed by D. Elleouet et al [20]. According to him, the
power consumption of a system composed of N IP cores can be estimated by summing the dynamic
power of each IP core along with the power of the FPGA configuration plane, as expressed in Equation

(1).

System power =), Dynamic power of each IP + Power of FPGA configuration plan (1)

Conclusions

This paper has presented a detailed review of power modelling and estimation techniques for FPGA
implementations, with a focused discussion on system-level power estimation using IP-based design
methodologies. The paper also compared various power estimation strategies at multiple levels of
abstraction such as probabilistic statistical, simulation based, regression, and machine learning based
methods and discussed their strength and weakness. When considering the related work, most of the
previous research has been focusing on predicting the power consumption of each IP core and reported
promising accuracy. But, system-level power estimation of FPGA-based design consisting of
interconnected IP cores is comparably unexplored. Accordingly, there is a strong need for scalable
system-level power estimation methodologies that takes the interconnect power and power-aware
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synthesis into account. Further work in this direction can help to enhance the accuracy of early power

estimation and support the design of FPGA-based, low-power systems.

References

1.

10.

11.

12.

13.

14.

J. J. Rodriguez-Andina, M. D. Valdés-Pefia, and M. J. Moure, “Advanced features and industrial
applications of FPGAs—A review,” IEEE Trans. Ind. Informatics, vol. 11, no. 4, pp. 853—-864, Aug.
2015, doi: 10.1109/TI1.2015.2431223.

Logic Fruit Technologies, “FPGA: Technology, Development, and Market Trends,” 2022. [Online].
Available: https://www.logic-fruit.com/blog/fpga/what-is-f

MarketsandMarkets, “FPGA Market,” [Online]. Available:
https://www.marketsandmarkets.com/Market-Reports/fpga-market-194123367.html

Y. Nasser, J. Lorandel, J.-C. Prevotet, and M. Hélard, “RTL-to-transistor-level power modelling and

estimation techniques for FPGA and ASIC: A survey,” IEEE Trans. Comput.-Aided Des. Integr.
Circuits Syst., vol. 40, no. 3, pp. 479-493, 2021, doi: 10.1109/TCAD.2020.3003276.

J. H. Anderson and F. N. Najm, “Power estimation techniques for FPGAs,” IEEE Trans. VLSI Syst.,
vol. 12, no. 10, pp. 1015-1027, 2004, doi: 10.1109/TVLSI.2004.831478.

J. Lamoureux and S. J. E. Wilton, “Activity estimation for field-programmable gate arrays,” in
Proc. Int. Conf. Field Programmable Logic Appl. (FPL), 2006, pp. 1-8, doi:
10.1109/FPL.2006.311199.

N. C. K. Choy and S. J. E. Wilton, “Activity-based power estimation and characterization of DSP
and multiplier blocks in FPGAs,” in Proc. Field-Programmable Technology (FPT), 2006, pp.
253-256, doi: 10.1109/FPT.2006.270321.

F. N. Najm and M. G. Xakellis, “Statistical estimation of the switching activity in VLSI circuits,” VLSI
Design, vol. 7, no. 3, pp. 243-254, 1998, doi: 10.1109/DAC.1994.204196.

E. Todorovich, E. Boemo, F. Angarita, and J. Vails, “Statistical power estimation for FPGAs,” in
Proc. Int. Conf Field Programmable Logic Appl. (FPL), 2005, pp. 515-518, doi:
10.1109/FPL.2005.1515774.

A. Reimer, A. Schulz, and W. Nebel, “Modelling macromodules for high-level dynamic power
estimation of FPGA-based digital designs,” in Proc. Int. Symp. Low Power Electron. Design, 2006,
pp. 151-154, doi: 10.1145/1165573.1165609.

C. H. Gebotys and R. J. Gebotys, “Statistically based prediction of power dissipation for complex
embedded DSP processors,” Microprocessors and Microsystems, vol. 23, pp. 135-144, 1999, doi:
10.1016/50141-9331(99)00030-7.

S. Gupta and F. N. Najm, “Power modeling for high-level power estimation,” IEEE Trans. VLSI
Syst., vol. 8, no. 1, pp. 18-29, Feb. 2000, doi: 10.1109/92.820758.

