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ABSTRACT

In semiconductor lasers, optical feedback generates different types of oscillations in the time trace of the emitted intensity. Depending on the
laser and feedback parameters, the emission regimes can be of three main types: stable emission, Low Frequency Fluctuations (LFFs), and
Coherence Collapse (CC). In the stable regime, the intensity signal shows noisy fluctuations, while in the LFF regime, these fluctuations are
suddenly interrupted by large drops, during which the laser almost turns off. These reset-type events are separated by time intervals of stable
emission, where the intensity displays only small fluctuations. In the CC regime, the intensity signal shows highly irregular fluctuations. We
analyze experimental intensity time traces, and, by combining three event-detection methods that detect different numbers of events, and
using a clustering algorithm, we show that time traces can be qualitatively distinguished within these regimes. We also find that the event-
detection methods capture the gradual or abrupt nature of the transitions between the different regimes. Importantly, these methods offer
potential to advance the long-standing challenge of distinguishing high-dimensional chaos from noise, since we can differentiate time traces
recorded below the laser threshold, where the dynamics is dominated by noise, and well above threshold, where the dynamics is dominated
by nonlinearity and feedback. Our results are also relevant to the scientific community working with stochastic point process data (cardiac
beats, neuronal discharges, seismic data, extreme precipitation, price spikes, etc.), because we show that event-detection methods that detect
different types of events can provide complementary information and can be useful for differentiating or discovering new features of the data.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0273447
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Distinguishing noise from chaos is a long-standing challenge in
nonlinear systems research. Here, we consider experimental data
recorded from a semiconductor laser with optical feedback, where
the time delay of the feedback can induce high-dimensional chaos.
We analyze time traces of the intensity emitted under controlled
conditions and show that, by using three event-detection meth-
ods and a clustering algorithm, we can differentiate time traces
into four main groups, which correspond to (i) noisy dynam-
ics, (ii) noisy dynamics occasionally interrupted by large “reset-
type” fluctuations, in which the intensity suddenly drops close
to zero, (iii) more frequent but less pronounced drops, and (iv)
highly irregular fluctuations. We show that intensity time traces
recorded when the laser operates below the threshold and the

dynamics is noisy are identified in the first group, while time
traces recorded well above threshold, where the dynamics is dom-
inated by the interplay of nonlinearity and feedback, are included
in the fourth group.

. INTRODUCTION

Semiconductor lasers with optical feedback are nonlinear
stochastic dynamical systems that exhibit a wide range of behaviors
including stable emission, periodic oscillations, quasi-periodicity,
chaos, intermittency, and excitability,' that have found applica-
tions in metrology, sensing, random number generation, reservoir
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FIG. 1. Example of the intensity time trace during a time interval of 2 js. Here,
the different symbols indicate the events that are detected by the different even-
t-detection methods described in Sec. IIl (orange circles: spikes, pink squares:
minima below threshold and turquoise diamond: minima). The laser current is
26.21 mA and the feedback strength, measured in terms of the percentage of
threshold reduction, is 7.5%. The thresholds used to detect spikes and minima
below threshold are thyspikes = —1.5, thyms = —1.0, respectively.

computing, etc.'””"” Moreover, semiconductor lasers with optical

feedback are interesting because they are multiscale systems that
have different characteristic timescales: the relaxation oscillations
and the feedback delay time that can generate locking effects,'® and
high-dimensional chaotic signals, which, in turn, can be used for
testing time-series analysis methods.'”~*

The dynamical behaviors observed in a semiconductor laser
with feedback depend on the laser operation conditions and feed-
back parameters. Two well-known dynamical regimes are the low-
frequency fluctuations (LFFs) and coherence collapse (CC).>***
LFFs occur near threshold and under low to moderate feedback
levels, and they are characterized by sudden drops in the enve-
lope of fast oscillations (undamped relaxation oscillations), followed
by gradual, step-like recoveries (in steps whose characteristic dura-
tion is the feedback delay time). A typical example is shown in
Fig. 1; here, the temporal resolution of the detection system does
not allow observing the underlying fast oscillations, but only the
envelop dynamics, which, in model simulations, has been identified
as bursting slow-fast oscillations.”

