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• Clear communication during calls
• High-quality audio recordings
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• Audio denoising is a complex task 
involving audio reconstruction
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• Classical methods are rigid – noise estimation
• Fixed algorithms and parameters

• CNNs offer flexibility but demand efficiency
• Generalizable across noise types
• Finetune/retrain, downstream deploy
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• High Performance:
• Recent deep learning algorithms excel 

in audio processing

Past ML-Based Audio Processing

• Convolutional Encoder-Decoder 
(CED) models show promise in 
frequency-domain audio 
processing

• Practicality depends on efficient 
hardware design to reduce 
computational demands

• Challenges:
• High computational complexity
• Large model sizes
• Substantial power and resource 

requirements

• Feasibility Issues:
• Unsuitable for IoT devices due to 

energy and size constraints
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FPGA

• On-Chip Data Loading:
• All weights and quantization parameters 

preloaded, minimizing external data 
transfers to reduce latency and power.

• Efficient Data Processing:
• Conv2D block reduces 2D to 1D; 1D 

convolver completes operations with residual 
memory for skip connections.

• Optimized Precision and Power:
• Activations stored in 8-bit precision.
• Power-gated memory logic reduces power 

during inactivity.
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Architecture

• Processes one kernel 
at a time with PE
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computation of up to 9 
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1D Convolution Dataflow
PE Activation Routing Dataflow

• Energy Optimization 
via Memory Access 
Reduction; PE input 
routing and weight 
mapping schemes

• Final PE computes a 
complete kernel 
convolution output 
every cycle

PE

PE

PE

PE

broadcast inputs to all PEs

move partial sums 
to neighbouring PEs

keep weights
stationary o3      o2      o1       o0

i8 i7 i6  i5  i4  i3  i2  i1  i0
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Results
Residual memory (8kB)

Input
Mem
(4kB)

Var
Mem

(3.5kB)

Weight
Memory
(36kB)Compute Layer activation 

memory (8kB)

1D activation 
memory (16kB)

Residual memory (8kB)
Input
Mem
(4kB)

Var
Mem

(3.5kB)

Weight
Memory
(36kB)Compute Layer activation 

memory (8kB)

1D activation 
memory (16kB)

Technology TSMC 28nm HPC+

Core area 0.75 mm2

On-chip SRAM 75.5kB

Supply voltage 0.65 – 1V

Frequency 18.5MHz

Power 407μW (@ 0.65V, 18.5MHz)

Efficiency 3.24μJ/frame

FPGA 
XEM7001
(below)

Packaged
Die

Measurement
PCB



Results

Measured voltage scalability of this work           PESQ comparison with prior works

• [9] – CNN based FPGA design
[10] - 1D depthwise-separable convolution layers, a gated recurrent unit based ASIC

[9] Y.C. Lee, T.S. Chi, C.H. Yang, IEEE JSSC, vol. 55, no. 8, pp. 275-282, Aug. 2020.
[10] S. Park, S. Lee, J. Park, H. S. Choi, D. Jeon, Proc. IEEE ISSCC, pp. 21-23, 2023.



TCAS-II’21 [7] INTERSPEECH’20 [8] JSSC’20 [9] ISSCC’23 [10] This Work

Implementation Synthesized 
ASIC

FPGA FPGA ASIC ASIC ASIC

Technology (nm) 90 - - 40 28 28

Core Area (mm2) 11.4 - - 4.2 0.81 0.75

FFT Window / 
Hop

512 / - 512 / 256 400 / 100 256 / 128 512 / 256 256 / 64

Frequency (MHz) 500 - - 5 - 20 2.5 - 20 18.5 – 25

On-Chip SRAM 
(kB)

313.7 434.67 327 35 75.5

Power (mW) 636 
(1.2V, 500MHz)

272 147.2 2.17 
(0.6V, 5MHz)

0.74 
(0.8V, 2.5MHz);

1.365
(1V, 2.5MHZ)b

0.407a 
(0.65V, 

18.5MHz)

Frames/sec - 63 160 125 63 125

Efficiency 
(μJ/frame)

10095.24c 4317.46 920 17.36 11.75 3.24a

Dataset TIMIT CHiME2 CHiME2 CHiME2 CHiME2 CHiME2

PESQ 1.52 - - 2.38d 2.73 2.79
aexcludes off-chip processing and STFT
bML processing power from place-and-route netlist (excludes preprocessing: I/O Buffer, FFT, Window, Mel filter) 
cAs per [9], assuming hop size = 50% of FFT window size dfp32 implementation of [8] by [9]

Results

[7] S. R. Chiluveru, et al., IEEE TCAS-II, vol. 68, no. 11, pp. 3461-3465, Nov. 2021.
[8] I. Fedorov et al., INTERSPEECH, pp. 4054-4058, 2020.
[9] Y.C. Lee, T.S. Chi, C.H. Yang, IEEE JSSC, vol. 55, no. 8, pp. 275-282, Aug. 2020.
[10] S. Park, S. Lee, J. Park, H. S. Choi, D. Jeon, Proc. IEEE ISSCC, pp. 21-23, 2023.
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demands
• Low power (407µW), or 3.24µJ per frame at 0.65V and 18.5 MHz
• High audio quality (PESQ: highest among prior works)
• Real-time processing: < 8ms per frame at 18.5 MHz
• Future Work:
• Integration of frequency transform computation with on-chip processor
• Development of a complete system (including ADC and DAC)
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