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Towards Neural-Network-Based Optical Temperature
Sensing of Semiconductor Membrane External Cavity Laser

Jakob Mannstadt and Arash Rahimi-Iman*

A machine-learning (ML) non-contact method to determine the temperature
of a laser gain medium via its laser emission with a trained few-layer
neural-network (NN) model is presented. The training of the feed-forward NN
enables the prediction of the device’s properties solely from spectral data,
here recorded by visible-/nearinfrared-light (VIS/NIR) compact
micro-spectrometers for both a diode pump laser and optically-pumped gain
membrane of a semiconductor disk laser. Fiber spectrometers are used for the
acquisition of large quantities of labeled intensity data, which can afterwards
be used for the prediction process. Such pretrained deep NNs enable a fast,
reliable and easy way to infer the temperature of a laser system such as our
Membrane External Cavity Laser, at a later monitoring stage without the need
of additional optical diagnostics or read-out temperature sensors. With the
miniature mobile spectrometer and the remote detection ability, the
temperature inference capability can be adapted for various laser diodes using
transfer learning methods with pretrained models. Here, mean-square-error
(mse) values for the temperature inference corresponding to sub-percent
accuracy of our sensor scheme are reached, while computational cost can be
saved by reducing the network depth at the here displayed cost of accuracy, as
appropriate for different application scenarios.

1. Introduction

The development and the design of various optical sensors has fa-
cilitated the monitoring of chemical compositions,[1] the human
physiology,[2] temperature in technical installations[3] and detec-
tion of anomalies, e.g., caused by fire,[4] to name but a few.
Optical temperature sensors often rely on the reflection, prop-

agation or interference of light that directly shines onto the object
of which the temperature shall be determined. A number of dif-
ferent techniques are known in this domain, such as those using
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distributed Bragg gratings, Fabry–Perot
microcavities or Raman and Rayleigh
scattering.[5,6] Fiber Bragg Gratings are
based on the wavelength shift of the
peak reflectivity due to temperature-
dependent refractive index changes. Con-
sequently, the change of the wavelength
can be employed as a temperature mea-
sure. In Fabry–Perot Interferometer the
change of the relative distance of the
mirrors due to the thermal expansion is
employed. Thus, the peak transmission
wavelength indicates the temperature in
this type of sensor. Sensing methods that
rely on direct backscattering of light from
the target for instance are based on Ra-
man scattering, where the ratio of anti-
Stokes and Stokes scattered light powers
is temperature dependent.[6]

In contrast, regarding light emitter de-
vices, one can directly access thermal
shifts for sensing properties. The quan-
tum defect and other LASER device or
LED inefficiencies will heat up the opti-
cal emitter system, which can cause a red
shift on the emission wavelength, e.g., of

the laser (gain spectrum). Such red shift can be employed to de-
duce the temperature of the emitter system. In semiconductor
lasers, it arises mainly due to shift in the gain spectrum of the
quantum well (QW) induced by a change in the band gap of
the gain material. In addition, a rise in temperature thermally
expands the typically employed microcavity of the laser system,
generating another red shift of the emission wavelength. How-
ever, the change due to the gain spectrum of the QW dominates
over the thermal expansion of the cavity.[7,8] The resulting overall
output modification can be a suitable indicator of the device tem-
perature.
To analyze the optical response, i.e., the light signal alterations

according to the sensing principle, complex or expensive tools
are typically employed, such as to probe wavelength shifts, pulse
properties, signal levels, and so forth. Thus, they require some
form of specialized detector or other additional devices to fulfil
one or more tasks.
In contrast to aforementioned methods, techniques can be

used which deduce temperature changes in an active medium
by modifications of its irradiation properties.[9,10] Here, instead
of having a mechanical or electronic sensor head in touch with
the emitter medium, its emission properties are directly ad-
dressed and evaluated. This can be beneficial in situations, where
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sensor contact to the emitter is not conceivable. Accordingly, no
additional extra optical information transfer link for the readout
and no separate temperature sensors for temperature monitor-
ing are needed.
At the example of a semiconductor gain medium under laser

