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PILOT-FREE VCSEL TEMPERATURE MONITORING

Pilot-Free VCSEL Temperature Monitoring via Statistical Complexity

Alireza Pourafzal, Member, IEEE, Hans Daniel Kaimre, Student Member, IEEE, Christian Héger,
Peter A. Andrekson, Life Fellow, IEEE, and Henk Wymeersch, Fellow, IEEE

Abstract—Vertical-cavity surface-emitting lasers (VCSELSs) are
the dominant light sources in short-reach optical interconnects,
where cost, efficiency, and scalability are critical. However,
their modulation bandwidth, output power, and signal integrity
degrade markedly as ambient temperature rises and self-heating
increases, making accurate device-level temperature awareness
indispensable. Existing approaches rely on embedded sensors or
forward-voltage monitoring, which require calibration, additional
hardware, or pilot overhead, and are therefore not well suited
for in-service operation. This work introduces a pilot-free and
sensor-free method for inferring VCSEL operating temperature
directly from payload signals. We establish, through an electro—
thermal rate-equation model, that temperature rise manifests
as a systematic reduction in the entropy of the optical wave-
form. Leveraging this property, we develop a regression-based
estimator that achieves sub-5°C accuracy in simulation. The
results demonstrate that entropy-based payload analysis provides
a principled and low-cost proxy for junction temperature, with
potential for integration into high-speed link management.

Index Terms—VCSEL, optical interconnects, temperature
monitoring, entropy, machine learning

I. INTRODUCTION

Vertical-cavity surface-emitting lasers (VCSELs) at 850—
900 nm underpin cost-, power-, and density-critical short-
reach interconnects in datacenters and Al accelerators [1].
Their wafer-scale manufacturability, low drive voltage, circular
beam, and efficient coupling to multimode fiber make them
the default light sources for 50-200 Gb/s lanes in high-radix
switches and co-packaged optics [2]. As lane rates and chan-
nel counts increase, thermal headroom tightens: temperature
variations influence threshold current, differential gain, slope
efficiency, output power, modulation response, and emission
wavelength [3]. These dependencies are evident in low-
temperature operation, where carrier dynamics and recombina-
tion rates shift measurably [4], and in long-wavelength multi-
quantum-well devices, where lattice-temperature changes alter
threshold behavior and spectral position [5]. At the link level,
elevated temperature degrades eye quality and increases the
likelihood of bit errors at high symbol rates [6]. Such degra-
dations are further aggravated by self-heating within the device
and by the thermal impedance of packages and substrates [7].

Accurate knowledge of the instantaneous device tempera-
ture, ideally the junction temperature, is essential for margin

This work was supported by the Swedish Foundation for Strategic Research

(SSE, HOT-OPTICS Project). (Corresponding author: Alireza Pourafzal.)
Alireza Pourafzal, Christian Hédger, and Henk Wymeersch are with the
Department of Electrical Engineering, Chalmers University of Technology,
41296 Gothenburg, Sweden (e-mail: alireza.pourafzal @chalmers.se; chris-
tian.haeger @chalmers.se; henkw @chalmers.se).
Hans Daniel Kaimre and Peter A. Andrekson are with the Photon-
ics Laboratory, Department of Microtechnology and Nanoscience (MC2),
Chalmers University of Technology, SE-41296 Gothenburg, Sweden (email:
kaimre @chalmers.se; peter.andrekson @chalmers.se).

tracking, adaptive biasing, and equalization, and for preventing
thermal runaway in high-speed links [8]. Key VCSEL param-
eters, including threshold current, slope efficiency, resonance
frequency, series resistance, and emission wavelength, vary
measurably with temperature [2]. Device measurements over
20-100°C show substantial performance spread and identify
thermal design as a first-order constraint beyond 50 Gb/s
per lane [9]. While compact electro—thermal models exist
to describe roll-over, self-heating dynamics, and bandwidth
compression [10], estimating the instantaneous temperature
from such models in operation is impractical: it requires de-
tailed knowledge of device-specific parameters and extensive
temperature-dependent characterization (such as light-current
(L-I) characterization [11], injected current’s heat generation
[12] and circuit-level electro—opto—thermal formulations [13]).
This makes direct, in-situ temperature awareness critical for
maintaining link performance and reliability.

Three classes of methods exist for temperature monitor-
ing. (i) Embedded thermometry places sensors near the die
or uses forward-voltage measurements; these approaches are
simple and compatible with digital diagnostic monitoring
(DDM)/digital optical monitoring (DOM), but require cali-
bration and can report case/package temperatures that lag the
junction under dynamic load [14]. Packaging improvements
such as aluminum nitride (AIN) submounts and thermally
conductive epoxy can reduce thermal impedance and help limit
self-heating [15], but they do not provide a direct temperature
measurement. Transient forward-voltage thermometry enables
time-resolved thermal-impedance evaluation in VCSEL diodes
[16], although it still requires controlled excitation, calibration,
and is not generally applicable during live payload operation.
(ii) Spectral thermometry infers temperature from the wave-
length drift of the emitted light; this can be highly accurate,
but in practice it requires additional optical filtering or in-
terferometric readout that is uncommon in low-cost Ethernet
modules [17]. High-precision interferometric methods, such as
fiber Fabry—Perot sensing [18], achieve sub-degree resolution
[19] but add optical complexity, alignment sensitivity, and
cost. Current-driven thermal modulation of VCSEL wave-
length further illustrates the strong temperature—wavelength
coupling [20], yet such methods still require calibrated spectral
measurement equipment and cannot be implemented unob-
trusively during normal link operation. (iii) Pilot-/training-
based thermometry diverts a fraction of the payload to known
sequences or tones to probe and re-tune links. Approaches
based on small-signal responses or L-I characterization [21],
[22] require controlled, stationary excitation (e.g., L-1 sweeps
or settled small-signal measurements) and dedicated mea-
surement periods that interrupt normal payload transmission.
This overhead reduces effective throughput and limits how
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frequently temperature can be tracked in service, especially in
cost- and rate-constrained short-reach links. Machine learning
has also been applied to VCSEL modeling [1], digital pre-
distortion [23], and laser temperature control [24], yet these
implementations are either pilot-based [1], [23] or rely on
closed-loop actuation with dedicated sensors rather than in-
ference from in-band payload signals [24].

In this work, we propose a pilot-free method to estimate a
VCSEL'’s internal temperature from the statistical complexity
of its payload-driven optical waveform. Using an electro—
thermal rate-equation model with temperature-dependent gain,
we establish a theoretical link between finite characteris-
tic temperature of gain, history-dependent dynamics, and
observable waveform complexity. Our key insight is that
this emergent complexity is captured by entropy measures,
providing a direct connection between waveform statistics
and temperature. Among practical options, we select Fuzzy
entropy [25], which is well suited for short, real-valued,
and noisy sequences [26]. It serves as the central feature
linking waveform complexity to temperature, enabling pilot-
free regression without additional sensors or transmitter data.

