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Abstract. The GRIPS-N instrument maintains one of the longest-running records of mesospheric temperatures, derived from
OH(3-1) emission spectra in the near infrared. This study presents two deep neural network architectures for automating the
classification and temperature prediction of these spectra, trained on 11 years (2014-2024) of data manually classified by an
expert. A dual-branch one-dimensional convolutional classifier separates degraded spectra from those suitable for temperature
derivation, achieving a precision of 99.2% on a test set of 35456 spectra. A physics-informed temperature model, in which a
dense encoder extracts three effective peak intensities that are converted to temperature via the Boltzmann equation, achieves
a mean absolute error of 4.17 K and a median error of 2.80 K. Both models use approximately 50 000 trainable parameters and
train in minutes on a consumer GPU. The work serves as an informative resource and reference for the application of deep

learning in signal processing across a range of remote sensing applications in atmospheric science.

1 Introduction

Ground-based OH* airglow observations and the derivation of temperatures from these measurements constitute a valuable
tool for monitoring the upper mesosphere-lower thermosphere (MLT) region from multiple perspectives. First, they enable
long-term trend evaluation (e.g. Beig, 2011a; French et al., 2020, and references therein), which is increasingly important in
the context of a changing climate that produces divergent temperature responses across different altitude regimes. Second,
these observations provide insight into solar influences on the Earth’s atmosphere within the MLT (e.g. Beig, 2011b; French
et al., 2020). Third, they permit the detection of atmospheric waves and other periodic temperature fluctuations spanning a wide
spectrum of periods, from small-scale gravity waves and tides to planetary waves with periods ranging from days to weeks
(see Wiist et al., 2023, and references therein). These waves are crucial for transporting energy from the surface to the upper
atmosphere and constitute the primary drivers of large-scale global circulation (Holton, 1983; Andrews et al., 1987; Fritts and
Alexander, 2003). In addition to capturing and monitoring these processes, airglow observations offer advantages over satellite
measurements for long-term monitoring because ground-based instruments can be maintained throughout their operational
lifetimes. Such observations are conducted at numerous sites worldwide, providing a globally distributed network (e.g Bittner
et al., 2002; Mulligan and Lowe, 2008; French and Mulligan, 2010; Schmidt et al., 2013; Holmen et al., 2014; Perminov et al.,
2014; Garcia-Comas et al., 2017; Kim et al., 2017).

The time series of OH* (3,1) rotational temperatures recorded from Wuppertal represents one of the longest continuous records,
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with measurements initiated in the early 1980s, continuous observations beginning in mid-1987, and ongoing operation today
(e.g Bittner et al., 2002; Kalicinsky et al., 2016, 2024). These data have been obtained with two successive Ground-based
Infrared P-branch Spectrometer (GRIPS) instruments: the original GRIPS-II (Bittner et al., 2002) and its successor GRIPS-N,
implemented after detector failure and subsequent reconstruction (Kalicinsky et al., 2016, 2024). To ensure data continuity,
the temperature-derivation methodology has remained unchanged since its inception and is implemented in a semi-automated
workflow that incorporates several selection rules for spectra. For example, only spectra with a signal-to-noise ratio exceeding
six are retained, and those contaminated by clouds, street-level mercury lamps, or other interferences are discarded (Bittner
et al., 2002). Nightly mean temperatures are computed only when at least 25 spectra (corresponding to approximately 1.5 hours
of observation) are available. Prior to GRIPS-N, the requirement was one hour for high-quality spectra or two hours otherwise
(Bittner et al., 2002). Although the semi-automated pipeline now performs most processing steps, visual inspection of spectra
remains an integral component of the workflow as it was before (Bittner et al., 2002). Recent developments have opened new
possibilities for further enhancing the analysis. Following the advancement of modern techniques in deep learning, and by
leveraging over a decade of classified spectra, we are able to develop a more sustainable and efficient method for characterising
and filtering the spectra, as well as for rapid derivation of the corresponding temperatures. In this work, an algorithm based
on deep neural networks is constructed, allowing for automatic classification and filtering of OH spectra, as well as a custom-
tailored network that leverages the Boltzmann relations to derive the temperature from the three main peaks in the measured
spectra. This work touches on both the merit and importance of the specific data used here, and lays out an example framework
for how modern techniques in deep learning can be applied to modernise signal processing in atmospheric research.