The dropouts consist of stochastic reset-type events that take
the system back to the vicinity of the solitary laser state:’~"' the
intensity suddenly drops and then recovers gradually. In conven-
tional quantum-well lasers, the LFF frequency is typically in the
MHz range, while in quantum-dot lasers, it can be considerably
faster.”” As the injection current increases, the frequency of the
dropouts increases and the system transitions to the CC regime,
where, in the intensity signal, no longer individual drops can be
identified, and the fluctuations are highly irregular (a video dis-
playing the LFF- CC transition as the laser current increases can
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be found in Ref. 33). While previous works*~*" have focused on
detecting dropouts to characterize the transition between these two
regimes, the properties of the fast fluctuations between dropouts
remain largely unexplored.

The aim of this work is to demonstrate that event-based time-
series analysis methods applied to experimentally recorded intensity
signals can return meaningful information about different oscil-
lation modes in the signals. When this information is fed into a
clustering algorithm, it enables the differentiation of different types
of signals. In particular, we will show that these methods allow to,
qualitatively, distinguish intensity signals recorded with or without
feedback, as well as recorded below or above the laser threshold.
Since below threshold the laser dynamics is dominated by noise,
while above the threshold is dominated by nonlinearity and feed-
back, the event-detection methods proposed here are promising
tools to advance a long-standing challenge in nonlinear science: to
differentiate signals generated by stochastic processes, from those
generated by high-dimensional deterministic processes.”**!

This work is organized as follows: Sec. II describes the exper-
imental setup used in Ref. 37 and the data set recorded, which
we re-analyze here. Section III presents the three methods used
to define events in the intensity time traces, which we refer to as
spikes, minima below threshold, and minima. Section IV presents
the results, and Sec. V presents our conclusions.

Il. EXPERIMENTAL SETUP AND DATA SET

The experimental setup was described in Ref. 37 and used a
685 nm semiconductor laser with threshold current I} = 26.74 mA
at 18°C. The current and temperature were stabilized with an accu-
racy of 0.01 mA and 0.01°C, respectively. 90% of the laser’s output
intensity was fed back into the laser cavity by a mirror positioned
70 cm apart, giving a feedback delay time of ~5 ns. The remaining
10% of the light was sent into a photodetector that was connected
to an amplifier and to a 1 GHz digital storage oscilloscope, ensur-
ing a sufficiently high signal-to-noise ratio, since the dark noise of
our photodetector is approximately 0.9 nA measured with a 1 MQ
load.

In order to control the amount of feedback reinjected into the
laser cavity, a set of nine neutral density filters (NDFs) were placed in
the external cavity. The amount of feedback was quantified in terms

of the reduction of the laser threshold, th,.; = (I}, — I{;) /13, where

Itfh is the laser threshold with feedback. The stronger the feedback,
the larger the threshold reduction. The NDFs allowed to vary the
feedback strength in the range from 2.8% to 18% threshold reduc-
tion. The injection current was varied from well below to well above
the solitary threshold while the emitted power was measured in both
the feedback and solitary configurations using a power meter (Thor-
labs PM100A). For each set of experimental parameters (injection
current, feedback strength), N = 10° data points were recorded with
a temporal resolution At = 0.5ns, allowing to measure the inten-
sity signal during 5 ms. As an amplifier was used in the experiments,
each intensity time series has a mean value ;1 = 0. We also normal-
ize each time series to have standard deviation o = 1. Specifically,
x(t) with t =1,...,N was transformed to x'(t) = x(t)/o, where
o2 = (1/N) Y0 x(1)’.
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We use this normalization procedure because the amplitude
of the intensity fluctuations varies with the experimental parame-
ters (the variation of o with the laser current and feedback strength
is highly nonlinear, as it can be seen in Fig. 4 of Ref. 37). There-
fore, the normalization allows us to use the same event-detection
thresholds for all the time series. An alternative approach would be
to define thresholds that vary (possibly in a nonlinear way) with the
laser current and feedback strength. Thus, the advantage of the nor-
malization procedure is that it reduces the number of parameters
that need to be selected to detect the events. On the other hand,
its drawback is that we have to disregard information (the standard
deviation of the intensity signal) that could be important. An exam-
ple of the normalized intensity signal recorded in the LFF regime is
shown in Fig. 1.