Our contributions are: (i) Providing a dynamical-systems
and entropy-based interpretation of electro—thermal VCSEL
dynamics, and deriving testable predictions on how thermal
feedback and exogenous noise should affect finite-horizon en-
tropy of the payload-driven optical waveform. (ii) Developing
a practical, pilot-free temperature estimation pipeline that uses
Fuzzy entropy of Py (t) as a single feature, including design
rules for embedding delay, window length, Fuzzy parameters,
and a computational complexity analysis tailored to short-
reach links. (iii) Validating the framework on a temperature-
dependent rate-equation model of an 863 nm VCSEL under
20 Gbps OOK, showing (a) a monotonic Fuzzy-entropy—
temperature relation under strong temperature—gain coupling,
(b) sub-5°C regression accuracy with Gaussian process regres-
sion, and (c) loss of temperature sensitivity when coupling is
weak or additive noise dominates, delineating the method’s
operating regime.

Organization. Section II formulates the electro—thermal
VCSEL model with temperature-dependent gain. Section III
introduces the complexity framework and entropy feature.
Section IV describes the blind, entropy-based temperature
estimation pipeline. Section V details simulations and results,
and Section VI concludes.

II. VCSEL DYNAMICS AND TEMPERATURE COUPLING

A. Rate-Equation Model with Thermal Feedback

The coupled electro-optical and thermal behavior of a
VCSEL is modeled using a system of time-domain rate
equations for the carrier density N Et;, photon density S(t),
and the active region temperature 7'(¢), as [10, Eq. (3)-(5)]

dN(t) _ md(t)  N(t) Lg(T(t)) (N (t) — No)S(t)

(1)

dt an Tn 1+ es(t) '
as()  To(T®)(N®) - No)SW) . N() _ 5(1)

a 1+eS() . EN (v
are) _ 1 p T(t) = Tamn
T = Cilh (Rn(t) - Popl(t)) - CiZun : (1c)

Here, I(t) is the injection current (i.e., the externally applied

drive current), 7; the internal quantum efficiency, ¢ the elemen-
tary charge, V,, the active region volume, 7, and 7, the carrier
and photon lifetimes, Ny the transparency carrier density, I" the
optical confinement factor, g(7') the temperature-dependent
differential gain, ¢ the gain compression factor, and [ the
spontaneous emission coupling factor. We interpret T'(t) as
the junction temperature Tj (¢).

While the internal quantum efficiency 7; exhibits only a
weak temperature dependence over the operating range of
interest [27], we treat 7; as temperature-independent in this
work, since the residual variation is small compared to the
dominant thermal feedback captured by 7'(¢) and is highly
device-specific. The thermal subsystem is characterized by the
thermal capacitance Cy, and thermal resistance Zy,, with Tymp
denoting the ambient temperature. The units of all variables
and parameters used in the VCSEL model are summarized in
Table II. The injected electrical and extracted optical powers
are given by Py (t) = I(t) Vievice (I(t)) and

S(t) Vg hv

p

Popt(t) = Tout (2)
respectively. This coupled model captures the interplay be-
tween carrier injection, recombination, stimulated emission,
and the dynamic thermal response driven by the electrical—
optical power balance. Specifically, the thermal rate equation
in (1c) introduces thermal feedback: the temperature T'(¢) rises
with the net electrical-optical power balance, while the optical
power Py (t) depends on the photon density S(t). Since the
gain is temperature-dependent through ¢(T'), the electrical-
optical power balance and the gain form a closed feedback
loop. Self-heating reduces g(7'), which reduces the photon
density S(¢) and hence the optical power Py (t), altering
the heating term in (1c). This coupling induces temperature-
dependent memory in the emitted waveform Py (t).

The rate—thermal surrogate in (la)—(lc) is intentionally
compact and does not model spatial temperature gradients,
modal competition, thermal lensing, or detailed IV/radio-
frequency/package parasitics. It is used here to isolate how
temperature-dependent feedback shapes short-horizon wave-
form complexity and to demonstrate the resulting simulation
trends; while device-specific calibration and measurement
validation are valuable for quantitative thermometry and de-
ployment, as well as for establishing the precise functional
mapping (e.g., monotonicity) between temperature and the
proposed complexity metrics, they are outside the scope of
this work and are left to calibration-driven model refinement.

B. Temperature-Dependent Gain Model

The temperature dependence of the optical gain, g(7),
is a key feature in VCSEL modeling. Several models exist
in the literature, including differential gain/transparency car-
rier formulations [9], [28] and empirical rational polynomial
fits [29], [30]. A common compact surrogate model, used
across semiconductor laser models, is an exponential decay
with temperature, capturing the characteristic reduction of
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Fig. 1: Roadmap of the theoretical framework: from entropy-based complexity to embedding-based estimators and their temperature trend.

carrier inversion efficiency with a single sensitivity parame-
ter [10], [30]. Following this practice, we adopt the exponential
form [31], [32]

T

o(T(t)) = go exp(

where g is the gain at a reference temperature T, and T is
a characteristic temperature parameter describing the device’s
sensitivity to temperature variations. In practice, Ty is chosen
equal to the nominal ambient temperature at cold start, so that
during operation the active-region temperature 7'(t) starts at
Ty and rises above it due to self-heating. Consequently, the
simulations focus on regimes with T'(t) = Tp.

Intuitively, T, sets the temperature scale over which the
differential gain changes noticeably: from (3), a temperature
increase AT modifies the gain ratio as g(Ty + AT)/go =
exp(—AT/T,), so an increase AT = T, reduces g by a factor
of e. Devices with smaller T, are therefore more thermally
sensitive (steeper gain roll-off with temperature), whereas
larger T}, corresponds to more thermally robust gain.

)~ T TO) , 3)

III. THEORETICAL FRAMEWORK FOR COMPLEXITY
ANALYSIS OF VCSEL DYNAMICS

Our observable of interest is a noisy measurement of the
optical output Py (t). To exploit the emitted waveform as a
proxy for temperature, we seek features of Py (t) that vary
systematically with the thermal state over short observation
windows. In this work, we focus on measures of temporal
complexity, where complexity denotes how unpredictable an
observable time series is given its recent history. In dynamical-
systems terms, such behavior is commonly associated with
nonlinear feedback and coupling between subsystems, and
manifests as history dependence or irregular fluctuations in
the output [33], [34].

Entropy-based quantities provide a natural language for
characterizing temporal complexity. In particular, we use
statistical-complexity notions from computational mechanics
to connect the VCSEL electro—thermal dynamics to measur-
able structure in Pyy(t) (see [35], [36]). In the remainder
of this section, we therefore take a brief detour through
standard entropy-based tools from dynamical-systems theory
and specialize them to this setting: first by introducing the
finite-horizon, entropy-rate-like quantities we use, and then
by explaining how the temperature coupling in the electro—
thermal rate equations is reflected in the resulting entropy-
based observable. Fig. 1 summarizes this logical progression
of the section. This discussion links the entropy-based defini-
tions to the VCSEL dynamics and motivates the estimators in
Sec. IV-A2.

A. Dynamical Entropy and Symbolic Encodings

We view the VCSEL as a discrete-time dynamical system
through sampled observations with an internal state and a

measured output. Let x(f) € A denote the (hidden) state
of the device at time ¢, which in our rate—thermal model
collects quantities such as carrier density, photon density, and
temperature,

z(t) = (N(t),5(),T(t)) € X C R “)

The experiment does not observe xz(t) directly; instead, it
records the noisy sampled optical output

where t; = iAt is the discrete sampling instant with sampling
interval At, D : X — R is the measurement function, and n;
collects the effective receiver noise (thermal, shot, and front-
end noise) after filtering.