The paper is structured as follows: Sect. 2 describes the GRIPS instrument and the analytical temperature retrieval from a
historical perspective. Sect. 3 presents the data preprocessing, dataset construction, and the classification and temperature re-
gression model architectures. Results from the classification and temperature prediction are presented and discussed in Sect. 4,

and conclusions are given in Sect. 5.

2 Instrument and Data
2.1 The GRIPS Instrument

The GRIPS-N instrument is a Czerny—Turner spectrometer equipped with a thermoelectrically cooled InGaAs detector (Kalicin-
sky et al., 2016). Excited hydroxyl (OH*) molecules in the upper mesosphere/mesopause region, concentrated in a layer at
approximately 87 km altitude with a thickness of roughly 9 km (full width at half maximum) (Baker and Stair Jr., 1988), emit
radiation in the near infrared. The instrument measures the emissions of the P1(2), P1(3), and P1(4) lines of the OH(3-1) band
between 1.524 um and 1.543 um, from which rotational temperatures representative of the emission layer can be derived (e.g.
Bittner et al., 2000, 2002). The instrument has collected data from Wuppertal (51° N, 7° E) since 2014 after the instrument re-
construction and the final set-up of GRIPS-N (Kalicinsky et al., 2016). Fig. 1 shows the complete times series of the GRIPS-N
nightly means from 2014 until the end of 2024.
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As with all real measurement data, sources of uncertainty require consideration. Data gaps arise primarily due to cloud cover,
which is the dominant cause of missing observations (Kalicinsky et al., 2016). Contamination from artificial light sources,
including a mercury (Hg) line at 1529.6 nm that contaminates the P1(3) emission, must also be accounted for and the corre-
sponding spectra have to be discarded (Bittner et al., 2002; Schmidt et al., 2013). Gravity waves in the mesosphere introduce
temperature fluctuations on the timescale of several minutes (Offermann et al., 2011; Kalicinsky et al., 2016), possibly adding

short-period variability to the measured signal which can be interpreted as atmospheric noise.
2.2 Temperature Retrieval

The following provides a general overview of the analytical treatment for deriving rotational temperatures from OH emission
spectra, as described in more detail by Sivjee and Hamwey (1987) and Bittner et al. (2000). The derivation is based on the
Boltzmann distribution, which governs the population of rotational energy levels in the OH molecule. When an excited OH*
molecule relaxes from a rotational state with quantum number J’ in an upper vibrational level v/, it emits radiation at a
characteristic wavelength. The intensity I of a given emission line is related to the rotational temperature 7} by

2(2J+1) -F
I=N,A : 1
Qv/ P ( kB Trot > ( )

where A is the Einstein coefficient of spontaneous emission, F’ the rotational term value of level J’, N, the population of

the upper vibrational level, @), the state sum, and kp the Boltzmann constant (Meinel, 1950; Schmidt et al., 2013). The
degeneracy factor (2J + 1) reflects the number of magnetic substates available to each rotational level. Since the population
N, and partition function @, are not directly accessible from a single measurement, three emission lines are observed and
their intensity ratios can be used to eliminate these unknowns (Schmidt et al., 2013). In practice the formula is rearranged by
defining g; = (2J; + 1) - A; for each of the three emission lines j € {1,2,3} corresponding to P1(2), P1(3), and P1(4), and
taking the logarithm of Eq. (1):

ln<;j> =— kB};{mt + const, 2)

so that T, can be determined from the slope of a linear fit through the three points (F}, In(I;/g;)) in the Boltzmann plane

(Mies, 1974; Sivjee and Hamwey, 1987; Bittner et al., 2000). The known Einstein coefficients and term values for each line
are taken from Mies (1974) and Krassovsky et al. (1962), with values Ap (o) = 16.742s™1, Fpy(2) = —42.0cm™"; Apy(3) =
20.367s ", Fpy3) =32.9cm ™5 Apya) =21.823s7", Fpy(4) = 138.4cm™'. Since the OH(4-2) R-branch overlaps with the
OH(3-1) P-branch an iterative correction is additionally applied (Lange, 1982; Schmidt et al., 2013).