operation, we demonstrate the analysis of its temperature by de-
tection and evaluation of its specific spectral signal changes. In
this context, such a “thermal fingerprint” represented by the di-
rect and clear dependence of a semiconductor disk laser’s spec-
tral signature on the device’s temperature is used in this work
for the training of multilayer feed-forward NN models towards a
temperature sensor based on the laser’s signal. Because the emit-
ter system is usually thermally coupled to its environment, such
as the substrate or carrier, which in most cases is considered as
the heatsink’s body, or the local part of a photonic chip etc., it can
be considered as a sensing device. The direct analysis of collected
laser light from the “optical sensor” device can be used for long-
time temperature observation of far away lasers or remote objects
that carry a laser, for which the spectral shift arises due to temper-
ature differences with regard to the device’s reference tempera-
ture. Our concept enables a non contact and long-distance exami-
nation of a gain-medium temperature and therewith a pathway to
semiconductor-technology based miniaturized sensor elements,
which for instance can be remotely probed by merely a simple
miniaturized spectrometer coupled to a ML model.
Here, we investigated two lasers, which emit in the NIR spec-

tral range at around 800 and 1070 nm, respectively, with a com-
pact NN architecture after hyperparameter optimization. Partic-
ularly, the detection was pursued with two cost-effective minia-
ture spectrometers, which span spectrally-different wavelength
regions between 400 and 1700 nm. In this work, we demonstrate
the temperature deduction performance for ourmost performant
example configuration.

2. Experiment and Computational Methods

In order to acquire sufficiently enough data to train an NN, three
spectrometers of similar type are employed for capturing labeled
spectra at the same time - by that providing a connection between
the three equally labeled captures. With the help of three similar
yet different spectrometers owing to their different wavelength
ranges, signal to noise ratios and their manufacturing-related de-
viations, it is possible to provide the network with slightly dif-
ferent spectra to prevent the network from overfitting and in-
crease the robustness of our model. These spectrometers em-
ployed were deemed suitable to capture the laser signal due to
their device characteristics. Therefore, the chosen spectrometer
should have an appropriate resolving power of the emission line
and a high signal to noise ratio. Moreover, concerning machine
learning tasks, they should enable facile software integration and
rapid data acquisition capacity for lab-task-tailored big data collec-
tion and processing. To fulfil these requirements, spectrometers
of the type PEBBLE from IBSEN Photonics[11] are chosen.
Figure 1 sketches the experimental setup for the ML process

principle for temperature regression by a trained NN. The emis-
sion spectra of the laser system are captured by the spectrometer
and are labelled with their corresponding temperature according
to the digital read-out of the respective heat sink temperature. Af-
terwards, the prepared spectra are delivered for use as the input

to the NN. In the training process, the regressor-type NN model
learns tomap the input values to a temperature as part of a super-
vised learning setting for the prediction task. After the learning
process, the network can predict the temperature merely based
on a later provided input spectrum.
In this aforementioned setup there are two crucial issues for

the task. Firstly, the proper spectra acquisition with the correct la-
bel, and secondly, the preparation of the data for the NN. Figure 2
with its more detailed representation of the data acquisition con-
figuration addresses the first point. Note that this sketch shows
quite accurately where the fibers, laser, powermeter sensor head
and so forth are placed during the measurement, using the op-
tical setup’s geometrical arrangement, and locates core items –
other than the peripherical tools – properly and in proportion to
the cm positions on the table. However, the actual placements
were done arbitrarily and, accordingly, the arrangement could
have been chosen differently as well.
Both visible-light spectrometers depicted (PEBBLE “VIS 1”

and “VIS 2”) cover a wavelength range between 400 and 1100 nm
with a typical spectral resolution of 8 nm for the incorporated
entrance slit width and type of transmission grating. The line-
array detector in these spectrometers is aHamamatsu S14739.[12]

