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Abstract

Many scientific applications from rare-event searches to condensed matter system
characterization to high-rate nuclear experiments require time-domain triggering
on a raw stream of data, where the triggering is generally threshold-based or ran-
domly acquired. When carrying out detector R&D, there is a need for a general
data acquisition (DAQ) system to quickly and efficiently process such data. In
the SPLENDOR collaboration, we are developing the Python-based SPLENDAQ
package for this exact purpose—it offers two main features for offline analysis
of continuous data: a threshold-triggering algorithm based on the time-domain
optimal filter formalism and an algorithm for randomly choosing nonoverlapping
segments for noise measurements. Combined with the commercially available
Moku platform, developed by Liquid Instruments, we have a full pipeline of event
building off raw data with minimal setup. Here, we review the underlying prin-
ciples of this detector-agnostic DAQ package and give concrete examples of its
utility in various applications.

Introduction.—Data acquisition (DAQ) systems are a necessary part of any scientific
experiment. While large-scale experiments generally require custom systems optimized
for the high data rate or complex nature of the setup [1-4], small-scale experiments
with few channels can benefit from a ready-made DAQ system that requires minimal
setup. With large data-storage options available, an excellent strategy for acquiring
data is to read out and save data from an experimental system continuously, and
to then apply triggering algorithms after the fact on this saved data. There are two



main triggering algorithms of interest to any experiment: randomly-acquired data
and threshold-based triggering. In the SPLENDOR (Search for Particles of Light
Dark Matter with Narrow-gap Semiconductors) collaboration, we have developed a
Python-based DAQ system called SPLENDAQ [5], a general system that includes
these algorithms for use in a variety of physics contexts.

With SPLENDAQ), the main requirement to use the provided triggering algorithms
is that the user will supply a continuous stream of data, defined as large chunks (e.g.
significantly longer than the expected signal) of time-series data. For example, if an
experiment is searching signals with a characteristic time constant of O(1ms), then
time-series data of length O(1s) should be sufficiently long enough to be thought of as
a “continuous” data stream. In this work, we describe the underlying algorithms for
random and threshold triggering, the required data format to use SPLENDAQ, show
example usage of the workflow, and then discuss the outlook of this package.

Data triggering algorithms.—With a continuous data stream v(t), threshold trig-
gering algorithms can follow a multitude of strategies, such as simple tracking of values
above threshold, trapezoidal filtering [6], filtering using a known signal template [4],
etc. For SPLENDAQ), we operate under the assumption that the expected signal is
of a known shape and the underlying noise of the system is approximately station-
ary. In this scenario, optimal filtering [7-10] (also referred to as matched filtering) is
frequently the strategy of choice for extracting signal amplitudes. Optimal filtering
requires a known signal template s(t) and a power spectral density (PSD) J(f), which
can be defined as the Fourier transform of the autocorrelation function of an infinitely
long stream of data. We note that the two assumptions (known signal shape and sta-
tionary noise) are not a necessity for optimal filtering, as the algorithms within this
package can still be used in cases of variation of signal shape or nonstationary noise—
this may however result in a loss of energy resolution when reconstructing the signal.
To calculate the PSD, a large sample of signal-free sections of the data should be
acquired, which can be done via the random triggering algorithm provided in SPLEN-
DAQ. This large sample can then be used in a PSD calculation algorithm, the result
of which describes the underlying noise of the system.

The random triggering algorithm requires two inputs: the number of sections n
of the continuous data desired and the length [ of these traces in number of time
bins (or samples). The underlying algorithm relies on the NUMPY [11] algorithm
numpy . random. choice. For an array of continuous data of shape (m, nchan, p), where
m is the number of continuous data traces, ncpan is the number of channels being
read out, and p is the length of each continuous data chunk in time bins, the algo-
rithm calculates the maximum number of non-overlapping sections of length [ that
the data can be split into (i.e. floor(mp/l)) and returns an error if the number of
desired sections is greater than that number. If it is possible to extract the desired
number of non-overlapping sections, then the algorithm will randomly choose indices
from the array with a minimum spacing defined by [ without replacement and return
a three-dimensional array of shape (n, nchan, (). The resulting array of data can then
be cleaned to remove any events that are contaminated with signals, transient noise
sources, or any other phenomena that would prevent this sample from describing the



underlying baseline noise of the system. The PSD can then be calculated and used in
an optimal filter—based threshold triggering algorithm.