Fig. 1 shows the complete data set of GRIPS-N nightly mean temperatures in the time interval 2014 to 2024. As noted in
the introduction, the mesopause temperature is highly variable, with fluctuations on timescales from minutes to years. Visual
inspection reveals a clear annual cycle which is the major part of the seasonal variation together with a semi-annual and a
ter-annual cycle (Bittner et al., 2000). Additionally, long-term variations such as an approximately 11-year modulation that
coincides with the 11-year cycle of solar activity, also visible in the number of sunspots and the solar radio flux F10.7 cm, and

potential long-period fluctuations are present (Kalicinsky et al., 2016, 2024).
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Figure 1. Long-term time series of nightly mean OH™ rotational temperatures derived from GRIPS measurements at Wuppertal.

3 Methods
3.1 Data Preprocessing

The raw dataset is comprised of 11 years of GRIPS-N spectral observations (2014-2024), where each measurement is an
emission spectrum of 301 intensity values across the OH(3-1) wavelength range. Before any model training, several filters
are applied to the dataset. First, rare cases with spectra containing negative intensity values are removed, which are caused
by instrument readout errors. Second, spectra contaminated by a mercury light source in the lab, which is turned on in rare
cases, are identified and discarded. The lamp produces a broad emission feature near 1529 nm that overlaps with the P1(3)
line. By comparing the mean intensity in the mercury emission window to the intensity baseline away from the OH peaks, with
a threshold ratio of 2.0, these cases can be safely pruned. Third, specific time periods during which the instrument showed

slightly increased noise characteristics, as for example in early 2020, are excluded.
3.2 Dataset Construction

The filtered dataset is split into training, validation, and test sets on a nightly basis, with nominal 70/20/10% split fractions. The
nights are randomly shuffled to avoid bias toward any particular time interval. All spectra from a given night are assigned to the
same set to avoid information leaking between splits. The training and validation sets are further restricted to nights containing
at least 100 spectra classified as good, thus, nights with rather good measurement conditions. The test set retains all nights for
a fair comparison against real conditions. This shifts the effective splits for train, validation, and test to ~64/16/20%. Fig. 1
shows all data colour coded for their individual use. Training on labelled data with a strong contrast between favourable and
unfavourable conditions (mostly due to cloud contamination) offers two advantages. First, it sharpens the model’s ability to
discriminate between the two classes. Second, it places intermediate cases along a more continuous gradient between extremes,

yielding output probabilities that better reflect the prediction confidence.
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After filtering, the training, validation, and test sets comprise 132 334 spectra across 733 nights, 34 430 spectra across 191
nights, and 35 456 spectra across 226 nights, respectively. In the training and validation sets, the class balance is approximately
83/17 good/bad, whereas the test set is approximately 60/40 due to the inclusion of nights with fewer good spectra. Example
good and bad-labelled spectra are shown in Fig. 2. To account for the class imbalance during classifier training, inverse-
frequency class weighting is applied so that both classes contribute equally to the loss function. It should be noted that the
figure shows only a single case of a poor quality spectrum, and there exist a wide range of nuanced cases where a spectrum

may not suitable for temperature retrieval.
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Figure 2. Example good and bad labelled intensity spectra. The good-labelled spectrum shows clear, resolvable OH(3-1) peaks, whereas the

bad-labelled spectrum shows peak degradation and increased noise.