The near infrared spectrometer (PEBBLE “NIR”) covers a spec-
tral range between 900 and 1700 nm with a specified spectral
resolution of approximately 12 nm owing to the given set of in-
corporated transmission grating and line-array detector for in-
frared signals. This type of NIR spectrometer has a Hamamatsu
G13913 detector.[13] Fiber 1 is connected to VIS PEBBLE 1 and
points from behind the Membrane External Cavity Surface Emit-
ting Laser (MECSEL) device[14] towards the overall open-cavity
optically-pumped laser system and thus effectively collects stray
light originating from both the pump laser and the MECSEL.
Fiber 2 similarly does, though at a different ratio in peak intensi-
ties, and is connected to a fiber-type 50: 50 splitter, which guides
the light to both the VIS PEBBLE 2 and the NIR PEBBLE. Due to
the focus onMECSEL signal, and because the NIR PEBBLE does
not detect pump-laser light, fiber 2 is located rather next to the
laser system, but pointing also in the direction of the laser beam
blocked by the power-meter sensor head to collect stray light pre-
dominantly from the outcoupledMECSEL beam after a long pass
filter, which attenuates the pump laser light in the laser’s external
beam path. Nonetheless, the positions for both fiber tips (detect-
ing facets) are chosen arbitrarily with the aim to record spectra
with meaningful signal strength variations for the laser system,
to artificially create and mimic power variations for the detected
laser lines. In this work, we deliberately chose to develop a power-
independent model, primarily with remote sensing applications
in mind—where access to the detection point may be limited or
restricted. In such scenarios, real-time knowledge of the actual
pump power may not be available or reliable, making it chal-
lenging to incorporate it effectively for inference. In other use
cases, e.g., where spectral intensity relationships remain undis-
torted, other system parameters such as the signal strengths or
intensity ratios could become relevant for robust inference pro-
cedures, as well as auxiliary machine learning parameters. Two
example spectra are shown in Figure 2b,c for the VIS spectrom-
eter and NIR spectrometer respectively. The black vertical line
shown in the NIR spectrum indicates the detection limit of that
spectrometer.
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Figure 1. a) Sketch of the working principle. The laser signal from our employed semiconductor device is captured by spectrometers, two for the VIS
and one for NIR spectral range. The captured spectra are prepared for insertion into the NN when matching the input layer structure. After training with
labeled data, the few-layer NN model infers the temperature owing to a supervised learning technique. For a given input spectrum, a temperature value
is deduced.

The laser system consisting of the MECSEL and the pump
laser emits signals with different characteristics. While theMEC-
SEL has a central wavelength of about 1075 − 1080 nm at con-
sidered operation temperatures with a full width half maxi-
mum (FWHM) of approximately 4.9 nm, the pump laser oper-
ates at a central emission wavelength of about 804 − 808 nm
with a FWHM of 4.2 nm, according to our measurements with
the VIS PEBBLEs. The FWHM is specified here at a temper-
ature of 20 °C. The power curves of both lasers are depicted
in the Appendix D. During the measurements of tempera-
ture dependent spectra the pump laser is operated at a out-
put power of Ppump ≈ 9W, based on a fixed diode current.
While the MECSEL can deliver output powers around 3W at
the 10W pump level at room temperature when carefully read-
justed, the here given power levels at 20 °C around 2.2W (mea-
sured for the MECSEL at every spectrum acquisition process)
could be maintained for a long working period without read-
justment of the laser optics even after ramping the tempera-
ture between 15 and 25 °C multiple times. Note that the exact
power measured may have varied slightly through different mea-
surements the temperature changes, both in the chips and de-
vice environments, be it actively or passively induced through
temperature controllers or environmental influences. According
to the displayed representative power curves, the MECSEL sys-

tem’s electrical-input to optical-output efficiency is approximately
11%.
The temperature of the pump laser is controlled by the wa-

ter cooling/chiller system (model MRC150/300, Laird Thermal
Systems[15]). The temperature of the MECSEL is controlled by the
thermo electric controller (model 1091, Meerstetter engineering[16]).
Both temperatures can be set independently. For a given tem-
perature range (here: 15 °C − 25 °C) the setup can automatically
sweep through the temperatures in pre-defined steps and capture
an arbitrary number of spectra for each temperature. Every spec-
trum recorded gets labelled with the corresponding temperature
and the measured power of the laser. The laser power is mea-
sured with a power meter (model PM100-A, Thorlabs[17]) in the
beam path behind the outcoupler mirror and behind a long-pass
filter (edge around 850 nm).
For the training of the NN, spectra in the range from 15 °C to