Ill. EVENT-DETECTION METHODS

We use three event-detection methods to analyze the time
traces of the laser intensity. These methods are:

Spikes: A spike occurs when the intensity decreases below
a threshold, which, unless otherwise stated, is thgyikes = —1.5.
The spike time, t; is the moment when X'(t) < thypiks, While
X' (t; — At) > thygiks. However, the intensity signal displays small
fluctuations (see the inset in Fig. 1) and to avoid detecting those
fluctuations as additional spikes, the intensity must grow above a
recovery threshold, which is its mean value (i = 0), before another
spike is detected. This effectively defines a “refractory period” after
each t,, during which another spike cannot be detected. The refrac-
tory period is the time interval during which the intensity remains
X' (t) < 0; once x'(f) > 0, the next spike will occur at the next
moment #, when intensity decreases again below the threshold,
%' (t;) < thgepikes. The “spike events” are represented with orange cir-
cles in Fig. 1, where we see that they capture the slow dynamics of
the dropouts.

Minima: These events are defined as intensity minima whose
peak prominence, p, defined as the vertical distance between the
local minimum and its closest higher maximum, is greater than a
certain value, thp. Specifically, the moment t,, when a minima event
occurs is when x'(t,,) is a minimum with p > th,. Unless otherwise
stated, th, = 0.1. This threshold avoids capturing noise-driven fluc-
tuations while preserving sensitivity to relevant fast dynamics. These
events are marked with turquoise diamonds in Fig. 1, and we note
that they capture both, small and large fluctuations.

Minima below threshold: These events are a subcategory
of the minima events because they are minima whose intensity
value is below a threshold, x'(¢,,) < thy,;,. Unless otherwise stated,
thamy = —1. They are marked with pink squares in Fig. 1 and we
note that they capture the drops and the fluctuations that follow the
drops.

Using these detection methods, based on different thresholds,
we aim to analyze different types of events that capture changes in
the intensity dynamics as the feedback strength and the injection
current vary. The spike detection and recovery thresholds are the
same as those used in Ref. 37, which focused exclusively on charac-
terizing the slow dynamics of the LFF dropouts. In this study, in
order to extract additional information about the dynamics after
the dropouts, we use the “minima below threshold” method, and
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to obtain information about the fast dynamics in the entire signal,
we use the “minima” method. The threshold values used for these
methods were selected after carefully inspecting several time series,
to ensure that the three methods are as non-redundant as possible.
With the selected thresholds, we note in Fig. I that the small oscilla-
tions around the mean value = 0 are detected only by one method
(minima), while the small oscillations after a drop are detected by
two methods (minima and minima below threshold) and the large
fluctuations (drops) are detected by the three methods. We analyze
the effect of selecting different thresholds in Fig. 9.

It is important to remark that the resolution of the data,
Ax, corresponding to the vertical amplitude quantization, and
At = 0.5ns, ensures that the detected events, both large and small,
are well captured. In particular, Ax was carefully selected so that
the vertical scale fits within the automatic binning system of the
oscilloscope, thus fully utilizing its dynamic range. These settings
allow us to accurately detect not only large fluctuations as events,
but also small and fast one, as it can be seen in the inset of Fig. 1.
However, because the laser dynamics become faster when the feed-
back strength or pump current increases, it is possible that for high
values of these parameters, the laser dynamics are too fast and
some minima are not detected. Therefore, the performance of the
event-detection methods proposed here depends critically on data
resolution.