The optimal filter formalism can be explained as the least-squares minimization
of a frequency-weighted x2? between the expected pulse shape and some measured
data. Because this minimization is done in frequency space, we define here the Fourier
transform pair (for some function g) for the continuous case as
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where w = 27 f for convenience, and for the discrete case as
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In this work, we will derive equations in the continuous approximation for readability,
knowing that all calculations are done in the discrete case in SPLENDAQ.

While we have already defined v(¢) and s(t), we further define A as the true height
of the signal and tq as the start time of that signal. The minimization of
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with respect to A and ¢y provides the best estimate of these two quantities. Minimizing
the 2 with respect to A, we have that the best-fit amplitude at time ¢, is
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Equations (6) and (7) define the optimal filter (see again Refs. [7—10]), where the time
to at which A(tg) is maximized corresponds to the lowest x2. The expected variance
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Fig. 1 Left: (Top) A section of continuous data with an event. (Bottom) A visual example of what
ranges of values will be tagged as above threshold (in blue) and below threshold (in grey) in the
optimal filtered data stream to be used to build events. Here, we have a 504 turn-on threshold, such
that the turn-off threshold is then set to be 30 4. Right: In this illustration of the event merging
algorithm, we show a stream of data of zeroes and ones, where a threshold is set at 0.5. In the top
figure, we show the event windows that have been marked as above threshold without any event
merging being applied. In the bottom figure, we have set a merging window of 5 time bins, and we
can see that the consecutive events between about 20 and 50s have been merged, as they were < 5
time bins apart.

In SPLENDAQ), we convert Eq. (6) back to time domain and arrive at

Atw) = [ Tt é(t — to)o(t), (9)

which we call the time-domain optimal filter. In this form, the optimal filter is a cross-
correlation of our filter ¢(¢) with the time-stream data v(t). In discrete space, this can
be calculated as an FIR filter, where ¢ represents the filter coefficients being correlated
with the time-stream data. In SPLENDAQ), this computation is done efficiently using
scipy.signal.correlate [12]. At the edges of the data, there is ambiguity in how to
handle the cross-correlation when the FIR filter coefficients do not fully overlap with
the data. In these regions, we set the amplitudes of the filtered data to zero, such that
there is a built-in dead time in each chunk of continuous data that is equal to the
length of the FIR filter coefficients.

With the filtered data, we then apply a simple threshold algorithm to tag sections
of data with energies reconstructed above the specified level. As we are using the
optimal filter formalism, we can define this threshold in terms of number of o4, which
provides an intuitive sense of how many noise-related triggers we can expect. When
the filtered data stream goes above threshold, the algorithm tags the starting index.
The end index is tagged when the filtered data stream drops below the number of o4
minus 2, i.e. if the turn-on threshold is no 4, then the turn-off threshold is (n—2)o 4. In
Fig. 1, we show an example of this algorithm on simulated data that has been optimal
filtered, as compared to the continuous data stream. This hysteretic threshold method
is done to reduce multiple triggers for events that are reconstructed to have energies
near threshold, as these events may have fluctuations around the turn-on threshold.
This case is especially important for low thresholds (e.g. 504) due to the lower signal-
to-noise ratio. For each range of start and end index tagged to be above threshold, the
algorithm then finds the point of maximum amplitude (which corresponds one-to-one
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Fig. 2 From the Moku:Lab technical specifications provided by Liquid Instruments, we show the
front and back of the Moku:Lab and label the various ports. We refer the reader to the Liquid
Instruments website [14] for further information on the specifications and the other Moku models.

to the minimum x?) and saves a waveform that is centered at this point (of the same
length as the provided signal template). If the turn-on threshold is set to be lower than
50 4, then the turn-off threshold is set to 304 to avoid having the turn-off threshold so
low that many events may be merged and treated as single events. In the case that the
turn-on threshold is set to below 304 (which may be unwise for both a high trigger
rate and the likelihood of merging distinct events into one), then the turn-off threshold
is identical to the turn-on threshold. The turn-off threshold is also specifiable by the
user, if a different threshold is desired than the default behavior outlined above.

There is also the possibility that there are multiple events that have been tagged
above threshold that are closely spaced together (e.g. within the length of a waveform).
Depending on what is desired by the user, the algorithm allows for the definition of
a merging window, which by default is not used (i.e. multiple events above threshold
that are arbitrarily close together remain marked as separate events). If a merging
window is specified, then the algorithm checks if there are any ranges of indices that
have been tagged as above threshold that are spaced by this merging window (or
closer). If so, then these events are merged by redefining the indices above threshold
as the start index of the first event above threshold and the end index as that of last
event above threshold within this merging window. We note that if there is a long
bunch of events being merged, such that the total length is longer than the requested
trace length, then the algorithm centers on the section with the largest amplitude and
may miss events outside the trace length. In Fig. 1, we provide an illustration of this
event merging algorithm.