25 °C in steps of 0.2 °C are recorded. In addition to the recorded
data, auxiliary data are generated which incorporate shifted spec-
tra (here shifted by ≈20 nm) to ensure that the absolute wave-
length of the laser system does not matter during the testing and
also for uncoupling the laser line’s spectral position/signature
from the detector pixel location. Note that the shift is applied
to both laser lines accordingly. A corresponding noise part of
the spectrum is copy-pasted to fill the side and complete the
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Figure 2. a) Sketch of the measurement arrangement for the acquisition of the laser system’s spectral signature. Laser light is detected after back-
scattering in free-space from an arbitrary screen (here power meter sensor head) by the fiber-coupled (orange lines) mini-spectrometers’ detector for
individual temperature settings. Here, the close-cycle water cooling (tubes drawn in red) and thermo-electric cooling device (wiring drawn in blue) act
simultaneously for temperature control of the membrane gain chip, both adjusted and monitored software-wise. b) VIS raw spectra as recorded after the
50:50 (%) splitter on the respective fiber-coupled spectrometer (fiber 2). c) NIR raw spectra as recorded after the same beam splitter on the respective
fiber-coupled spectrometer (NIR). The minimum detectable wavelength is indicated by a vertical black line at 900 nm.

spectral range of the captures to match that of original data. Real
spectra and auxiliary data combined compose a set of approxi-
mately 268.000 spectra. However, only the 134.000 captured orig-
inal spectra are used to train and test the model, whereas the
shifted spectra are used to validate the model afterwards. The
table in the results section with mse listings refers to the valida-
tion with these shifted spectra. For a better comparison, a refer-
ence table of the mse during the (self)-training is given in the
Appendix in Tables A1 and A2, respectively.
To address the second crucial issue, that is, of preparing the

data, Figure 3 indicates the preparation steps. In order to train
the network efficiently, all spectra undergo the same preparation.
Since a temperature change induces a shift in the emission sig-

Table A1. Results of the 5-layer deep network trained with the original
recorded data prepared as explained in the main text. These mse were
achieved by the model after the end of the learning process before the
validation with the shifted data.

Learning Data VIS VIS + NIR

Test Data NIR VIS VIS 1 VIS 2 NIR VIS VIS 1 VIS 2

mse 0.2 °C steps 9.47 0.07 0.06 0.08 3.26 0.07 0.06 0.08

mse 0.5 °C steps 9.89 0.07 0.06 0.08 3.60 0.07 0.06 0.09

mse 1 °C steps 10.16 0.07 0.06 0.09 3.88 0.07 0.05 0.09

nal spectrally, the absolute wavelength is not suitable for the in-
ference of the temperature out of the given signal, as this can
lead to the effect that in the sensor-deployment case an origi-
nally slightly de-tuned laser is interpreted as a shift of temper-
ature, even though the change originates e.g from design, pro-
duction or other technical differences for the same device cat-
egory/chip type (thermal dependencies). To account for this, a
reference spectrum at a chosen temperature, in this case 20 °C,
is generated. The wavelength axis is then transformed to a rela-
tive spectrum using a central wavelength obtained from the ref-
erence spectrum. The reference value can for example be found
by extracting the central emission wavelength with a Gaussian fit
to the reference spectrum as depicted in Figure 3. The relative

Table A2. Results 5-layer deep network trained with the data set containing
only spectra without the pump laser. The datamse values were taken again
from the last iteration of the learning process.

Learning Data VIS VIS + NIR

Test Data NIR VIS VIS 1 VIS 2 NIR VIS VIS 1 VIS 2

mse 0.2 °C steps 10.74 0.68 0.90 0.46 3.22 0.91 1.34 0.47

mse 0.5 °C steps 11.28 0.77 1.07 0.48 3.63 0.97 1.41 0.53

mse 1 °C steps 11.64 0.86 1.22 0.50 3.89 1.05 1.51 0.59

Adv. Sensor Res. 2025, 4, e70009 e70009 (4 of 10) © 2025 The Author(s). Advanced Sensor Research published by Wiley-VCH GmbH
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(a) (b)

Figure 3. a) The reference wavelength is found by a Gaussian fit to the obtained spectra at the chosen reference temperature. Afterwards, the relative
wavelength axis is generated. The obtained spectrumwith the rescaled intensities exhibits the reference wavelength signal at 0. These data. i.e., the tuples
of (relative) wavelength and intensity, become the input of the used ML model. b) Structure of the deployed 5-layer NN. The input layer is followed by a
layer to flatten the 2 dimensional (D) input into a 1-D vector with alternating wavelength and intensity values (of type float numbers). The following three
layers are fully-connected (dense) hidden layers with 256 units in each layer. The output layer consists of a single unit for the output of the temperature
(float).