IV. RESULTS

Figure 2 displays in color code the relative counts, that is,
the number of events detected by each method normalized to the
maximum value, across the current range, for each fixed feedback
strength. The feedback strength is measured in terms of the percent-
age of threshold reduction (results obtained for the intensity signal
emitted by the solitary laser are indicated as 0%). The relative counts
are then defined as ¢;(I, thyeq) = ci(I, thyy)/ maxg c;(I, thy;), where
ci(I, th,y) is the number of events detected by method i at injec-
tion current I and feedback level th,.;. The normalization is applied
independently for each feedback strength th,.4.

Consistently with what we saw in Fig. 1, even though Fig. 2 dis-
plays relative counts, we can still see that the spike method detects
the lowest number of events (on the order of 10° in a TS), while the
all-minima method detects the most (on the order of 10°). Figure 3
displays, for each method, short segments of intensity time traces
where maximum (top row) and minimum (bottom row) number of
events were detected.

However, regardless of the absolute number of events detected,
in each panel in Fig. 2 we see that, when feedback is applied, the
three methods capture the laser turn-on because, when the current
increases (i.e., moving along a vertical line in the figure), above a par-
ticular value the number of detected events abruptly decreases. The
white diamonds mark, for each feedback level, the threshold current
measured with the power meter. As previously mentioned, and as
it is well known, stronger optical feedback leads to a lower lasing
threshold. This effect is clearly seen in all panels.

For each method, the representation of the relative counts
of events also reveals a region in the parameter space (feedback
strength, pump current) where the relative number of events is con-
siderably lower than in other regions. With the color scale used,
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FIG. 2. Number of relative events (in color code) (counts normalized to the max-
imum value detected by each method) as a function of the laser current and
feedback strength, measured as the percentage of threshold reduction (with 0
referring to the solitary laser). The events are detected using the methods
described in Sec. |l spikes (a), minima below threshold (b) and minima (c).
White diamonds indicate the laser threshold, while color diamonds and squares
indicate the parameters for the time traces shown in Fig. 3 for 9.4% feedback
strength, highlighting the minimum or maximum number of events detected by
each method.
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this region appears in blue. An inspection of the several time series
recorded with parameters in this region shows sudden and large
drops in intensity, which are characteristic of the LFF regime.’

In the case of the solitary laser (labeled as 0% in the horizon-
tal axis of Fig. 2), a clear indication of the laser turn-on is only
seen in Fig. 2(c), which displays the relative number of minima. In
this figure, the turn-on transition is revealed by a decrease of the
relative number of minima detected (notice the smooth green at
27mA ~ 131). Close to threshold, the dynamics also becomes slower,
a phenomenon known as “critical slowing down.”*> We believe that
our method captures this effect. An alternative interpretation could
be the emergence of self-pulsating dynamics* near threshold.

In contrast, the relative number of events detected by the other
two methods does not show a clear change at threshold.

On the other hand, with optical feedback, when the injection
current increases above a certain value that depends on the feed-
back level, the relative number of events detected by each method
starts growing, a change which, in the color scale used, is repre-
sented as a gradual transition from dark blue to green/dark yellow.
This change is due to the fact that the laser dynamics becomes faster
and the amplitude of the fluctuations grows (a video showing the
intensity dynamics while the pump current increases can be found in
Ref. 33). As discussed before, the variation of the standard deviation
with the pump current, shown in Fig. 4 of Ref. 37, is highly nonlin-
ear. Faster and larger fluctuations result in a higher relative number
of detected events. Therefore, the increase in the number of events
reveals the transition from LFF to CC, and we note that none of the
methods can independently identify a well-defined border between
these regimes.

