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Abstract- Mixed-signal Audio IP Designs form an essential part of electronics used in day-to-day life (mobiles, televisions,
laptops, etc.). The main components of Audio IPs are Digital Converters (ADC/DAC), filtering blocks, Audio Codecs
(Coding and Decoding for transmission / storing of Audio Signals), Microphone Interface, and so on.

The nature of the data processing in this class of IPs differs from the conventional digital IPs. The performance of IP in
terms of faithful transmission and reproduction of frequency domain information is of utmost importance. In such IPs,
traditional score-boarding techniques for data integrity checks are necessary but not sufficient to validate performance.
FFT analysis is needed to validate that all data is reproduced and transmitted faithfully.

In this paper, we propose an end-to-end verification solution for this class of IPs using a novel hybrid verification test-
bench based on Python and SV-UVM. This facilitates leveraging powerful scripting capabilities offered by Python to be
used in conjunction with SV-UVM based MDV Infrastructure.

Furthermore, the paper presents a detailed discussion on the challenges and related solutions of developing SV-UVM and
Python based verification flow along with the techniques to handle frequency leakage issues associated with FFT analysis
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I. INTRODUCTION
In the Audio IPs under discussion, generally, analog sound signal input is digitized and stored for processing or
transmission for different kinds of applications. In some applications, the input data might additionally be digitally
modulated. For all possible scenarios, we need to ensure that the signal at the input of the Design is faithfully
reproduced at the output after all the necessary transformations and processing like quantization, sampling, gain,
attenuation, filtering, etc.
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Fig 1.1 : Sample Block diagram of DUT

Verification of these types of Designs is a major challenge. This is because, for most other digital systems like
Memory models, Interconnects, Peripheral Bus, etc., which deal with large but structured data - assuring Data
integrity between input and output using a typical Data Score-Board mechanism ensures that the Design is
functioning properly. But a similar approach cannot be employed for checking the functionality of DSP based IPs
like Audio Codec or High Speed ADCs- primarily because these IPs consist of complex mathematical algorithms
and secondly Quantization noise, Group Delay, noise from individual blocks inside the Design also makes the task
of performing traditional score-boarding very difficult.



With data-integrity checks ruled out, the alternative approach that is left for verifying this kind of IP functionality is
to have a golden reference model which mimics the same mathematical functionality and other noise factors which
are present inside the DUT. But, this approach is both difficult and time consuming for a verification engineer,
especially in cases where he/she is supposed to treat the design as a black or grey box.

Hence the only idea that looks feasible in such cases, would be to perform FFT analysis on the Data. FFT or Fast
Fourier Transform is an algorithm to perform DFT (Discrete Fourier Transform or IDFT (Inverse Discrete Fourier
Transform) which converts time domain data into frequency domain or vice versa. For our application FFT is
needed to convert time domain data obtained through simulation into frequency domain to see its spectral contents.
This way it can be verified whether the digital output from the DUT matches the frequency and other
performance/design criteria (viz. SNR, THD, amplitude, etc.) as mandated by the design specifications.

As traditional DV setups based purely out of SV-UVM, don’t have the capability to perform FFT analysis, we need
to interface SV/UVM based metric driven DV setup with a tool capable of doing FFT analysis, and MATLAB is one
of the most widely used tools which can be used to solve this issue. But MATLAB comes with license requirements.
To overcome this particular issue, in this paper we have proposed Python-an open source language, to be employed
instead of MATLAB due to its strong features and no license constraints.

The paper presents a novel approach for building a SV-UVM and Python based Hybrid testbench which can be used
to thoroughly verify DSP based Audio IP designs. The following sections illustrate the benefits of this approach, the
architecture of the Hybrid TestBench , challenges in FFT analysis, details of the proposed methodology and finally,
the results.

1. Benefits of SV-UVM and Python based Hybrid Test-Bench over conventional FPGA Verification or Matlab
based approach

1) Automation: Obtaining FFT results along with RTL simulation in one go, without having to port Output data to
Matlab and analyze FFT separately

2) Random Stimulus generation: Constrained random stimulus generation and ability to dynamically test the
DUT with a plethora of stimuli

3) Metric Driven Verification: Better Confidence can be gained on the verification work due to capability of
generating and analyzing the Coverage in the SV based environment.

4) Python Vs Matlab, C, etc.: Python is an open source language and hence one does not have to deal with license
constraints. On the other hand, Matlab licenses have a cost attached to them. So for such IPs, it does give
Python an edge particularly when we see:

e Simulations runs/regressions are not hindered by Python licenses anymore and ideally any number of runs
can be launched in parallel as long as simulator licenses support.
e Quick development cycles as developers are not gated for licenses anymore.