Following the computational-mechanics view of Crutch-
field [36], such a dynamical system is characterized by how
it combines randomness and structured predictability in its
output. The entropy rate quantifies the average randomness per
sample in the observed process, while the statistical complex-
ity measures how much information about the past the system
must retain internally in order to reproduce the statistics of the
output time series [37]. These dynamical-entropy quantities
offer a principled way to describe how the carrier—photon—
thermal interaction shapes the temporal complexity of Py (t;).

From a theoretical perspective, one could use the entropy
rate to quantify how much new information the VCSEL
dynamics generate over time. A standard definition for a
discrete-time stochastic process is given below.

Definition 1 (Entropy rate). Let {Z;}icz be a discrete-time
stochastic process taking values in a finite alphabet Z. For
k € N, the length-k block entropy is

Hy(Z) =~ > p(w)logp(w), 6)
weZk
where w = (z1,...,21) is a word in Z¥ and p(w) is its

probability under the process. If the limit exists, the (Shannon)

entropy rate is defined as

. Hy(2)

h(Z) = lim ——= 7
(2) = lim ——, (7

which represents the average information produced per sym-

bol, including all temporal correlations [36].

In our VCSEL setting, the internal state x(¢) is continuous-
valued, so it does not directly fit into the finite-alphabet
framework above. Moreover, we do not have direct access to
z(t;) but only to the observable y;. A standard approach in
dynamical-systems theory is to introduce a finite measurable
partition P = {Py,..., Py} of the observable range and
assign symbols according to Z; = j whenever y; € P;. This
observable partition induces a partition of the underlying state



PILOT-FREE VCSEL TEMPERATURE MONITORING

space via the preimages D~!(P;), so that the resulting sym-

bolic process still reflects the dynamics of the original system

when the induced partition is generating [38, Thm. 4.22].!
For any fixed partition P, the limit

1
h(Z;P) = Jim Hy(Z;P) (®)

is the Shannon entropy rate of the symbolic process induced
by P. The Kolmogorov—Sinai (KS) entropy of the underlying
dynamical system is then defined as

hxs = sup h(Z;P) = sup lim 1 Hy(Z;P), )
P P k—oo k
where the supremum is taken over all finite measurable parti-
tions P of X [38, Ch. 10]. Thus, KS entropy can be viewed
as the largest achievable entropy rate over all finite symbolic
codings of the dynamics.

Example: Consider a measured power trace y; = Poy(t;)
from the VCSEL. Choose a small set of power intervals,
eg, P =[0,1) mW, P, = [1,2) mW, P35 = [2,00) mW,
and assign symbols Z; € {1,2,3} according to the interval
containing y;. For a word length k, we count how often each
word w € {1,2,3}* appears, form empirical probabilities
p(w), and compute the block entropy Hy,(Z; P) and h(Z; P),
from (6) and (8), respectively. Each choice of power par-
tition P yields one entropy-rate estimate for the resulting
symbolic process. To approximate the KS entropy hgs, one
would in principle repeat this construction for a sequence of
increasingly finer partitions and take the supremum of the
corresponding entropy—rate values, as in (9).

B. Embedding-Based Entropy Proxies

The symbolic VCSEL example above illustrates that direct
use of hgs as a complexity measure is not practical in our
setting. Even for a simple power partition, reliable estimation
of the entropy rate requires long, stationary traces and careful
control of the binning. In principle, one would then have to
repeat this procedure for a sequence of increasingly refined
partitions to approximate the supremum in (9). This is difficult
because (i) finding a partition that is close to generating while
still assigning a sufficient number of samples to each bin is
nontrivial, and (ii) for finite record length and measurement
noise, large-k block histograms quickly become ill-posed,
since the number of possible words grows as |Z|¥ and many
empirical probabilities p(w) are dominated by noise.

A common remedy is to bypass explicit symbolic partitions
and reconstruct the dynamics directly from y; via delay
embedding and correlation sums, as outlined below.

1) Delay Embedding and Correlation Sums: Consider a
finite observation window of the scalar time series, ) =
(y1,Y2,---,yL), and form delay vectors

(k)

vi' = Y, Yitrs --- (10)

’ yi+(k—1)7) € Rkv

'Informally, a partition is generating if the infinite symbol sequence
produced by following the trajectory almost uniquely identifies the underlying
state. In that case, the symbolic dynamics retains the essential behavior of the
original system, including its entropy.

with embedding dimension %k and integer delay 7 (in sam-
ples) [39, Thm. 1]. In continuous time, this corresponds to a
delay of 7At, where At is the sampling interval.

Recall that block entropies such as Hy, in (6) are built from
empirical probabilities of length-%k “words,” typically obtained
by counting exact symbol frequencies under a fixed partition.
In the correlation-sum approach, symbolic cells are replaced
by neighborhoods in the embedded space: rather than counting
exact word occurrences, one estimates small-cell probabilities
by counting how often delay vectors fall within a metric ball
of radius r [40, Eq. (1)],

=T +21)(L =P 1{d”.53") <}

i<j
(1)
where d(-,-) denotes a distance (metric) between embedded
vectors. For small r, C(r) approximates the probability that
two independently drawn length-%k segments of the trajectory
remain within distance r of each other in the embedded space.
From this construction, generalized block entropies can be
defined from the scaling of the correlation sums. In particular,
the order-2 (Rényi-2) case leads to the so-called correlation

entropy increment [41, Eq. (11.31)]

Ci(r)

Cr1(r)

In the joint limits £ — oo and r — 0, CE(k,r) provides a
lower bound to the KS entropy hgs [41, Sec. 11.4].

2) Fuzzy Entropy as a Practical Proxy: Direct use of
CE(k,r) with the hard indicator function in (11) is highly
sensitive to noise and finite resolution, since small changes
around the threshold r can cause large, discontinuous changes
in the counts. To address this issue, Pincus [42] and later Chen
et al. [25] introduced entropy measures that replace the binary
neighborhood indicator with a smooth similarity kernel. In
particular, fuzzy entropy replaces the hard indicator in (11)
with a smooth fuzzy kernel [25]

Iinvr(d) = exp[ - (d/r)n},

and defines the corresponding soft correlation sums

_ 2 (k) (k)
Hulr) = (L-k+1)(L-k);“”"’(d<yl' ), a4

typically with the Chebyshev norm d(u, v) = maxy |us — v
and with self-matches excluded [25]. Fuzzy entropy is then
defined as the corresponding increment

Px(r)

Gr1(r)
For large n, the kernel x,, , approximates the hard indicator
1{d < r}, so FE(k,r) can be viewed as a smoothed version
of CE(k, ) that is less sensitive to noise and finite sampling.