wavelength axis is then obtained according to the simple expres-
sion 𝛿𝜆 = 𝜆 − 𝜆ref where 𝜆 is the measured wavelength and 𝜆ref
the reference value. The signal axis (i.e., the intensity counts) will
then be rescaled such that its values have a mean of zero and a
standard deviation of one. This ensures that all features have the
same order of magnitude and, thus, the NN can fit the weights
properly.[18] Afterwards, the counts and the corresponding wave-
lengths get combined so that one obtains 256 tuples (li/𝜆i with
counts and wavelength for each 256-entry long spectrum with i
as pixel counter, i.e., array position). This 2D structure is the in-
put to the NN. The first layer of the NN is a flatten layer to flatten
the 2D structure of the input to a 1D vector with alternating wave-
length and intensity entries.

3. Results and Discussion

For the training process a 5-layer deep NNwith 3 hidden layers is
used. The 5-layer NN was chosen through a grid-search from the
python scikit module. Attention has been paid to both accuracy
and computational resources, so that the 5-layer network appears
more potent compared to shallower NNs of the same type but at
the same time it is good enough that deeper architectures and
complexity of the model appear unfavorable and not profitable,
as the precision gain for more than 5 layer is low compared to

the extra cost in computational effort. In addition, suitable hy-
perparameters are found with the same grid-search. In this work,
the sigmoid activation function, 256 units in each hidden layer, 25
epochs (cycles of error minimization with Adam optimizer[19]) of
learning and a batch size of 50 are used. Note that these parame-
ters are only the best within the performed grid search and there
might be even better combinations that were not checked here.
For the training procedure, the originally recorded and input-
prepared data set of 134.000 spectra is split into 70% for train-
ing and 30% for testing during the learning phase. The whole
20 nm shifted auxiliary data set of 134.000 spectra is used solely
for (post-learning) performance testing, i.e., validation. The mse
for different laser–spectrometer pairs in the validation process
are summarized in Table 1. The left side of the table shows the
mse when the model was trained with spectra from the VIS spec-
trometer only. On the right side, VIS and NIR spectra were used
to train themodel. The row “Test Data” showswhich kind of spec-
tra were used for testing or validation, e.g., from one or two differ-
ent spectrometers (“NIR,” “VIS1,” “VIS2,” or both VIS devices,
short “VIS”). The three different step sizes (table rows) show the
impact on the inference result when the temperature steps in
sweeps are differently coarse for data used in the training and val-
idation process. For comparison, themse during the (self)-testing
in the learning phase for the case “VIS + NIR” learning data and
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Table 1. Performance test for the 5-layer deep network tested with a 20 nm
shifted data set without retraining the network to the shifted spectra. The
network is trained with the real recorded spectra only. For reference, the
rms, that is the square root of the mse, is provided in the last row as well,
since the rms is a typical measure for sensors. However, due to the Neu-
ral Net’s inner handling of the value mse by its error function, the mse is
referred to throughout the article. This allows directly comparing the error
rate output from the training process with one’s own performance tests
with previously unseen spectra after training.

Learning Data VIS VIS + NIR

Test Data NIR VIS VIS 1 VIS 2 NIR VIS VIS 1 VIS 2

mse 0.2 °C steps 9.41 0.04 0.05 0.04 2.83 0.04 0.04 0.04

mse 0.5 °C steps 9.85 0.04 0.04 0.04 3.08 0.05 0.04 0.05

mse 1 °C steps 10.12 0.04 0.04 0.04 3.30 0.04 0.04 0.05

rms 1 °C steps 3.18 0.2 0.2 0.2 1.82 0.2 0.2 0.22

“VIS” testing data reached values as low as ≈0.06, which is sim-
ilar to the mse obtained from the presented validation step. The
validation solely relies on the auxiliary data with 20 nm shifted
spectra after input preparation, without retraining the NN to the
previously “unseen” shifted spectra. For comparison purposes,
the mse obtained as a result of the learning procedure after the
last training epoch is summarized in Table A1 (Appendix A).
When trained only with VIS spectra, the model has prob-