FFT analysis can also be done in other languages like C. But unlike the numpy.fft package in Python, the other
languages lack easily available and free (for commercial use) FFT libraries. In C, one of the widely used FFT
libraries is FFTW- although open source, it comes with a chargeable license when employed in commercial
products.

Other factors like readability (due to code indentation), simplicity (ease of usage and quick capability building
within team), OOP features, etc. have made Python one of the most trending and preferred programming
languages.

5) Scalability and Reusability:

e Being based upon the standard UVM Methodology, the Hybrid Test-Bench is both scalable and reusable.
Thus, it allows the user to update/overwrite the constraints to generate different input frequency, output
Sampling frequency, Amp etc. without touching the core code base.

On similar lines, the user can also extend TB components like Audio Driver/Monitor/Config and update
methods, classes, etc. based on requirement by overriding these components.

e The Python scripts being independent of DUT configuration, one does not need to change the scripts for
different tests or even for different projects.
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Fig.3.1. Hybrid Testbench Architecture

Inside the Hybrid TestBench (Fig.3.1.), the Audio UVC generates the Analog sinusoidal signal with randomized
parameters which is driven to the DUT through its interface. This Analog signal may be optionally converted to a
required format (like PCM, PDM. etc.) in some cases before feeding to the DUT.

The Output of the DUT which comes after passing through ADC, gain, filtering and other signal processing,
coding/decoding blocks, is digital in nature and this digital data is passed on to Python script, which does FFT
analysis and also calculates other parameters related to the signal like SNR and THD.

The Monitor retrieves all the relevant information on frequency domain analysis from Python Engine and checks
whether the DUT meets all the functional and performance criteria for the particular stimulus.

IV. Challenges and Implementation Details

o Major Challenge in FFT analysis - frequency leakage

One of the most important difficulties which is faced while performing FFT analysis is Frequency Leakage.
Frequency Leakage or spectral leakage is the spreading of signal power across a range of frequencies — it takes place
when the signal is not periodic or does not have complete number of periodic cycles within the sampling time. Due
to this, there is no exact frequency bin for the signal frequency and hence the signal “leaks” into the surrounding
frequencies.
Thus, if FFT analysis involves frequency leakage, the signal component’s power gets reduced from its actual value
and in-turn, the other non-signal frequency bins show an increase in power. This results in obtaining a considerably
lower signal amplitude and SNR value leading to unsatisfactory results.
To reduce the effect of leakage, suitable windowing techniques may be applied. Some of the popular window
functions are Hanning Window, Hamming Window, etc.
These windowing techniques suitably boost the main lobe or signal power and subdue the unwanted side lobes.
Another approach to get rid of frequency leakage is to employ Coherent sampling.
In coherent sampling, we ensure that the discrete signal is periodic within the time interval of sampling. For this, we
need to choose a signal frequency
which will be a prime number multiplicand of the Frequency Resolution, where

Sampling Frequency(Fs)

Frequency Resolution =
Number so samples(N)

Generating random frequencies in our Testbench which match the coherent sampling criteria is also a major
challenge which has been efficiently dealt with in our testbench by properly constraining the stimulus to the DUT.
More details on windowing and coherent sampling can be found on the later sections of the paper.



B. Stimulus Generation
Generation and driving of proper stimulus into the DUT is crucial for the FFT based verification approach in order
to avoid frequency leakage and clipping of signal inside the DUT.
Therefore, during the stimulus generation, we need to keep the following factors in mind:
*  Output sample size for performing FFT: The sample size of the input should be such that when we get the
digitally sampled Output, it should be enough for reliable calculation of the FFT. For instance, if we need a
1024 pt. FFT, we should have an input of sample size greater than
1024 X[ Input Sampling Frequency :]

Output Sampling frequency
»  Frequency of choice: If we want to perform Coherent sampling ¥}, which is a good way to avoid frequency
leakage, the input signal frequencies should be prime number multiple of the frequency resolution(Fs/N).
In the current setup, user given frequency(fuser) is taken as an argument for the simulation. From the
fuser
Fg/M

frequency resolution, we find the frequency resolution multiple M =

Next we choose a number M1 which is the nearest prime number to M. This is the required frequency
resolution multiple. We get the required frequency by multiplying M1 with frequency resolution(Fs/N)

* Input Amplitude: The amplitude of the input sinusoid signal should be within the specified range in the
DUT.

*  Gain inside DUT: The amplitude should be scaled down, when there is Gain inside the DUT, so that output
amplitude is in the DUT specified output range.

C. Interfacing Python script with UVM TEST-BENCH

System Verilog is not able to communicate directly with Python as is possible for C using DPI.