The discussion in Sections III-A and III-B collects standard
notions from nonlinear dynamics, entropy rate, KS entropy,
and their finite-data estimators to fix notation and provide a

CE(k,r) = In (12)

n>1, (13)

FE(k,r) =1In (15)

2The choice of 7 is constrained by the sampling of the underlying
continuous dynamics; if 7 is too small, successive coordinates are nearly
redundant, whereas too large 7 risks losing dynamical dependencies.
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TABLE I: Comparison of entropy-related quantities for VCSEL
dynamics. A check mark (v') indicates that a property holds, a cross
(x) that it does not, and (~) that it holds under restrictive conditions.

h hxks CE FE
Computational-mechanics consistency v v ~ ~
Requires explicit symbolic partition v v X X
Metric / embedding based X X v v
Provable lower bound to hxs X = v ~
Robust to noise / finite resolution X X ~ v
Practical on short noisy VCSEL traces X X ~ v
Adopted in this work X X X v

common language. These notions are summarized in Table I.
In what follows, we use these tools in our contribution, apply-
ing them to electro—thermal VCSEL dynamics and showing
that Fuzzy entropy of the payload waveform can serve as a
pilot-free temperature indicator.

C. Temperature Sensitivity of Correlation-Entropy Measures

We quantify the short-horizon dynamics of the waveform
Popi(t;) through the close-history event

By (r) := {d(ygk),yyc)) < r},

with ygk) defined in (10). The hard correlation sum Cp(r)
in (11) is the empirical frequency of By (r) pairs. Assuming
{y;} is stationary and ergodic, the time average in (11)
converges almost surely to its ensemble average. In particular,

for fixed (k,r) [41, Sec. 11.3],

(16)

Crl(r) = E{1{d(y§’“>,y§’“>) < rH =P(Bx(r)). (17)

L—oo
Therefore,
Crta(r)
—= = P(B B, 18
Cr(r) - ( k+1(7) | k(r))7 (18)
and the correlation-entropy increment (12) admits the
conditional-probability form
C
CE(k,r) = 111& ~ —InP(Biy1(r) | Be(r)), (19)
Crr1(r)

with the approximation reflecting finite-L estimation.

Next, we connect By(r) to temperature. In the noiseless
deterministic setting, Takens’ embedding theorem implies that
for sufficiently large k£ the delay map induced by the scalar
observable y(t) = Pyy(t) is one-to-one on the attractor
generated by the VCSEL dynamics [41, Sec. 3.2]. Hence, on
the attractor, each delay vector ygk) identifies a unique inter-
nal state (N (¢;),S(¢;),T(t;)) and thus a unique temperature
T(t;). Moreover, the inverse map is continuous on the compact
attractor, so for any € > 0 there exists . > 0 such that [43,
Th. 13.92]

diy vy <re = IT(W) - Tt <e. (0)

Equation (20) formalizes the sense in which, at sufficiently
small scales, By (r) selects pairs of histories with matched
thermal states. The following remark summarizes when this
conclusion holds beyond the specific rate-thermal model.

Remark 1 (Conditions for temperature informativeness). If,
for sufficiently large k, the delay map associated with the

observable y(t) is one-to-one on the invariant set visited in
steady operation (e.g., the attractor), then T(t;) is a well-
defined function of the delay history ygk) (and nearby delay
histories correspond to nearby temperatures, cf. (20)). Under
this observability condition, any temperature dependence in
the device dynamics and/or the measurement map D makes the
close-history statistics By, (r) and the increments CE(k,r) (and
FE(k,r)) sensitive to operating temperature. This conclusion
is structural and does not rely on our specific rate-equation
surrogate or on a particular functional form of g(T).

Event By, (r) selects pairs of recent power histories that are
similar over a window of length (k—1)7At, i.e., they imply
similar recent dissipation in the device. Since junction tem-
perature is a slow thermal-RC state driven by this dissipation,
such histories correspond to nearly the same instantaneous
T(t;) on the operating attractor, consistent with (20).

D. Correlation Entropy Under Decreasing g(T')

We now specialize to the rate—thermal model (1a)—(1c) with
g(T) given by (3). Since g(7T') decreases with temperature,

Tt = gT)l,

the stimulated-emission terms in (1a)—(1b) are reduced and the
carrier—photon subsystem becomes less responsive to small
perturbations in the state over a fixed sampling interval. To
link (3) to short-horizon persistence, consider the one-step
evolution of small perturbations around an operating point on
the attractor. Linearizing (1a)—(1c) gives

6i(t) = J(=(t),T(t)) 6x(t),

1)

(22)

where J is the Jacobian of the rate-thermal vector field.
Over one sampling interval, a first-order (Euler) discretiza-
tion of the linearized dynamics (22) yields the discrete-time
perturbation update dz;41 ~ A(T;)d0x;, where A(T;) :=
Is + At J(z;, T;) € R33, and T € R®*3 is the identity
matrix. The noiseless optical sample is y; = D(z;), so
(Syi+1 ~ V'D($i+1)—r5$i+1 and

0yit1] < ep AT [[624], (23)

where cp = sup,c 4 [|[VD(2)|. In (1a)-(1b), the stimulated-
emission coupling terms are proportional to g(7'), so the
dominant gain-dependent entries of J scale with g(7") up
to bounded state factors. With ¢g(7") decreasing in T by (3),
the induced norm || A(T;)|| (and thus the local input—output
sensitivity in (23)) decreases with operating temperature, con-
sistent with standard small-signal behavior where reduced
differential gain lowers the relaxation-resonance scale and
effective modulation bandwidth [10], [31], [32]. Therefore, for
fixed (k,7,7) in the device-dominated regime, the waveform
exhibits stronger short-horizon persistence at higher operating
temperature, in the sense that

Tt = B(Bealr) | Be() 1.

Using the conditional-probability representation (19), this
yields the trend Tt =  CE(k,r) | .

(24)
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Fig. 2: Blind entropy-based temperature estimation pipeline, from unknown input bits to temperature estimate TqA

E. Noise-Robust Persistence via Fuzzy Entropy

In practice, the observed samples satisfy y; = Popt(ti) +n;.
Since Cj(r) in (11) relies on the hard test 1{d(y§k),y;k)) <
r}, noise can toggle near-threshold pairs across r, causing
large variations in Ci(r) and degrading the finite-sample
estimate CE(k,r) at the small radii required to probe lo-
cal predictability. We therefore use FE(k,r) (Section III-B),
which replaces the indicator by the smooth kernel &, ,(-)
and computes the same log-ratio from the corresponding soft
correlation sums ¢ (r). Thus, FE(k, ) retains the conditional-
persistence interpretation of CE(k,r), but with soft neigh-
borhood membership: it quantifies how much the average
similarity of length-k histories is preserved when extending
them to length k+1. As n — oo the kernel x,, , approaches
the hard indicator and FE(k,r) — CE(k,r) (for fixed ).

Remark 2 (Role of exogenous variability). In real links, ex-
ogenous variability (receiver noise/jitter, temperature-sensitive
electronics, and packaging effects) perturbs the observed
histories, reducing the effective persistence of nearby trajec-
tories. In the conditional form (19), this corresponds to a
decrease in the probability that two close k-histories remain
close when extended by one sample, i.e., a decrease of
P(B41(r) | Bk(r)), which increases the measured entropy
proxy. Consequently, the observed FE(k,r) reflects a compe-
tition between deterministic thermal structure in the VCSEL
dynamics (tending to lower FE) and stochastic perturbations
(tending to raise FE). The net trend depends on SNR and the
history window (k—1)TAt relative to Tip.

This theoretical link between thermal feedback and entropy
motivates our practical framework for blind temperature esti-
mation from payload waveforms, in the subsequent section.