In Fig. 4, we study the effect of the feedback strength on the
number of relative events detected. For weak feedback, the trajec-
tory that the system follows in the “event space” when the current
increases from below to above threshold is almost closed: in panel
(a), the blue points that represent time traces recorded below thresh-
old are close to the yellow points that represent time traces recorded
well above threshold. This result explains why it is difficult to dis-
tinguish between noise-induced fluctuations (below threshold) and
the fluctuations that occur well above the threshold. In this figure,
we also see that at low currents (below threshold), the number of
relative events detected by the minima criterion remains nearly con-
stant, consistent with fluctuations that are just induced by noise.
For moderate [panels (b) and (c)] and strong [panel (d)] feedback
levels, the trajectory in the “event space” is open, which is consis-
tent with what we saw in Fig. 2, where the LFF region (triangular
dark blue region) expands at higher feedback strengths, preventing
the system from reaching the region of highly irregular fluctuations,
where the methods detect a number of relative events similar to the
number of events detected at low thresholds. We interpret the tra-
jectory of these curves as evidence that the three features provide
complementary information.

To demonstrate that the relative number of events detected
with the different methods indeed provides complementary infor-
mation, we have used a clustering algorithm to distinguish, among
different groups, all the intensity time traces (recorded with or
without feedback, and for all pump currents). Specifically, we used
k-means (implemented in Matlab), which allows selecting the num-
ber of clusters to be identified. For each time trace, we provided the
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FIG. 3. Short segments of the intensity time traces, such that a maximum (top row) or a minimum (bottom row) number of events are detected by the spike (left), minima
below threshold (center), and minima (right) methods. The parameters were indicated with symbols in Figs. 2(a)-2(c).

algorithm with three features: the relative number of events detected

fLs i I i by that method, to account for the fact that the methods detect

" = = very different numbers of events (as revealed by the traces of the
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god AR gw e 13 threshold methods, where the relative number of detected events
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) e oy o the other hand, the All Minima method operates differently, in

such a way that it is designed to capture all fast intensity fluctua-

FIG. 4. Trajectory in the “event space” detected by the three methods when tions, regardless of their amplitude (for all p > th,). As a result, this
the current varies for weak (a), moderate (b) and (c) and strong feedback (d). method always detects a large number of minima in every segment
The current is shown in color code, normalized to the threshold value for each of the signal recorded. Therefore, the minimum value of the number

feedback level. For the feedback strength 9.4%, the symbols indicate the extreme
cases (maximum and minimum number of events detected, for each method),
shown in Fig. 3.

of events detected by this method is not zero, but instead represents
approximately half of the maximum value observed; indicating that
the level of the fast fluctuation is always present and captured.
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FIG. 5. Scatterplot of the relative number of events detected by the three meth-
ods, for all the injection currents and feedback strengths. Here, the color code
reflects the number of clusters specified as input to the algorithm, which are

(a) three, (b) four, and (c) five clusters, respectively.

These results are presented in Figs. 5(a)-5(c), for 3, 4, and
5 clusters, respectively. An inspection of the intensity time traces
located in the different clusters reveals that, when we only ask for
three clusters, Fig. 5(a), the red cluster corresponds to well-defined
dropouts (the LFF region), the black cluster corresponds to irregular
fluctuations (stochastic or chaotic), and the green cluster contains
cases that do not fall into either of the two previous categories. When
we ask for four clusters, Fig. 5(b), we see that the former black cluster
is now divided into two, shown in blue and black, and that the red
cluster becomes smaller, limiting the traces it encompasses, whereas

0.6 0.8 1
Minima below threshold

FIG. 6. 2D projections of the 3D scatterplot corresponding to four clusters
[Fig. 5(b)], shown for pairs of detection methods: (a) minima below threshold vs
all minima, (b) spikes vs all minima, and (c) spikes vs minima below threshold.

the blue cluster broadens its boundary to include traces that the red
cluster now excludes. When we ask for five clusters, Fig. 5(c), we see
that only the black cluster remains unchanged, while the green clus-
ter becomes more constrained from the bottom, while redefining the
upper boundary of the blue cluster. The lower region of the blue
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Chaos 35, 083103 (2025); doi: 10.1063/5.0273447 35, 083103-6

© Author(s) 2025


https://pubs.aip.org/aip/cha

Chaos

cluster is now further reduced and taken over by the newly formed
yellow cluster. The upper boundary of the well-defined LLFs cluster,
the red one, also becomes smaller.