To enable SV to communicate with Python, first it should talk to C/C++ via DPI-C and then the C/C++ needs to
communicate with python ¥

The above process involves a lot of additional programming pertaining to the client-server architecture, which may
not be very user-friendly for a design verification expert. Also, it may increase latency of checkers inside the Test-
Bench.

Hence, we propose a file based communication approach between the SV-UVM based Test-bench and the Python
script (Fig.4.1.).

When a specific sinusoidal signal is driven into the input of the DUT based on test requirement, the information on
this input signal is also dumped into a file from the same sequence.

This information includes parameters like signal amplitude, frequency, sampling frequency of the input signal,
number of samples, etc. Note that the sinusoid signal given at the input, which mimic an analog signal is actually a
highly over-sampled digital signal with respect to the output sampling frequency. Another information needed is -
sampling frequency at which DUT generates the output.

The output from the DUT is also dumped into another file. In case the DUT contains multiple channels/instances,
separate files should be maintained for each channel/instance, both for output data as well as data containing input
signal information.

These files are passed to the Python script for FFT analysis.

On completion of run_phase () task, checkers are used in the check_phase () to check whether the Output signal
from the DUT satisfies all the required parameters such as amplitude, frequency, gain, filtering characteristics,
Signal to Noise Ratio(SNR), Harmonic Distortion, etc.

When a specific sinusoidal signal is driven into the input of the DUT based on test requirement, the information on
this input signal is also dumped into a file from the same sequence.

This information includes parameters like signal amplitude, frequency, sampling frequency of the input signal,
number of samples, etc. Note that the sinusoid signal given at the input, which mimic an analog signal is actually a
highly over-sampled digital signal with respect to the output sampling frequency. Another information needed is -
sampling frequency at which DUT generates the output.
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din win fft = np.fft.fft(din win)

Fig. 4.1. File based communication between TB and Python

Fia.4.2. snapshot from pvthon code for calculatina FFT

The output from the DUT is also dumped into another file. In case the DUT contains multiple channels/instances,
separate files should be maintained for each channel/instance, both for output data as well as data containing input

signal information.

These files are passed to the Python script for FFT analysis.

On completion of run_phase () task, checkers are used in the check phase () to check whether the Output signal
from the DUT satisfies all the required parameters such as amplitude, frequency, gain, filtering characteristics,

Signal to Noise Ratio(SNR), Harmonic Distortion, etc.

For checking these, FFT analysis is performed through Python script. The script uses the above mentioned files as
input and dumps all the information obtained from FFT analysis into another file. The monitor retrieves all this
information and employs the above mentioned checkers. The Python script is also executed in the check phase

using the following command:

$system($sformatf("<script.py> %s %s %s ", <info_file>, <data_file>, <output_file>))
Here, script.py is the python script, info_file contains information on input signal, data file contains Output data
samples and output _file is the output file generated by the Python script which is used by checkers used inside the

TB.

D. Python based FFT analysis

Following are the list of steps followed for FFT analysis:
» Read output channel recordings from output_file and store it in a python list and find total number of
readings(l)
» Ascertain length of FFT (fft_N): fft N should be power of 2 for better result, otherwise it will be zero
padded for rest of the entries
* fft N may be fixed viz. 4096 or it can be calculated as the nearest 2’s power lower than 1(data length)

. Calculate Freq_resolution for the FFT = Output sampling frequency(Fs)/fft_N
. Choose fft_N number of data points from the list of output data recordings.
. Apply proper windowing technique for avoiding frequency leakage - multiply window function with

data points in time domain before applying FFT.

In the current project, we have used Hanning window. (Python numpy library function: numpy.hanning() )
The mathematical function for Hanning Window is given as:
Hanning = 0.5 — 0.5 cos(2nn/(N-1))

Alternative approach: As discussed before, if we choose the input frequency as a prime multiple of
frequency resolution (coherent sampling) ©2, it has been seen to give better results (by avoiding leakage) in
most cases.



*  Apply FFT using numpy library function numpy.fft.fft(). Fig. 4.2. presents snapshot from python code
for calculating FFT.

*  The numpy.fft.fft() gives us fft components which are inherently multiplied by length of the fft. Hence
we need to divide by length of fft (fft_N).

« Also this fft is going to range from —Fs/2 to Fs/2 , but since we are just interested in the frequency bins
and their values(amplitudes), we consider only the positive values. Hence we need to multiply these
values by a factor of 2 to get the actual values since originally these are distributed into positive and
negative frequencies and we are going to omit out the negative part.

*  If Hanning window was applied before performing FFT, we need to multiply resultant value by 2
again, because due to windowing, the main lobe becomes half of its original size.