lems inferring from the NIR PEBBLE data, as expected. How-
ever, adding the NIR spectra to the training data improves the re-
sult significantly, whenMECSEL data without pump line are part
of the evaluation process. The VIS spectra reach an mse below
0.1 °C, while the NIR spectra remain in the range of ≈3 °C, in ac-
cordance to the influence of the spectrometers’ resolving power,
i.e., the capability of the used spectrometer to resolve the small
shifts of the emission wavelength in the captured spectra. This
indicates that a suitable spectrometer– laser pair should be used
and that a calibration of the spectrometer–laser system might be
helpful. In addition, the accuracy with the pump laser signal is
higher compared to the MECSEL signal (linewidth diode pump
laser ≈4.2 nm, linewidth MECSEL≈4.9 nm, c.f. Appendix B). Ac-
cordingly, this results from the resolving power in combination
with the linewidth of the laser lines. Because the linewidth of
the pump laser is about 20% narrower than the linewidth of
the MECSEL, the trained NN can more accurately infer temper-
atures from the predominantly contributing pump laser signal;
in simple words, the NN will likely focus on the line from which
temperature-related behaviors are most obvious, the diode laser
here. To test this hypothesis, a data set with artificially removed
pump laser from the spectra is fed into the NN for the training,
testing and validation of the network in the same way as before.
The results of this check are given in Table 2. For a comparison
to results directly obtained from the training procedure, a corre-
sponding mse overview is given in Table A2.
Clearly, themse become worse when excluding the pump laser

line. This is understandable due to the fact that the pump laser
line can be better resolved in the spectrometer, and thus, the shift
can be detected more easily. Accordingly, temperature inference
can become improved, or for broader lines worsened. As the vali-
dation data consists of shifted spectra, it is visible that the relative
wavelength approach overcomes the bottleneck of the recorded

Table 2. Test for the 5-layer deep network trained with the same hyperpa-
rameters as above but this time the pump laser is artificially removed from
the data. Afterwards, the relative shift was applied without retraining the
network to the artificially altered spectra.

Learning Data VIS VIS + NIR

Test Data NIR VIS VIS 1 VIS 2 NIR VIS VIS 1 VIS 2

mse 0.2 °C steps 10.91 0.43 0.57 0.28 2.76 0.70 1.09 0.30

mse 0.5 °C steps 11.36 0.50 0.67 0.33 3.06 0.75 1.14 0.36

mse 1 °C steps 11.75 0.51 0.68 0.33 3.28 0.77 1.15 0.39

“absolute” wavelength and ensures a temperature inference inde-
pendent of the absolute wavelength. This enables amore versatile
prediction of the temperature for a given spectrometer–laser pair
configurationwithout transfer learning involved, e.g., accounting
for production tolerances. Note that one can also train the net-
work without the relative wavelength axis only with rescaled fea-
tures. However, this limits the system to an absolute wavelength
information. Nonetheless, when operating a stable laser system,
where no major changes of the emission wavelengths (e.g., mod-
ejumps, production variations, power-induced shifts etc.) are ex-
pected, the inference of the temperature can be comparably pre-
cise as with the relative wavelength information. For a suitable
laser– spectrometer pair with a reasonable resolving power of
the laser emission line, in the case of involving the pump laser
and absolute wavelength scale a mse of 0.13 °C is found. This is
slightly worse than the primarily discussed approach, but still ac-
curate enough for a range of possible use cases such as long time
temperature monitoring where trends matter more than abso-
lute temperatures. If the model is trained with heavier and more
complex data sets featuring different laser signatures, e.g., with
a removed pump laser or with data paying attention to power-
dependent issues or other aspects of the signal properties, cer-
tain limitations could typically be overcome to some extent at the
cost of computational load and data complexity. Correspondingly,
in effect, we highlight here the advantage of a compact configu-
ration and ressource effective approach. Moreover, smaller net-
works with less layers or less units can be used. However, this
comes with the risk of reducing the precision a bit, or leading to
a tendency of underfitting data, but it may well enable resource-
saving in cases where this might be critical and accuracy is not
the most important consideration. With a network consisting of
3 layers and 256 neurons in each layer amse of ≈0.14 °C is found
when trained with VIS +NIR data and tested with data from VIS
PEBBLE 1, i.e., with data that contains both the MECSEL and
pump laser line. Compared to the 5-layer network the accuracy
dropped slightly but the model is still able to infer the tempera-
ture up to the first decimal point.
Instead of using a regressor network, one could also investi-

gate the performance of a classifier network. In order to do so,
one would need to group the temperatures into classes before
training the network. This, however, has the limitation that the
prediction (i.e., sensory) resolution is fixed as soon as the classes
are fixed but enables to set the temperature resolution before-
hand. Furthermore, long time laser signal observation could be
utilized in future model developments to train such NNs to pre-
dict target property alterations, changes based on temperature
changes and time-trace specialized network architectures could