Data format requirements.—In order to use SPLENDAQ on any raw continuous
stream of data, the raw data must be saved to an HDF5 [13] file with a specific format.
In Table 1, we detail the fields needed, short definitions, and the data type of each
field. These metadata allow for the unique identification of events extracted from data,
as well as the ability to backtrack events to the continuous data stream for further
analysis if needed. The SPLENDAQ package provides a tutorial on GitHub [5] on
converting raw data into the required format. With the data in this format, the data
triggering algorithms can be run and the extracted events will have the same format.

Ezxample usage.—While the described triggering algorithms do not require a spe-
cific system for logging the continuous data, we have been using the Moku platform,
developed by Liquid Instruments [14], in order to acquire and save a continuous data
stream for offline processing with SPLENDAQ. There are three models that have been



Table 1 Fields needed in the HDFS5 file format to be used in SPLENDAQ.

Field Name Short Description Data Type
Array containing the raw data to be 3D array
data . .
processed (see datashape for dimensions)  of floats
The names of the channels (second 1D array
channels . . :
dimension of data) of strings
Any comments on the data can be .
comment string
placed here
fs Digitization rate of the data in units foat
of Hz
Shape of data (number of waveforms, 3D array
datashape .
number of channels, length of waveforms)  of integers
. The index at which the event starts 1D array
eventindex s .. .
within the original data stream of integers
A sequential number that counts the order 1D array
eventnumber .
of events as they are tagged of integers
. . . 1D
eventtime The time of the event in epoch time array
of floats
seriesnumber The date and time the data was taken 1D array
(formatted as YYYYMMDDhhmmss) of integers
If the data has been split into multiple 1D array
dumpnumber . I .
files, an integer specifying the file number  of integers
. . . . . 1D array
t t Th hich th
riggertime e time at which the trigger occurs of floats
: The type of trigger (0 = randoms, 1D array
triggertype 1 = threshold) of integers
. If built from a continuous data file, the 1D array
parentseriesnumber . . . .
seriesnumber of the original file of integers
If built from a continuous data file, the 1D array
parenteventnumber .. .
eventnumber of the original event of integers

developed by and are available for purchase from Liquid Instruments: the Moku:Pro,
Moku:Lab, and Moku:Go. The SPLENDAQ package provides helper functions for
interfacing with each of these models for ease of use, as Liquid Instruments provides
various application programming interfaces (APIs) for interacting with the Moku. In
this work, we will depict some example usage of the data triggering algorithms using
the Moku:Lab platform (as pictured in Fig. 2), knowing this usage would have iden-
tical steps for each model. We note that there are many more features to the Moku
than continuous data logging, but we focus on this one feature to provide a simple
depiction of using SPLENDAQ for offline triggering.

With the Moku, we can log a continuous stream of data, where here we simply
read the intrinsic noise of the system. Here, we take 30s of noise data at a digitization
rate of 250kHz, specifying a peak-to-peak voltage range of 1V (note that the ADC
resolution of the Moku:Lab is 12 bits). There is technically no maximum length of
the continuous data, but keeping each continuous data file on the order of a minute
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Fig. 3 Left: A section of the continuous data taken with the Moku device, where the pulses we added
to the data are seen as spikes at this level of zoom. Right: The measured intrinsic voltage noise of the
continuous data after removing events from the population of randoms that have been contaminated
by pulses (i.e. after applying “cuts”).

is good practice to avoid RAM issues when loading the logged data. The Moku itself
saves binary files (with file extension .1i) with a specific encoding defined by Liquid
Instruments, this file being of size 30 MB. SPLENDAQ provides a helper function
called splendaq.io.convert_1i_to_h5, which converts .1i files to the HDF5-based
data format required by SPLENDAQ for triggering. After converting the file, we can
add “fake” pulses to the data by defining a known template for this demonstration
of the triggering functionality. Specifically, our data has 10 double-exponential pulses
each with a characteristic rise time of 20 us and a characteristic fall time of 58 us,
randomly spaced with in the data stream, as pictured in Fig 3. As we know the
pulse shape a priori, we will use a signal template with the same characteristic time
constants. The heights of these pulses were generated from a normal distribution with
mean 0.5mV and standard deviation 0.125 mV, which corresponds to amplitudes of
about 3504 (we evaluate o4 in the next paragraph).