*  Convert the FFT output into logarithmic scale for plotting
*  Also store the frequency values in another python list using function numpy.fft.fftfreq()
* Passthe FFT result for SNR and THD calculation.

The formulae for SNR and THD are as given below:
SNR =20 * log ([Signal] / SQRT (SUM (SQR([Noise]))))
THD = 20| * log (SQRT (SUM (SQRT ([Harmonicz]})) / [Signal])

V. Results

TimeA = §,689,721.553603ns
9,000,000ns

Oversampled sinusoid

Fig.5.1. a. Simulation Snapshot showing DUT input (top) and output (below)

Output Signal

| NN ﬂ,l ﬁl I.f“\ lf\ ‘n\ll |
i W / | /\ | "'ll | H"' i / / | li "'l lf AN | i | || |

y \ Y \ II II|' | \ fll \ | \ I| Is II|I ‘ "l ‘Il II|' \ l\' \ I| \ | ll‘ "ll |||I II|' | | ‘|| [ ||‘ |‘
_ |' |‘| \ ! | ||| I\ | | | || | | ||I|‘ lM'I |I| | | "|'| |||| 'u' |II
SV VYV VVV VYUYV UV

Amplitude [V]
o
o

_10.0000 0.005 0.010 0.015 0.020
Fig.5.1. b. Python plot of DUT output

The Fig.5.1.a. shows a simulation snapshot which illustrates the DUT’s input and output respectively. The input is a
sinusoid signal with frequency ~1 KHz. This is a highly oversampled digital signal (sampling frequency > 1000
times ADC’s sampling frequency) which nearly mimics the real-life analog signal. The Output is the digital
counterpart of the same signal which passes through ADC and other signal processing blocks inside the DUT and

0.025



hence has the same sampling frequency as the output sampling frequency of ADC. Fig.5.1. b. is the plot of the

output signal from Python.
The following results illustrate the effect of frequency leakage during FFT analysis of the output signal, and ways to

reduce it.
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With Hanning Window , f= 1000Hz, N=4096, SNR= 77.46dB, Output_ AMP :-1.46 dB, THD=-123.89dB
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With Hamming Window , f = 1000Hz, N=4096, SNR= 38.46dB, Output_AMP :-0.94 dB, THD=-65.66dB
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Fig.5.2. FFT Plots for different techniques for reducing Frequency leakage

The plots in Fig5.2. show the frequency response of the output signal where Amplitude can be seen approaching
0dB around 1KHz. In the Fig 5.2a we see a lower value of Amp and SNR while THD is seen relatively high. In the
subsequent figures (Fig.5.2. b to Fig.5.2. e) it can be seen that by using various techniques, frequency leakage gets
reduced hence improving the frequency response (higher Amp and SNR and lower THD).



Table 5.1. Table showing a comparative analysis of different approaches for avoiding Frequency leakage during FFT

Fig52.a Normal 1024 pt. -2.41 2381 -38.47
FFT

Fig5.2 b 1024 pt. FFT with -1.47 76.97 -86.77
Hanning Window

Fig.5.2.c 4096 pt. FFT with -1.46 7746 -123.89
Hanning Window

Fig5.2.d 4096 pt. FFT with -0.94 38.46 -65.66
Hamming
Window

Fig.52¢e 4096 pt. FFT after -0.83 90.66 -136.49

Coherent

Sampling
Table 5.1. presents a comparative analysis of the techniques illustrated in figures 5.2.a to 5.2.e. .Based on our
observations, it can be concluded that coherent sampling (employed in Fig. 5.2.e) gives a considerable upper edge
over the windowing techniques. The approach of Coherent sampling has proved to be useful for multi-frequency
signals as well, as we see next.
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Fig.5.3. Time Domain and Frequency domain representations of Output signal for multi-frequency Input

Fig.5.3 shows the time and frequency domain plots of the output signal (signal frequencies at 1.6KHz and 1.7KHz)
after applying Coherent Sampling technique.
Conclusion

The paper tries to illustrate a novel approach for verifying Mixed Signal IPs where FFT analysis of Digital signal is
necessary. It also provides a detailed discussion on the stimulus generation, interfacing between Python and SV-
UVM Testbench and a step-by-step guide for FFT analysis in Python. Side by side, it also sheds light on how
frequency leakage can be avoided, which is one of the major challenges in FFT analysis. The simulation results
obtained from our testbench were also verified through Matlab. The results from the Python scripts and Matlab were
found to be in sync adding sufficient confidence on this approach.

This SV-UVM and Python based verification approach offers a lot of DV friendly features including automation,
randomization, scalability and ease of usage.
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