An examination of the time traces included in each cluster
reveals that four clusters represent meaningful categories, with the
red cluster containing time traces with well-defined drops (LFF
regime), the blue cluster containing time traces that correspond to
the transition from the LFF to CC regime (more frequent but less
pronounced drops), the black cluster containing time traces with
highly irregular fluctuations, and the green cluster, containing time
traces with less irregular fluctuations. From a dynamical point of
view, increasing the number of clusters to k =5 does not yield
additional insight: the yellow cluster identified by k-means would
correspond to a transition between the LFF regime and the tran-
sition to coherence collapse. Conversely, with k = 3, the clustering
fails to distinguish between the LFF regime and the below-threshold
regime, grouping both into a single cluster despite their clearly
distinct dynamical behaviors. To improve the visualization of the
clustering results, Fig. 6 presents all 2D projections of the detec-
tion methods derived from the 3D scatterplot with four clusters.
Each cluster is plotted separately, and those are the points that are
then connected by lines. These projections illustrate how the data
points, connected by lines, are distributed across the identified clus-
ters. Here, the dots are joined with lines to clearly show that they
do not intersect and, therefore, there is no overlap between clus-
ters. Although the transitions between dynamical regimes appear
smooth and the clusters are not always clearly separable in space, the
k-means algorithm successfully distinguishes them based on their
underlying statistical properties. Examples of time traces in each
cluster (k = 4) are shown in Fig. 7. We have analyzed the position
of the six time traces that were shown in Fig. 3 and found that those
with the largest number of events are located in the black cluster [the
time traces shown in Figs. 3(a) and 3(b), recorded for low currents]

4
2
=0
,.d —2
&4 4
¢ (a) 7.5% 20.67 mA gL (b) 13.5% 26,96 mA
E 0 0.5 1 0 0.5 1
g4
=2
go
5 -2
-4 -4
6 (c) 5.2% 28.46 mA " (d) 6.2% 32.5 mA
0 0.5 1 0 0.5 1
Time [ps]

FIG. 7. Examples of intensity time traces in the four clusters shown in Fig. 5(b).
The experimental parameters are indicated in each panel. The time trace shown in
(a) is included in the black cluster and was recorded with a injection current below
the threshold; the time trace shown in (b) belongs to the red cluster and displays
the well-defined drops that are characteristic of the LFF regime; the time trace
shown in (c) is in the blue cluster and corresponds to the transition from LFFs to
CC, and the time trace shown in (d), is in the green cluster and contains highly
irregular fluctuations, which are characteristic of coherence collapse (CC regime).
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FIG. 8. Scatterplot of the relative number of events detected by the three meth-
ods. Here, the color code indicates 4 clusters, similarly as in Fig. 5. Highlighted
points correspond to specific cases: (a) points representing time traces recorded
without feedback (i.e., from the solitary laser) are shown as gray triangles for
below-threshold conditions and gray dots for above-threshold conditions; while (b)
points corresponding to time traces with/without feedback recorded below thresh-
old are shown as gray triangles. In (a), the highlighted solitary laser points fall
within a well-defined region of the green cluster, whereas in (b), they lie within the
black cluster.

or in the green cluster [the time trace shown in Fig. 3(c), recorded
for a high current], while the time traces with the lowest number of
events, Figs. 3(d)-3(f), are all in the red cluster.