The SPLENDAQ class that facilitates using the data triggering algorithms is
splendaq.daq.EventBuilder, which requires the path to a folder that contains the
continuous data, a path to a folder to save the triggered data, and the length (in time
bins) of the waveforms to save. The signal template should match this specified length.
Here, we stipulate that the waveforms should be [ = 5000 bins long, equivalent to
20ms at the 250 kHz digitization rate of this data. With the class initialized, we use
the class method EventBuilder.acquire_randoms class method to run the random
triggering algorithm. With a desired waveform length of 20 ms, this means that the
maximum amount of nonoverlapping random windows that can be saved from the 30s
data is 1500. To ensure we do not approach this limit (which would give essentially
the continuous data split into 1500 chunks without any spacing between the chunks),
we instead save n = 500 waveforms. After running the random triggering algorithm,
the corresponding files are saved in the specified folder for storing triggered data, a
step which takes about 0.8s and creates a 96 MB file for this dataset on a personal
computer. As we need to calculate the noise PSD to be used for the optimal filter,
we can open these files, clean the data of any pulses using some type of data selec-
tion algorithm, and calculate the PSD with the remaining events. To open the files,
SPLENDAQ supplies a class called splendaq.io.Reader. Following this prescription,



Table 2 The expected and measured amplitudes for each of the 11 detected pulses. For the known
pulses, there is excellent agreement between the expected and measured pulses heights (i.e.
amplitudes), given the expected signal resolution of o4 = 14 V. Note that A4 has a dash for the
expected height, as this was a noise triggered event that had a height that was just above the
threshold of 504 = 69 V.

Ampl [,LLV] A1 A2 A3 A4 A5 A6 A7 As Ag AlO A11
Expected 413 474 666 — 308 614 548 696 314 600 715
Measured 403 480 677 70 294 594 542 702 314 581 729
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Fig. 4 An event that was acquired from the continuous data stream using the optimal filter—based
threshold triggering algorithm, which corresponds to the A; in Table 2. We also show the signal
template scaled to the extracted amplitude and adjusted to match the DC baseline of the data. Note
the excellent agreement between the two, showing that we have reconstructed the amplitude of the
pulse well. For this fit, x2 = 4938 4 99, which is consistent with the expected value of 5000.

we show the voltage noise PSD in Fig. 3, where we can see the measured intrinsic
noise after removing events contaminated by pulses. Using Eq. (9), we find that the
baseline resolution of the system is o4 = 14 4V via our measured PSD and known
signal template.

With a signal template and a noise PSD, we can now use the optimal filter—
based algorithm to acquire threshold-triggered data. The SPLENDAQ class method
EventBuilder.acquire_pulses facilitates using the triggering algorithm, which
requires the signal template, the noise PSD, the threshold in number of 04, and the
index of which channel to run the algorithm on (for the data in this work, there is a
single channel, so this is set to 0). For this data, we set the threshold to 50 4, and we set
the method’s keyword argument mergewindow=2500 (in number of time bins) to merge
events that are within half of a waveform length. We then run the threshold triggering
algorithm (this takes about 0.7s on a personal computer and creates a 2.4 MB file),
which returns 11 events, indicating that there was a noise trigger. In Table 2, we show
the expected and measured pulse heights of each of these events. For each pulse added,
the reconstructed energy is within 1 or 2 o 4 of the true value, showing that the recon-
struction algorithm is operating as expected. In Fig. 4, we show one of these events,
comparing the triggered event to the template scaled to the reconstructed amplitude
of the event. From this, we see that the threshold triggering algorithm reconstructed
the pulse accurately, extracting the expected 0.4 mV amplitude of the pulse.



Conclusion.—With SPLENDAQ, we provide easy-to-use functionality for running
data triggering algorithms on a continuous data stream, both a random triggering
algorithm and threshold triggering algorithm. In this work, we have described the
underlying algorithms, specified the data format requirements, and shown a simple
example of the workflow. As this package has been designed to be simple to set up
and to be agnostic to the source of data, the use cases can span across many scientific
disciplines. As of now, it has been used for characterization of various types of detec-
tors, materials measurements, and assays of radioactive materials. We will continue to
improve the functionality of and add new algorithms to SPLENDAQ), including plans
to allow for multi-channel triggering, merging of coincidence triggers between chan-
nels, and support for more hardware platforms beyond the Moku. As the package is
on GitHub, we recommend any interested users to try out the tutorials and welcome
collaborators from all technical backgrounds to contribute to the codebase.
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