3.3 Classification Model

The classification task is to determine whether a given spectrum is of sufficient quality for downstream temperature derivation.
Each input spectrum is first min-max normalised to the range [0,1], removing absolute intensity variations that depend on
atmospheric conditions and instrument gain rather than spectral quality. Since the classification decision depends on local
shape features in the spectrum, such as the height and width of individual peaks, the presence of artefacts, and the overall noise
level, a one-dimensional convolutional neural network (1D CNN) is employed. Convolutional layers apply a learned kernel
that slides across the spectrum, recognising patterns at each position without needing to re-learn the same feature at every

wavelength independently.
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The architecture uses a dual-branch design. The fine branch uses a small kernel size of 5 (covering approximately 1 nm),
making it sensitive to sharp features such as peak degradation, noise spikes, and narrow artefacts. The broad branch uses a
kernel size of 21 (approximately 4 nm), which captures the peak envelope and inter-peak structure in a manner analogous to the
Savitzky—Golay smoothing used in the analytical processing pipeline. Each branch is comprised of two convolutional blocks,
where each block applies a 32-filter convolution, followed by batch normalisation, a ReLU activation, and max pooling. Batch
normalisation rescales the activations between layers, which encourages a stable distribution during training. Max pooling
halves the sequence length at each stage, progressively broadening the effective receptive field of subsequent layers. The
outputs of both branches are concatenated and passed through a final convolutional block with 64 filters. A global average
pooling layer then condenses the spatial information into a single summary vector of fixed length, making the model insensitive
to the exact position of spectral features. Dropout with a rate of 0.3 is applied before the final sigmoid output to prevent the
network from becoming overly reliant on any particular set of learned weights.

The model is trained with binary cross-entropy loss, the Adam optimiser with a learning rate of 1072, a batch size of 128,
and early stopping on the validation loss with a patience of 10 epochs. The learning rate is reduced by a factor of 0.5 if the
validation loss does not improve for 5 consecutive epochs. The hyperparameters were determined empirically, and training
completes in several minutes on a consumer GPU. The classifier has approximately 50000 trainable parameters. The model

architecture is shown in Fig. 3(a).
3.4 Temperature Regression Model

As described in Sect. 2.2, the rotational temperature is determined by the relative intensities of the three P1 lines through the
Boltzmann relation (Eq. 2). Traditionally, these intensities are extracted through a series of signal processing steps: background
subtraction, peak fitting, and a recursive correction for the P1(4)/P2(4) overlap (Schmidt et al., 2013). Here, the signal process-
ing chain is replaced with a neural network encoder that learns to extract three effective peak intensities directly from the raw
spectrum, which are then passed through a fixed layer implementing the Boltzmann relation (Eq. 2) to yield temperature.

The encoder architecture is fully connected, consisting of a normalisation layer, dense layers of 128, 64, and 32 units with
ReLU activations, and a final layer of 3 units with softplus activations. The softplus activation ensures strictly positive output
values, which is required since they serve as inputs to the logarithm in Eq. (2). The output values do no correspond to true
physical peak intensities but serve as intermediate values which, when passed through the Boltzmann formula, produce a
real predicted temperature. The distinction is relevant because the P1(4) line overlaps with the P2(4) line, and the traditional
analytical pipeline requires a recursive correction to separate the two peaks. Since the neural network learns only effective peak
intensities, this effect is avoided entirely.

The Boltzmann layer implements Eq. (2) as a fixed, non-trainable operation. It computes y; = In(I; /g, ) for the three effec-
tive peak intensities, then performs a least-squares linear fit through the points (F},y; ), and finally returns Ty = —1/(kg - m)
where m is the slope. Since the physics of converting peak ratios to temperature is well understood, directly mapping the

learned effective peak intensities is both simpler and more efficient.
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| Input (301, 1)

Input (301,)

Min-max normalised
spectrum Raw intensities ¢

Fine branch (kernel=5) Broad branch (kernel=21)

I Normalization (adaptive) I

Conv1D(32, k=5) — BN — RelLU Conv1D(32, k=21) —» BN — RelLU
MaxPool(2) — (150, 32) MaxPool(2) — (150, 32) +
* * I Dense(128, ReLU) I
Conv1D(32, k=5) —» BN — RelLU Conv1D(32, k=21) — BN — RelLU
MaxPool(2) — (75, 32) MaxPool(2) — (75, 32) +

l I I Dense(64, ReLU) I

.