IV. BLIND TEMPERATURE ESTIMATION APPROACH

The proposed blind temperature estimation method operates
directly on the observed VCSEL output power and requires no
pilot symbols or a priori knowledge of the transmitted data.
The approach consists of three main steps: (i) transmitting
data through the VCSEL and recording the resulting optical
power sequence Py (t); (ii) extracting the Fuzzy entropy of the
observed output as a quantitative feature of signal complexity;
and (iii) estimating the internal temperature by applying a
regression model to the computed entropy value. Each of these
steps is described in detail in the following subsections, and
the overall estimation pipeline is summarized in Fig. 2.

A. Temperature Estimation Pipeline

1) Data Acquisition and Signal Model: Let U =
{u1,usg,...} denote a discrete sequence of transmitted data
symbols, with u; € A, = {0,1} for the case of PAM-2
modulation considered in this work. The data sequence is
mapped to a modulated current I;,04 (%), which is superimposed
on a fixed bias current Iy,s to form the total drive current
applied to the VCSEL:

I(t) = ]bias + Imod(t)~

The current I(t) governs the carrier and photon dynamics
within the VCSEL via the nonlinear rate equations and asso-
ciated thermal feedback. The modulated optical output of the
VCSEL is characterized by the photon density S(¢), which is
converted to optical power Py (t) according to the established
system parameters, as detailed in Section II-A. At the receiver,
only the time series Poy(t) is accessible;’ the original data U
and internal state variables (N, .S,T') are unobserved.

2) Feature Extraction: The received waveform at the input
is modeled as a noisy observation of the VCSEL optical
output, as y; = Pop(t;) + ny, where Py (t;) is the sampled
optical power (up to the deterministic front-end gain). The
sequence {g;} is uniformly sampled with sampling period
At and then segmented into () non-overlapping windows
of length L. For window index ¢ € {1,...,Q} we define
Vo = Wg-1)p+1,--->Yqr). If a local index ¢ € {1,...,L}
is convenient, we write g ¢ := Y(g—1)+¢- We choose L such
that the thermal state T'(t) is approximately constant within a
window, i.e., L At < 7y, while still satisfying (k—1)7 < L
(such that LAt spans at most a small fraction (e.g., 0.05-
0.1) of 7). This local quasi-stationarity justifies estimating
a short-horizon entropy-based complexity measure (the Fuzzy
entropy FE) per window and mapping it to an instantaneous
temperature label.

Within each window, we apply peak normalization,

(25)

Mg = miax|gjq,i\7

which keeps the waveform shape intact and makes the toler-
ance r interpretable in normalized units. This simple scaling
avoids altering the statistics too much while compensating for
unknown front-end gain.

3In practice, the receiver accesses this quantity indirectly: the optical power
at the VCSEL facet (as Pop(t) in (2)) incident on a photodiode generates a
photocurrent Ipp(t) = R Pop(t), with detector responsivity R, and followed
by electrical amplification. The measured signal is linearly proportional to
Popt(t), up to front-end bandwidth and noise [44, Sec. 4.3].
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Further, we form k-dimensional delay vectors with lag 7 (in
samples),

yf(L) (yq 79 yq iTy e

where 1 < ¢ < L — (k— 1)7. From these vectors we compute
the Fuzzy-entropy increment F,, = FE(k,r) using (13)-(15),
with self-matches excluded as in standard definitions.

3) Regression-Based Temperature Estimation: The final
stage of the framework is supervised regression, mapping the
extracted Fuzzy entropy features to temperature estimates.
Given the dataset of tuples {(Fy,Ty)},—;, the regression
problem is to learn a mapping

Tq = R(Fq)v

) yq,i-‘r(k—l)T)a (26)

where R : R — R predicts temperature from the Fuzzy
entropy feature. The regressor R is trained using a labeled
dataset, minimizing the prediction error over all training pairs.

The choice of regression model is addressed in the im-
plementation section. Once trained, the model is applied in
operation: for each newly acquired window of ), Fuzzy
entropy is computed and input to R to yield a pilot-free
estimate of the internal VCSEL temperature.

B. Design Choices and Defaults

1) Delay T selection: A suitable delay 7 is required to
construct informative delay vectors (26). Choosing the smallest
delay 7 = 1 is generally suboptimal when the sampling
interval At is small relative to the dominant time scales of
the dynamics: then y; 1 ~ y; and successive embedding co-
ordinates are nearly redundant, leading to poorly conditioned
reconstructions. Following standard practice, we adopt the
average mutual information (AMI) criterion, which selects 7
as the first local minimum of [45, Eq. (9)]

Zpab

between y; and y;,, where pg,(7) is the joint probability
that y; falls in bin a and y;4, in bin b, and p,,p, are the
corresponding marginals. The exact bin resolution affects the
absolute value of MI(7), but the location of its first minimum
is typically robust and is used here as the embedding delay.

Since MI(7) quantifies the deviation of the joint law pg(7)
from independence (p,pp), the first minimum identifies the
smallest delay (i.e., smallest T7At) for which this deviation,
and thus redundancy between coordinates, has dropped sub-
stantially while the dependence is not lost entirely; this yields
embedding coordinates that are informative without being
trivially correlated [41, Sec. 9.2].

2) Fuzzy parameters: Fuzzy entropy requires three pa-
rameters: the embedding dimension k, the tolerance r, and
the fuzziness exponent n [25]. The embedding dimension
k specifies the length of the delay vectors used in the en-
tropy calculation. While higher dimensions may in principle
capture more structure, they rapidly increase computational
complexity (cf. Sec. IV-C) and reduce the number of usable
vectors. We therefore restrict to a compact set k£ = 2-5. The
tolerance r determines the width of the similarity boundary

pab )
Pa pb

27

and is scaled to oy, the standard deviation of the windowed
signal, as r = co,, with c typically in the range 0.1-0.3. The
exponent n controls the steepness of the fuzzy kernel: larger
n approximates a hard threshold, whereas smaller n increases
smoothing. Recommended values are integers n = 2-5 [25].
The parameters (k,r,n) are selected by validation, choosing
the smallest values that yield stable FE across adjacent window
sizes (cf. Sec. IV-A2).

3) Window length L: The window length balances two op-
posing needs: (i) quasi-stationarity of the thermal state within
the window, and (ii) sufficient samples for a stable Fuzzy-
entropy estimate. Quasi-stationarity is required because drift
of the thermal state (and hence device parameters) within a
window makes the assigned temperature label ambiguous and
violates the stationary-manifold assumption underlying delay-
embedding-based entropy estimates, cf. Takens’ theorem [41,
Sec. 3.2]. We therefore require the window duration to be short
compared to the thermal time constant, LAt < Tth.4

The choice of L is guided by discriminability across tem-
perature conditions. We evaluate FE over a grid of candidate
window sizes and track (i) the mean separation between
adjacent temperature classes and (ii) the across-run variance, in
the spirit of Fisher-type separation [46, Sec. 4.1.4]. We then
select the smallest L* for which the variance is sufficiently
low and further increases yield only marginal improvements
in class separation. This approach ensures a balance between
discrimination power and computational efficiency.