Adv. Sensor Res. 2025, 4, e70009 e70009 (6 of 10) © 2025 The Author(s). Advanced Sensor Research published by Wiley-VCH GmbH
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Figure B1. Averaged recorded intensity data shown in line spectra for temperatures between 15 °C and 25 °C. The sets of spectra are each normalized
with respect to their highest occurring counts for the displayed temperature sweep. The individual color-code from dark to bright (blueish colors, pump
laser, left column) and bright to dark (reddish colors, MECSEL, right column) indicates the change from a cold to a warm operation temperature. Each
row corresponds to one of the spectrometers. The first row presents spectra captured by PEBBLE VIS 1, the second row those captured by PEBBLE VIS
2. The third row contains spectra recorded with the PEBBLE NIR. Because the NIR spectrometer cannot acquire the pump laser line, the last row only
displays MECSEL signal.

lead to effective monitoring tools regarding external influences
on selected emitter properties.
In addition to the here reported functionality, machine learn-

ing image-/video-analysis tools could be used to detect signal
anomalies in time series. Through the flexibility of the ML mod-
els, they can be adjusted for the given device parameters, configu-
rations and their applications, including in precision with respect
to computational needs as well as application requirements.
If the application requires a broader temperature range than

the here examined/presented, the range can be expanded by
transfer learning of the existing NN, or by a new training of a
machine-learning model with data sets covering wider temper-
ate ranges. Furthermore, the use of a spectrometer with higher
resolution with a capture of spectrally narrower emission would
potentially improve the accuracy. Nonetheless, the method pre-
sented here aimed at enhancing the accuracy obtainable with
cost-effective coarsely-resolving spectrometers due to the advan-

tages of NNs, mainly pattern recognition abilities that enable re-
liable evaluation of noisy or sparse data (cf. Appendix C).
Besides applications in temperature sensing, such NNmodels

can be used to investigate and infer other laser parameters (cf.
recent examples in the field of laser examinations/ultrafast pho-
tonics by, e.g., D. Zibar et al.[20] andG. Genty et al.,[21] to name but
a few), such as pulse duration or cavity parameters from spectral
signatures of a laser system, benefiting from transfer learning
capabilities for pre-trained models in combination with suitable
and sufficiently large data sets.

4. Conclusion

We demonstrated a compact NN system with the capability to in-
fer the temperature of two semiconductor lasers by a machine-
learning method based on analysis of their recorded spectral
signature. In combination with miniature spectrometers in the

Adv. Sensor Res. 2025, 4, e70009 e70009 (7 of 10) © 2025 The Author(s). Advanced Sensor Research published by Wiley-VCH GmbH
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Figure C1. Example of a thermal shift coefficient determined for the diode pump laser and the MECSEL. The central wavelength was automatically
extracted by a Gauss fit to averaged spectra from repeated recordings for each temperature setting. Error bars corresponding to the square root of the
variance.

VIS and NIR spectral range with sufficiently high resolving
power concerning the signal of interest, the accuracy reached
as good as about 0.05 °C. This can be precise enough for pos-
sible remote/contactless sensing applications or for miniatur-
ized emitter-based sensor elements with micro-spectrometers.
This concept enables a non-contact and long-distance examina-
tion of a gain-medium temperature and therewith a pathway to
semiconductor-technology based miniaturized sensor elements,
which for instance can be remotely probed by merely a simple
spectrometer coupled to a machine learning model.
Moreover, RecurrentNNs, RNNs, designed to remember se-

quences of inputs over longer periods can help to perform pre-
diction tasks over longer periods, thereby enlarging the use cases
of our study due to its ability to recognize temporal evolution. By
capturing temperature temporal dependencies, real-time appli-
cation of the machine learning model with signals/systems vary-
ing dynamically over time could be addressed effectively. Com-
bined with the ability of ConvolutionalNNs, CNNs, to extract
spatial features, spectral monitoring could be done with known
correlations between sensor signals and different environmen-
tal impacts, improving the ability to differentiate between mul-
tiple wavelength shift causes sufficiently for a given application
scenario.