I Concatenate — (75, 64) |

¥

I ConviD(64, k=5) — BN — ReLU ‘ I

Dense(32, ReLU)

MaxPool(2) = (37, 64)

¥

Dense(3, softplus) l
» (1,1, 1]

I GlobalAveragePoolinglD — (64,) | ¢
+ Boltzmann Temperature Layer
I Dropout(0.3) | ln(ﬁ) = — Fj + const
+ 9j kB Tr()t

Dense(1, sigmoid) +
Pe[0, 1]

| Temperature (K) |

@ Local features (~1 nm)

@ Broader spectral structure (~4 nm) @ Trainable parameters
@ Combined multi-scale features @ Fixed physics

Figure 3. Architecture diagrams for the two neural network models. Parenthesised tuples denote tensor dimensions at each stage. Layers
are written as LayerType(units, activation), where k is the convolution kernel size and BN denotes batch normalisation. (a) Dual-branch
1D CNN classifier. The input is a spectrum with shape (301,1), where the second dimension is the single input channel required by 1D
convolution layers. (b) Boltzmann temperature model. The input is a spectrum with shape (301, ), passed through fully connected (Dense)

layers to extract three effective peak intensities, which are converted to temperature via the Boltzmann equation.

Unlike the classifier, the temperature model uses unnormalised intensity values as input, since the temperature depends on
the relative magnitudes of the raw peak intensities. A normalisation layer adapted to the training data statistics is used as the
first layer of the encoder to bring the input values into a suitable numerical range for training. For added robustness with respect
to outliers, the model is trained with Huber loss (§ = 10K), which behaves quadratically for small errors and linearly for large
errors. The Adam optimiser is used with a learning rate of 10~3, a batch size of 128, and early stopping on the validation
mean absolute error with a patience of 15 epochs. The number of trainable parameters in the model is ~50000. The model

architecture is shown in Fig. 3(b).
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4 Results
4.1 Classification Performance

The classifier is evaluated on the unseen test set of 35456 spectra from 226 nights, which includes all nights regardless of data
quality. For this study, precision is the key metric of interest, which represents the fraction of model-predicted good spectra
which are truly good. False positives are the most important cases to avoid because they contaminate the downstream temper-
ature retrieval with low quality data. The classification threshold is therefore set at P > 0.9, which is chosen to minimise false
positives and consequently maximise precision, whilst retaining a good quantity of accepted spectra per night for computing a
reliable nightly mean temperature.

Fig. 4(a) shows the confusion matrix at this threshold. The model achieves a precision of 99.2%, corresponding to 135 false
positives out of 17509 accepted spectra. Of the truly good spectra in the test set, 81.4% are retained after the P > 0.9 cut
(recall).

Fig. 4(b) shows the distribution of predicted probabilities for good and bad spectra, where a probability of O indicates a
confident prediction of bad and 1 indicates a confident prediction of good. The distribution is strongly bimodal, with the
majority of predictions concentrated near the extremes, indicating that the model has learned to distinguish good from bad
spectra with high confidence in most cases. The peak near zero is slightly sharper than the peak near one, suggesting that
strongly degraded spectra are easier to classify with certainty than high-quality spectra. Intermediate cases where the model
is less certain about whether the spectrum is good or bad typically correspond to spectra with mild degradation of the OH
peaks, where the signal is present but partially obscured by noise from cloud cover or other sources such as street lamps in the

presence of haze. These borderline cases indicate that the model could be improved with further architectural refinements.
4.2 Temperature Prediction Performance

The temperature model is evaluated on 19 639 good spectra from the test set with associated temperatures in the physically valid
range. Fig. 5(a) shows the spread of predicted versus actual temperature. Although a large fraction of the data is concentrated
around 200 K to 220 K, the model is able to predict extreme temperatures with very little visible systematic bias.