4) Estimating 1, If 7, is unknown, we estimate an effec-
tive 7y, from a small step test. Starting cold/off at T'(0)=Tmp,
apply a constant bias [, at t=0 for a short interval (e.g.,
1 ps), and record the instantaneous temperature. The thermal
response is well-approximated by a first-order exponential rise

AT(t) =~ ATy (1 - e_t/T“‘) )

where AT, = T'(00) — Tymb is the steady-state temperature
increase for the applied step. In practice the full asymptote
may not be observed in a short record; 7y, is then obtained
by fitting the measured trajectory AT'(t) to the exponential
model. We fit the model AT(t) ~ A(1 — e */7) to the
recorded samples by nonlinear least squares, initialized with
A ~ AT(tena) and a plausible 7. The fit directly yields
A = AT, and T = 7, and remains reliable even if the
record does not reach steady state, since 7 is identified from
the transient curvature.

C. Computational Complexity

The computational cost of the Fuzzy-entropy estimator is
dominated by three steps: (i) constructing the embeddings
Y., = [y((zlfl),ygg), . ,yélf])wk] € RMexk where M, =

— (k — 1)1 and Y1 € RMe+x(H+D 5 which requires
O(Myk + My (k+1)) operations; (ii) forming the full pair-
wise Chebyshev distances, costing O(MZk + M7Z, | (k+1));
and (iii) applying the fuzzy kernel and averaging in (14), with
complexity O(MZ+M?, ). Thus the overall time complexity

4In a first-order lumped thermal model, the junction temperature relaxes
exponentially to a steady value on the scale 7y, so choosing LAt < 1
keeps T'(t) approximately constant within each window [9].
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is O(MZk + MZ,,(k+1)), which in the common regime
My, M1 = O(L) reduces to O(kL?) per window. Memory
usage is likewise quadratic, O(M7 + M7 ), as both distance
matrices must be stored.

D. System-Level Integration and Practical Considerations

The proposed entropy-based estimator is designed to inte-
grate seamlessly into existing optical receiver architectures. In
practical implementations, the estimator operates on waveform
samples that are already available within the digital signal
processing chain. Modern optical receivers routinely process
oversampled electrical waveforms for tasks such as clock
recovery, timing adjustment, and equalization prior to symbol
decisions [44, Sec. 4.3]. The entropy features are extracted
from windowed segments of length L chosen such that LAt <
Tin. Consequently, temperature estimates are produced at an
update rate on the order of (LAt)~!, which is orders of
magnitude lower than the symbol rate and governed by the
thermal dynamics than by the communication bandwidth.

The resulting junction-temperature estimate T(t) can be
interpreted as a latent device-state observation that is otherwise
inaccessible during normal link operation. Exposing this state
enables the estimator to serve as an input to higher-level
monitoring and control functions without requiring protocol
modification or additional sensing hardware. At the transmitter
side, temperature awareness is commonly exploited through
closed-loop or supervisory control mechanisms that compen-
sate slow thermal drift in directly modulated VCSELs. In
practice, such compensation is achieved by adapting the bias
current and modulation amplitude to stabilize average optical
power and extinction ratio across temperature, as implemented
in adaptive optical power control (APC) and auto-modulation
control (AMC) architectures for VCSEL drivers [47]. In this
setting, the estimated junction temperature T(t) provides an
explicit and physically meaningful state input to existing
APC/AMC loops, replacing or complementing indirect proxies
without requiring back-facet monitoring or transmitter-side
instrumentation [48].

Beyond immediate drive adaptation, junction-temperature
estimates also enable thermal derating and reliability-aware
operation at the system level. Junction temperature is a primary
driver of aging, degradation, and failure mechanisms in semi-
conductor lasers, with sustained high-temperature operation
accelerating wear-out and reducing device lifetime [49, Ch. 1].
Leveraging this dependence, T(t) can be used to enforce
operating envelopes that limit cumulative thermal stress, e.g.,
by reducing modulation depth or invoking higher-layer data-
rate adaptation under prolonged thermal load. Such derating
policies are natural system-level responses to temperature-
induced performance constraints in semiconductor lasers [50,
Ch. 7]. Along the same lines, reliability studies commonly
infer degradation-relevant states from electrical or optical
observables when direct sensing is unavailable [51].

In short-reach VCSEL interconnects (e.g., data-center
links), temperature variations similarly motivate adaptive op-
eration (e.g., modulation/waveform/coding selection) to sus-
tain throughput across operating conditions [1]. At a larger

TABLE II: Key simulation and device parameters (Ohiso-based
VCSEL [53], exponential g(T)).

Parameter Value
Wavelength A 863 nm
Internal quantum efficiency 7; 1.0
Spontaneous emission factor 8 1x 1074
Carrier lifetime 7, 5 ns
Photon lifetime 7, 2.28 ps

Transparency carrier density No
Differential gain at Tp go

1.94 x 1024 m~—3
1x 1077 m3/s

Gain reference temperature T 300 K
Gain compression ¢ 1x 1016
Confinement factor I' 0.3

Active region volume Vg
Thermal impedance Zy},

3x 10717 m3
2.6 x 103 K/W

Thermal capacitance Cyy, 1x107% J/K
Thermal time constant 7y, 26x1072s
Output coupling 7Nout 0.45

Bias current [piag 20 mA
Modulation amplitude I;,oq 5 mA

Bit rate 20 Gbps
Oversampling factor 25

Photodiode responsivity Rpp 0.6 A/W
Load resistance Ry, 50

Receiver bandwidth A f 20 GHz

scale, T(t) can be treated as a low-rate telemetry signal
and incorporated into optical performance monitoring and
control frameworks, where slowly varying physical-layer state
information is reported intermittently and used for supervision,
margin management, and fault detection [52].

V. SIMULATION IMPLEMENTATION AND RESULTS
A. Environment and Model Setup

We simulate the coupled carrier—photon—thermal dynamics
using the rate-equation model in Sec. II-A with the exponential
temperature-dependent gain of (3). Device and simulation
parameters are given in Table II.

B. Small-Signal (Steady-State) Simulations

In the steady-state regime, the modulation current is set to
zero and the bias current [y;,5 is swept from 0 to 40 mA for
each combination of

T, € {50, 250, 500} K, Tamp € {25, 90} °C.

The instantaneous device voltage V' (I) is computed from the
empirical IV fit in [10], and the injected electrical power is
Pn(t) = I(t) V(I(t)). The steady-state optical output power
P,pi(t) is obtained from the simulated photon density S(¢) as
in (2).

Fig. 3 illustrates the exponential fitting procedure of
Sec. IV-B4. The observation window must be long enough
to capture the transient curvature; convergence to the true
7w = CwnZn is reached once the window exceeds 10 us.
Based on this, for subsequent small-signal simulations we
set the observation window to 10 s, which provides stable

5Characteristic temperatures on the order of Ty ~100 K have been reported
for laser diodes using temperature-dependent rate-equation models [31]. We
use the sweep {50, 250, 500} K to cover strong, moderate, and weak coupling
regimes around this reference scale.
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Fig. 3: Estimated thermal time constant 7y, as a function of observa-
tion window length for different gain—temperature parameters 7},.

Ty estimation while keeping simulation runtime short, and
ensures that carrier, photon, and thermal states converge to
steady values. This duration is consistent with the device’s
thermal time constant (see Table II).