Appendix A: Comparison Tables for the
Mean-Squared-Error Values

For comparison to the validation Tables 1 and 2 given in the results
section, here the mse during the self testing at the end of the learning
process is provided. The hyperparameters (epochs, optimizer, batch size
etc.) of the model as well as the data input preparation (rescalings) are
the same.

When comparing these values with the validation values, it can be seen
that the validation mse is even below the one for the in-training testing.
This most likely originates from the fact that the validation data set with
134.000 auxiliary spectra contains significantly more data points than the
in-training test set, which is made up of only 30% of the 134.000 (original)

spectra. Thus, the spread reduces and high mse values tend to lose their
impact resulting in a lower mse.

Appendix B: Representative Temperature-Tuned
Spectra

Here, spectra indicating the spectral shift from bright to dark colors,
between 15 and 25 °C, for the diode laser (left) and for the MECSEL (right)
are shown in Figure B1. The first row is captured by the VIS spectrometer
1, the second by VIS spectrometer 2 and the last by the NIR spectrome-
ter. The linewidth is obtained through averaging all recorded spectra for
the same temperature setting and applying a Gauss fit to it, from which
the FWHM value is extracted as the linewidth. For the here used laser sys-
tems, the linewidth is ≈4.2 nm and ≈4.9 nm for the diode laser and the
MECSEL, respectively.

Appendix C: Thermal Shift Coefficient

In order to display the benefits of the NN approach compared to the
well known technique of fitting the emission peak by, e.g., a Gauss fit to
get extracted central emission wavelengths of the laser plotted against the
temperature for the consecutive determination of a laser’s thermal shift
coefficient, two examples for our spectrometers are given in Figure C1. It
can be seen that with our devices (spectral resolution around 8 nm and
12 nm for these VIS and NIR spectrometers according to their product
specifications, respectively) the coefficient extraction can be ambiguous,
as the error bars obtained as the square root of the variance of each data
point (averaged spectra) are relatively large for both lasers.

To obtain an average thermal shift coefficient for each laser, all spec-
trometers were used to obtain the respective coefficient as averaged over
all spectrometers to become 0.25 ± 0.08 nm/K for the MECSEL, and 0.27
± 0.02 nm/Kfor the diode laser, where the errors represent the standard
deviation from the average. This on the one hand indicates that the ex-
tracted thermal shift coefficient can deviate within different series recorded
at different temperature increment rates, as shown in in the Figure C1. On
the other hand, there are also minor deviations among recorded coeffi-
cients when evaluating spectra of the individual spectrometers employed,
concerning the standard deviations spanning about 10–30% of the mean
value. Accordingly, extracting meaningfully precise thermal shift coeffi-
cients for later reference use can be a challenge. To achieve such properly,

Adv. Sensor Res. 2025, 4, e70009 e70009 (8 of 10) © 2025 The Author(s). Advanced Sensor Research published by Wiley-VCH GmbH
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Figure D1. Representative input–output power curves of the pump laser (left) and the MECSEL (right) obtained at a time before conducting the ex-
periment. The slope efficiency of the diode laser is approximately 54.1%, while the slope efficiency of the MECSEL is approximately 26.7%. The lasing
thresholds for the pump laser and the MECSEL are approximately 3.1W and 0.9W, respectively. The input power to the MECSEL corresponds to the
output power of the pump laser.

a spectrometer with sufficiently high resolution and a stable laser with well
defined temperature behavior is needed. In contrast, themachine-learning
based input–output mapping method with NNs presented here, however,
allows non-contact remote sensing even with the compact, robust, mobile
and cost-effective devices, additionally not restricting the user to strictly
linear temperature responses – neither over smaller nor larger examina-
tion ranges.

Appendix D: Power Curves of the MECSEL and the
Pump Laser

Representative power curves (Pin vs. Pout) of the MECSEL laser and the
pump laser are provided here, additionally. This gives an overview of the
input–output characteristics. Both power curves were measured at a tem-
perature of 20 °C and the input power is first ramped up form 0 to 10W
and then ramped down again. The electrical power input to the pump laser
is provided by a DC power supply. The lasing output from this diode laser
(detected after the pump optics by a thermal power-meter sensor head)
becomes the incident optical pump power of the MECSEL. The lasing
thresholds for the pump laser and the MECSEL are approximately 3.1W
and 0.9W, respectively Figure D1.
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