Fig. 5(b) shows the distribution of signed prediction errors. The model has a mean bias of 0.16 K, standard deviation of
6.22 K, and the 90th percentile error is 9.40 K. These uncertainties are well below the maximum of expected uncertainties in
the case of atmospheric noise and atmospheric fluctuations. The standard deviation for the temperatures for GRIPS-II and also
GRIPS-N during one night typically lies in the range from about 15 K during quiet times intervals up to more than 30 K in times
with large wave activity (Offermann et al., 2011). The standard deviation is the sum of atmospheric noise, instrument noise, and
atmospheric fluctuations such as waves (Offermann et al., 2011) and can be seen as an upper limit for the noise uncertainty in
quite time intervals. For comparison, an unconstrained dense baseline model (~ 681000 parameters, no analytical Boltzmann
layer) was trained on the same data. The Boltzmann model achieves slightly superior mean performance with less than 10%
parameters. This implies a significantly lighter training cost, and the model showed more stable behaviour in the tails of the

error distribution due to the physics-informed architecture.
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Figure 4. Classifier performance on the test set (35456 spectra, 226 nights) at the operational threshold P > 0.9. (a) Confusion matrix,
with percentages normalised per predicted class so that the diagonal cells represent the precision of each predicted class. (b) Distribution of
predicted probabilities for good (green) and bad (red) spectra on a logarithmic scale. The dashed line indicates the operational classification

threshold.

The temperatures reported here are computed on a per-spectrum basis. Nightly mean temperatures are obtained as the
arithmetic mean of the individual predictions. An alternative approach, in which all spectra from a given night are first averaged
and the temperature is then derived from the resulting mean spectrum, was also tested. However, the per-spectrum approach
was found to produce better agreement with the labelled dataset.

Fig. 6 shows the effective peak intensity ratios extracted from the model’s intermediate layer. As indicated in the sixth
network layer in Fig. 3(b), the input to the Boltzmann layer consists of three values [I1, I3, 3], whose ordering is fixed such
that I; corresponds to P1(2), I to P1(3), and I3 to P1(4). The ratios I5/I; and I3/1; can therefore be plotted as abstract
effective values learned by the model, acting as proxies for the true peak intensity ratios. The ratio space shows a smooth
temperature gradient, indicating that the network has learned a physically meaningful internal representation consistent with
the theory of Sect. 2.2.

To evaluate the accuracy of the model in predicting relative temperature changes, which is an important quantity when
studying wave activity in the atmosphere, the predicted temperature deltas are compared to the actual temperature deltas
on both a per-spectrum and per-night basis. Fig. 7(a) shows the per-spectrum concordance scatter, where consecutive spectra
within each night are compared, and Fig. 7(b) shows the per-night concordance, where nightly mean temperatures are compared
between consecutive nights. The directional prediction of the model is accurate to 91.5% on a per-spectrum basis and 97.3%
on a per-night basis. Table 1 presents the cumulative per-spectrum directional accuracy for selected magnitude thresholds. For
temperature changes of 2K or greater, the model predicts the correct direction 93.8% of the time. This rises to 96.0% for

changes of 5 K or greater, 97.9% for 10 K or greater, and 99.1% for 20 K or greater.
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Figure 5. Temperature model performance on the test set (19 639 good spectra). (a) Predicted versus actual temperature, coloured by kernel
density estimate. MAE = 4.17 K, median error = 2.80 K. (b) Distribution of signed prediction errors, coloured by count. The mean bias is

0.16 K with a standard deviation of 6.22 K.

Table 1. Cumulative per-spectrum directional accuracy by magnitude of actual temperature change. For a given threshold, the accuracy
indicates the fraction of consecutive spectrum pairs where the model correctly predicts the direction of change for all pairs with |ATycoual| >

the stated value.

|ATactual‘ > ACcuracy (%) n

2K 93.8 18 169
5K 96.0 16433
10K 97.9 13579
20K 99.1 8708

As a final test on data not seen by the network during training, Fig. 8 shows the nightly mean temperature for the entire 2025
calendar year, comparing the network prediction with the legacy pipeline. The expected seasonal trend is clearly visible, with a
maximum during the winter months and a minimum in the summer. The nightly mean absolute error is 0.18 K and the nightly
bias is —0.01 K. This uncertainty is far below the statistical uncertainty of a typical nightly mean temperature for the legacy

220 pipeline which is in the range of 1 to 3 K depending on the number of single measurements that enter the nightly mean (Bittner
et al., 2000, 2002; Oberheide et al., 2006).