N. Julien, J. Laurent, E. Senn, and E. Martin, “Power consumption modeling and characterization
of the TIC6201,” IEEE Micro, vol. 23, pp. 40-49, 2003, doi: 10.1109/MM.2003.1240211.

A. Amira and S. Chandrasekaran, “Power modeling and efficient FPGA implementation of FHT for
signal processing,” IEEE Trans. VLSl Syst., vol. 15, no. 3, pp. 286-297, 2007, doi:
10.1109/TVLSI.2007.893606.

SGS Initiative, VOL. 1 NO .2 (2026): LGPR


https://www.logic-fruit.com/blog/fpga/what-is-fpga/
https://www.marketsandmarkets.com/Market-Reports/fpga-market-194123367.html

15

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

. R. Jevtic and C. Carreras, “Power estimation of embedded multiplier blocks in FPGAs,” IEEE
Trans. VLSI Syst., vol. 18, no. 5, pp. 835839, 2010, doi: 10.1109/TVLSI.2009.2015326.

L. Deng, K. Sobhti, Y. Zhang, and C. Chakrabarti, “Accurate models for estimating area, time and
power of FPGA implementations,” Signal Processing Systems, vol. 63, pp. 39-50, 2011, doi:
10.1007/s11265-009-0387-7.

A. N. Tripathi and A. Rajawat, “A fast and efficient power estimation model for FPGA-based
design,”  Microprocessors and  Microsystems, vol. 59, pp. 37-45, 2018, doi:
10.1016/j.micpro.2018.03.005.

G. Verma, R. Vijay, and V. Khare, “Regression-based FPGA power estimation tool (FPE_Tool) for
embedded multiplier block,” Int. J Inf. Technol., pp. 795-798, 2018, doi:
10.1007/s41870-018-0193-1.

X. Liu and M. C. Papaefthymiou, “HyPE: Hybrid power estimation for IP-based systems-on-chip,”
IEEE Trans. Comput.-Aided Des. Integr. Circuits Syst., vol. 24, no. 7, pp. 1089-1103, 2005, doi:
10.1109/TCAD.2005.850891.

D. Elleouet, N. Julien, and D. Houzet, “A high-level SoC power estimation based on IP modeling,”
in  Proc. Int. Parallel Distrib. Process. Symp. (IPDPS), 2006, pp. 1-4, doi:
10.1109/1PDPS.2006.1639468.

J. Lorandel, J.-C. Prevotet, and M. Hélard, “Fast power and performance evaluation of
FPGA-based wireless communication systems,” IEEE Access, vol. 4, pp. 2005-2018, 2016, doi:
10.1109/ACCESS.2016.2559781.

Y. A. Durrani and T. R. Alcaide, “High-level power analysis for intellectual property-based digital
systems,” Circuits, Systems, and Signal Processing, vol. 33, no. 4, pp. 1035-1051, 2014, doi:
10.1007/s00034-013-9692-2.

Y. Nasser, J.-C. Prevotet, M. Hélard, and J. Lorandel, “Dynamic power estimation based on
switching activity propagation,” in Proc. 27th Int. Conf. Field Programmable Logic Appl. (FPL),
2017, pp. 1-2, doi: 10.23919/FPL.2017.8056783.

B. Pandey, J. Yadav, N. Rajoria, and M. Pattanaik, “Clock gating based energy efficient ALU design
and implementation on FPGA,” in Proc. IEEE Int. Conf. Energy Efficient Technologies for
Sustainability (ICEETS), 2013, pp. 93-97, doi: 10.1109/ICEETS.2013.6533362.

G. Verma, V. Khare, and M. Kumar, “More precise FPGA power estimation and validation tool
(FPEV_Tool) for low power applications,” Wireless Personal Communications, vol. 106, pp.
2237-2246, 2019, doi: 10.1007/s11277-018-5938-4.

S. Huda, M. Mallick, and J. H. Anderson, “Clock gating architectures for FPGA power reduction,”
in Proc. IEEE Int. Conf. Field Programmable Logic Appl. (FPL), 2009, pp. 112-118, doi:
10.1109/FPL.2009.5272538.

J. Shinde and S. S. Salankar, “Clock gating—A power optimizing technique for VLSI circuits,” in
Proc. IEEE India Conf., 2011, pp. 1-4, doi: 10.1109/INDCON.2011.6139440.

SGS Initiative, VOL. 1 NO .2 (2026): LGPR