Figure 4 shows optical output power and photon density
versus Iy, for different T, and T..,,. Lower T} increases
the gain’s temperature sensitivity, strengthening the coupling
between self-heating and photon generation. At Ty = 50 K,
both quantities exhibit pronounced roll-over with increasing
Ihias, especially at higher 1,1, due to rapid gain suppression.
Larger T}, values yield near-linear behavior over the bias range,
indicating weaker thermal feedback and delayed roll-over.

At Iyias = 20 mA and T,y = 25°C, Fig. 5 presents a para-
metric sensitivity study with respect to the gain characteristic
temperature 7} in (3). Since T is a device/material parameter,
this sweep should be interpreted as comparing VCSELs (or
process/design variants) with different gain—temperature roll-
off, rather than tuning a knob on a fixed device. In the model,
smaller T, implies stronger degradation of g(T") for a given
junction temperature, which reduces stimulated emission and
lowers the steady optical power generated under the same
drive. The reduced optical extraction implies a slightly larger
fraction of the injected electrical power is dissipated internally,
leading to a modest increase in the junction temperature.
Consistent with this mechanism, as T} increases (weaker gain
penalty), the optical power (blue circles) rises from ~ 4.5
to ~ 7 mW, while the junction temperature (red squares)
decreases slightly from ~ 55.1°C to ~ 54.85°C.

C. Large-Signal Simulations

For dynamic analysis, we fix Ip;,s = 20 mA and set I,,,0q =
5 mA. A binary frame of 12,144 bits (IEEE 802.3 LAN test
length [54]) is transmitted at 20 Gbps with oversampling factor
(OSF) 25 for ordinary differential equation (ODE) integration.
Current levels are Iy = Ihias—Imod/2 and Iy = Tpias+Tmod /2.
At the receiver, a responsivity-Rpp photodiode converts op-
tical power to current, followed by an ideal low-pass front end
of bandwidth Af = 20 GHz and additive thermal and shot
noise: 07, = 4kpTampAf /R and 02 = 2qippAf which
results in a signal-to-noise ratio (SNR) of approximately 38 dB
in the default configuration. A fixed threshold detector is used,
no adaptive equalization, timing recovery, or decision feedback

TABLE III: Parameters for Fuzzy-entropy Complexity Estimation.

Parameter Value
Embedding delay 7 7 ~ 0.30 sym.
Embedding dim. k 2

Fuzzy exponent n 3

Tolerance r 0.204

Window length L 128 bits

(since our goal is to capture relative trends with temperature
and Ty, not to emulate a fully equalized Ethernet link.). Each
configuration is repeated over 25 Monte Carlo runs (random
data and noise seeds).

Figure 6 contrasts strong gain—temperature coupling (1, =
50 K) and weak coupling (I, = 500 K) at T,,, €
{20°C, 95°C}. Under strong coupling, the gain term g(7')
is more strongly suppressed at elevated temperature, which
reduces the effective differential gain and slows the carrier—
photon response over the bit interval. The resulting slower
transitions and run-length dependence increase deterministic
inter-symbol interference (ISI) and compress the decision mar-
gin, reducing the eye opening from AP ~ 0.40 to ~ 0.16 mW
when raising Ty, from 20°C to 95°C. Under weak coupling,
g(T) varies less with temperature, so the transition dynamics
and rail levels remain more stable, and the eye opening only
reduces from ~ 0.40 to ~ 0.34 mW at 95°C. This behavior
is consistent with the bit error rate (BER) trends in Fig. 7.

Figure 7 reports BER versus initial ambient temperature.
BER increases monotonically with temperature for T, = 50 K,
reflecting stronger gain—temperature coupling: higher T' sup-
presses g(7T'), deepens pattern-dependent ISI, and widens the
decision margin loss. For T, = 500 K, BER varies only mildly
with temperature, consistent with weaker thermal feedback and
a more linear response.’

D. Dynamical Complexity Analysis

We select parameters for complexity estimation: the em-
bedding delay 7, Fuzzy-entropy settings (k,r,n), and the
window length L. Following Sec. IV-A2, 7 is obtained via
the AMI criterion. As shown in Fig. 8, the AMI curves decay
consistently across OSFs, with the first minimum at 7* = 0.30
symbols (about 7 samples at OSF= 25), which we use in all
experiments. We fix £ = 2, n = 3, and r = 0.20, based
on pilot tuning; detailed sweeps are omitted for brevity. The
window length L is chosen using Fig. 9. We select the smallest
L for which the variance is stable and the mean separation
between temperature classes is clear. With L = 128 bits at
20 Gbps, the window duration is LAt =~ 6.4 ns, which is far
below the thermal time constant (7yp =~ 26 ms, see Table II),
so the thermal state is approximately constant within each
window. See Table III for a summary of these parameters.

Figure 10 summarizes the temperature dependence of Fuzzy
entropy for two gain characteristic temperatures T},. For strong
gain—temperature coupling (I, = 50 K), FE decreases sys-
tematically with increasing ambient temperature 7,., and
the class medians remain well separated. This indicates that
thermal feedback strengthens history-dependent distortion as

6The absolute BER levels (on the order of 0.15-0.26 at 20 Gbps) are
expected here because the receiver is intentionally simple and the device
bandwidth and self-heating jointly induce substantial ISI.
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Fig. 4: Small-signal steady-state characteristics versus injection current. Left: Optical output power (L-I). Right: Photon density (log scale).

Line style encodes gain—temperature sensitivity 7T:
temperature: Tomb = 25°C, Tomb = 90°C.
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Fig. 5: Impact of gain characteristic temperature T, on small-signal
behavior at Ipias = 20 mA and Thmp, = 25°C (simulation horizon
1 ps). Blue circles —— optical output power P, (left axis). Red
squares — junction temperature 7 (right axis).

the device heats. Interpreting FE as an unpredictability proxy,
the observed decrease is consistent with increased pattern
dependence: the slow thermal state restricts the set of ad-
missible short-horizon trajectories of P,y (t), so the output
becomes more predictable and FE drops. For weak coupling
(Ty = 500 K), FE changes only slightly with Ty, and the
distributions largely overlap, consistent with dynamics domi-
nated by the fast carrier—photon subsystem and only weakly
conditioned on temperature history. Consequently, temperature
inference from payload statistics is feasible only in the strong-
coupling regime. These trends are also consistent with the BER
results: configurations that are more thermally sensitive exhibit
a stronger FE-temperature dependence.