The reference data are computed from nights with at least 20 spectra classified as good according to the criteria described
in Sect. 3.2. The two methods do not always retrieve a temperature from the same set of spectra: in some cases the first or last
spectra of the night are taken from the network but always excluded in the legacy pipeline as they may contain fluctuations or

225 noise because of the starting and ending process of the measurements, and in others the legacy pipeline rejects spectra because

10
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Figure 6. Effective peak intensity ratios I /11 and I3/I; extracted from the model’s intermediate layer, colour-coded by actual temperature.

The smooth temperature gradient confirms a physically consistent learned representation.

the recursive correction for the P1(4) overlap does not converge. For a fair comparison, the nightly means shown in Fig. 8 are
computed only from spectra which both methods classified as valid. It is visually clear, especially from the residual plot, that
the network prediction can be used as a substitute for the legacy pipeline, providing a modern and efficient method for the
retrieval of mesopause temperatures from OH airglow spectra.

230 The results shown in both Fig. 7 and Fig. 8 demonstrate that the uncertainty in the retrieved temperature relative to the
legacy pipeline is sufficiently small to support both per-spectrum directional analysis and per-night temperature analysis. The

framework used has general applicability to a wider range of spectral analysis techniques in atmospheric science.
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Figure 7. Directional accuracy of the temperature model. (a) Per-spectrum: predicted vs actual temperature change between consecutive
spectra within each night. (b) Per-night: predicted vs actual change in nightly mean temperature. Upper panels show the actual temperature

change count distribution, lower panels show directional accuracy of the network per bin.

5 Conclusions

The GRIPS-N instrument underpins one of the longest-running experimental datasets for measuring temperature trends in the
mesopause, a highly variable region of the atmosphere and an indicator of anthropogenic effects on the upper atmosphere.
Recent advancements in deep learning make it possible to automate and modernise the traditional signal processing pipeline
for classification and temperature prediction of OH emission spectra.

Using 11 years of GRIPS-N data (2014-2024), comprising over 202 220 spectra of 301 wavelength points each (Sect. 3.2),
this study presents two neural network architectures for spectral classification and temperature prediction. The dataset is split
at the night level into training, validation, and test sets, with nights randomly distributed across the full observation period to
avoid temporal bias.

The classifier (Sect. 3.3) uses a dual-branch one-dimensional convolutional architecture operating on min-max normalised

spectra. A narrow, 1 nm-wide kernel detects small scale spectral features, while a broader, 4 nm-wide kernel captures the
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Figure 8. Nightly mean temperature for the 2025 calendar year, derived from the legacy pipeline (dark) and from the network prediction

(red). The residual between the two retrievals is shown in the lower subfigure.

smoother spectral structure. On a test set of 35456 spectra from 226 nights, the classifier achieves a precision of 99.2% at an
operational threshold of P > 0.9 (Sect. 4.1), ensuring that false positives are minimised so that bad spectra do not contaminate
the downstream temperature retrieval.

The temperature model (Sect. 3.4) takes unnormalised spectra as input and uses a dense encoder to extract three effective
peak intensities, which are passed through a fixed Boltzmann layer that implements the known analytical relationship between
peak intensity ratios and rotational temperature (Eq. 2). On the test set of 19639 good spectra, the model achieves a mean
absolute error of 4.17 K, a median error of 2.80 K, and a 90th percentile error of 9.40 K. The directional accuracy of the model
in predicting whether the temperature increases or decreases is 91.5% on a per-spectrum basis and 97.3% on a per-night basis
(Sect. 4.2).

Both models use ~50000 trainable parameters and train in minutes on a consumer GPU. This work illustrates the potential
for deep learning techniques in atmospheric signal processing and facilitates the continued operation of one of the longest-

running experimental records of mesospheric temperature trends.
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