To further test the ability of the clustering algorithm to differ-
entiate different types of behaviors, we plot in Fig. 8(a) the points
corresponding to time traces recorded without feedback (there-
fore, they are not chaotic) with gray triangles/dots for situations
below/above threshold. For all feedback cases, these points lie within
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FIG. 9. Number of relative events detected with the spikes and minima below
threshold methods, for different values of the detection threshold thy » used in the
minima below threshold method. In all the panels, the spikes detection threshold is
thq spikes = —1.5, the feedback-induced threshold reduction is ~9.4%, the color
code indicates the current normalized to the threshold current, and the dashed
line indicates y = x.

the black cluster; in contrast, for the solitary laser, the points corre-
sponding to injection currents below threshold fall within the green
cluster. As aresult, the clustering algorithm does not completely sep-
arate the time traces recorded when the laser is non-chaotic (solitary
laser) from those recorded when the laser is chaotic (due to the effect
of optical feedback). In Fig. 8(b), we represent in gray triangles the
points that correspond to time traces recorded below the thresh-
old (where intensity fluctuations are primarily dominated by noise).
These points are found in the black cluster, indicating that the clus-
tering algorithm effectively distinguishes time traces recorded when
the laser dynamics is dominated by noise, from those recorded when
the laser dynamics is dominated by deterministic effects (above the
threshold the laser dynamics is still stochastic, but it is also affected
by deterministic nonlinear light-matter interactions).

It is interesting to analyze the conditions under which the spike
and minima below threshold methods provide different informa-
tion. Figure 9 displays a scatterplot of the number of the relative
events detected by the two methods for various values of the thresh-
old used in the minima below threshold method. We see that if
the threshold is not appropriately selected, the number of events
detected by the two methods can be linearly correlated, making the
two methods redundant (e.g., thyypikes = —1 and thy,, = —1.5).

Finally, we computed the skewness and kurtosis of all time
traces when considering four clusters, and plotted the results in a
2D scatterplot colored by the cluster label. The results are shown
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FIG. 10. Kurtosis and skewness analysis of all standardized time traces, con-
sidering four clusters. The color code follows the same reference as in Fig. 5.
For better visualization, the y axis is shown in the logarithmic scale.

in Fig. 10 where we see, as expected, that the red cluster, associated
with the LFF regime, exhibits strongly negative skewness, due to the
presence of deep intensity drops and the zero-mean normalization.
The kurtosis is also high, reflecting the heavy tails of the intensity
distribution during LFF events. In contrast, the black cluster, corre-
sponding to more irregular or noisy dynamics, shows skewness close
to zero and kurtosis near 3, as expected for quasi-Gaussian fluctua-
tions. The blue (transition from LFF to CC) and green (CC regime)
clusters lie between these two extremes in the skew-kurtosis space.
While there is some overlap between clusters, the global structure
is consistent with our previous qualitative interpretation, and this
moment-based representation provides additional support for the
discrimination between dynamical regimes.

V. CONCLUSIONS

We have analyzed experimental time traces of the intensity
emitted by a semiconductor laser with optical feedback, combin-
ing three event-detection methods and using a clustering algorithm.
We have found that the time traces can be qualitatively distin-
guished in different groups that correspond to (i) noisy dynamics,
(ii) noisy dynamics occasionally interrupted by large and sudden
intensity dropouts, (iii) more frequent but less pronounced drops,
and (iv) highly irregular fluctuations. We have also shown that the
event-detection methods capture the gradual or abrupt nature of the
transitions between these different regimes.

With an appropriate selection of the event-detection thresh-
olds, the three methods return complementary information. We
have shown that these methods, combined with clustering, provide
a promising tool to help differentiate intensity time traces recorded
below the laser threshold, where the dynamics is dominated by
noise, and those recorded above threshold, where the dynamics
is dominated by the interaction of nonlinearity and time-delayed
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feedback. However, an inappropriate selection of these thresholds
of detection could lead to redundant information from different
methods. Our results are also relevant to the scientific commu-
nity working with stochastic point process data because we show
that event-detection methods that detect different types of events
can provide complementary information and can be useful for
differentiating or discovering new features of the data.
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