To isolate the stochastic contribution to FE, we artificially
degrade the default receive SNR of about 38 dB down to
roughly —20 dB by injecting zero-mean Gaussian noise into
each length-L window prior to feature extraction. Each noisy
window is then scaled as in Sec. IV-A2 and processed by the
same Fuzzy-entropy pipeline (see Table III). The results in
Fig. 11 show a monotonic increase of FE as SNR decreases.
From a dynamical system perspective, additive noise inflates
inter-vector distances in the embedded space and reduces the
probability that two k-histories that are close within radius r
remain close after one-step extension. Using the approximation

FE(k,r) ~ fln]P’(B;H_l(r) | Bk(r)),

Ty = 50K, oo Ty = 250K, -.... Ty, = 500K. Color encodes ambient

a decrease in this conditional probability yields a larger FE.
In the high-SNR regime (inset), FE rises gently because noise
perturbs near-threshold pairs while deterministic device dy-
namics still dominate. Below about 0 dB, the stochastic com-
ponent governs one-step evolution and FE increases rapidly,
progressively masking temperature contrast, as reflected by
the narrowing separation between the 20°C and 25°C curves.
Thus, at high SNR, FE primarily reflects deterministic thermal
memory and remains temperature-informative, whereas under
strong noise it largely tracks channel/front-end randomness
and becomes temperature-uninformative. Taken together, these
results indicate that the applicability of payload-based entropy
analysis is governed by two distinct mechanisms. Weak gain—
temperature coupling (large T})) constitutes a fundamental lim-
itation: when thermal feedback does not appreciably modulate
the carrier—photon dynamics, the optical waveform carries
little temperature-dependent structure, and no statistical post-
processing can recover it. Reduced SNR primarily obscures
otherwise present structure by elevating the entropy floor. In
this case, temperature observability is not fundamentally lost
but progressively masked by stochastic fluctuations, defining
an operational SNR regime for reliable inference.

Alternative complexity measures based on multiscale
coarse-graining and refined composite fuzzy entropy have
been proposed to improve the stability of entropy estimates
under noisy and short-length observations [55]; however, a
systematic evaluation of such variants in the present VCSEL
payload setting is beyond the scope of this work.

From an optical-device perspective, sweeping T, performs
a parametric study of the effective gain characteristic tem-
perature, which aggregates microscopic gain roll-off, cavity
detuning, and temperature-dependent internal losses. In the
exponential law g(T) = goexp( — (T — Ty)/Ty), the slope
of Ing(T') with respect to T' equals —1/7,, so smaller T,
corresponds to pronounced thermo-gain sensitivity. In this
regime, modest self-heating produces a substantial reduction
of modal gain, drives the net gain toward zero, and accelerates
roll-over in the L-I curve and photon density, consistent with
Figs. 4 and 5. The rate equations then form a slow—fast system
in which the junction temperature 7} is a slow variable that
parametrically modulates the fast carrier—photon subsystem.
The optical waveform is therefore strongly conditioned on 77,
and FE decreases because trajectories concentrate on a lower-
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Fig. 7: BER versus ambient temperature for two gain characteristic
temperatures Ty at Inias = 20 mA and I0a = 5 mA. BER is
computed without equalization; absolute values are therefore not link-
representative and are to illustrate relative temperature trends.
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dimensional manifold indexed by temperature. For larger T,
g(T) varies only weakly over the accessible thermal excursion,
the carrier—photon dynamics are closer to linear and only
weakly coupled to T, and FE becomes nearly temperature-
invariant, being governed instead by the drive statistics and
additive noise (cf. Fig. 11). In summary, the same parameter
that optical designers use to quantify temperature sensitiv-
ity also governs the observability of junction temperature
from payload data: strong gain—temperature coupling yields
a temperature-informative, low-entropy waveform, whereas
weak coupling yields a higher, noise-dominated entropy and
sets a fundamental limit on pilot-free temperature inference in
VCSEL.
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Fig. 9: Fuzzy entropy versus window size L for T, = 50 K (fixed
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Fig. 10: Box plots of Fuzzy entropy versus ambient temperature
for strong gain—temperature coupling (7y; = 50 K, blue) and weak
coupling (T, = 500 K, ).

E. Blind Temperature Regression

Following Sec. IV-A2, we train regressors of the form
T = R(FE) using Fuzzy entropy features extracted from
Pypi(t) (cf. Table III). Table IV reports mean absolute error
(MAE), root mean square error (RMSE), and coefficient of
determination (R?) for T, € {50,500}.

At strong coupling (T, = 50 K), Gaussian process regres-
sion (GPR) achieves the best accuracy (MAE ~ 3.7°C, RMSE
~ 4.8°C, R?~1.0), with Random Forest and a shallow multi-
layer perceptron performing comparably. These results confirm
that FE alone provides a temperature-informative, nonlinear
feature under thermally coupled dynamics. By contrast, at
weak coupling (T, = 500 K), all models degrade sharply
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TABLE IV: Regression Performance at T;=50 K and T;=500 K. Lower is better for MAE/RMSE; higher is better for R?. Features: Fuzzy
entropy from Pope(t) with k=2, n=3, r=0.2std, window L=128 bits.

TG = 50 TG = 500
Model MAE RMSE R? MAE RMSE R?
Gaussian Process 3.7 4.8 1.0 15.3 18.6 0.4
Linear Regression 12.5 14.4 0.6 19.8 22.8 0.0
Multi-Layer Perceptron 4.6 5.8 0.9 15.4 18.7 0.3
Random Forest 4.0 5.2 0.9 16.4 20.3 0.2
Support Vector Regression (RBF) 5.6 7.2 0.9 19.5 22.5 0.1
T T T
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Fig. 11: Fuzzy entropy versus receive SNR for strong coupling (1T, =
50 K) at two ambient temperatures (20°C and 25°C).

(e.g., GPR: MAE =~ 15.3°C, R?~0.35), reflecting the weak
dependence of FE on temperature when the device behaves
nearly linearly (cf. Fig.7).

Figure 12 illustrates predicted versus true temperatures for
the two best learners (GPR and Random Forest) at T, = 50 K.
Predictions align closely with the diagonal, with interquartile
ranges concentrated around the mean. A mild heteroscedastic
spread is observed at high temperatures, attributed to dynamic-
range compression of entropy and increased waveform vari-
ability near thermal roll-over. A slight underestimation at
the hottest points is consistent with saturation of FE. These
outcomes confirm that Fuzzy entropy of the received wave-
form can serve as a pilot-free proxy for internal temperature,
provided that temperature—gain coupling is appreciable.

VI. CONCLUSION

We have proposed a pilot-free method for estimating the
internal temperature of VCSELs by exploiting the statisti-
cal complexity of their payload waveform. Building on the
electro-thermal rate-equation model, we hypothesized that
thermal feedback introduces long-term dependencies into the
optical output, which can be quantified through Fuzzy entropy
as a single temperature-informative feature. The approach
requires no pilots, embedded sensors, or transmitter-side data,
making it directly applicable for in-service monitoring.

Simulation results confirmed this hypothesis: under strong
temperature—gain coupling (I, = 50 K), Fuzzy entropy
decreases monotonically with increasing ambient temperature,
enabling accurate regression with Gaussian Process models
achieving sub-5°C RMSE. In contrast, for weak coupling
(T, = 500 K), the entropy—temperature relationship is flat and

1

| |
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True Temperature (°C)

Fig. 12: Predicted vs. true temperature for the best regressors at
T,=50 K. Boxes show interquartile ranges across Monte Carlo
realizations and ambient temperatures.

regression performance degrades, consistent with the reduced
thermal sensitivity of the dynamics. Additional simulations
with injected noise showed that Fuzzy entropy increases when
stochastic fluctuations dominate, highlighting the method’s
operating regime and limitations.

Overall, these findings demonstrate that entropy-based pay-
load analysis provides a viable, low-cost proxy for monitoring
internal thermal dynamics in high-speed optical interconnects
when thermal coupling is appreciable. Future work includes
extending the framework to driver and receiver circuitry, mov-
ing beyond isolated device dynamics to capture full transceiver
behavior.
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