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ABSTRACT. The main science goal of the PLAnetary Transits and Oscillations of stars mission is
to detect and characterize extrasolar planets around solar-type stars. For this pur-
pose, the telescopes developed for the mission have a focusing system consisting
on to tune the thermal surrounding of the opto-mechanics for achieving the optimal
focus. We propose an alternative method for determining the best focus tempera-
ture. We designed a convolutional neural network that uses images obtained in
ground performance evaluation to implement a calibration method to be used during
pre-launch tests and orbital tuning. The convolutional neural network effectively pre-
dicts focusing temperatures, improving calibration efficiency and accuracy. This
approach demonstrates the potential of artificial intelligence methods for optimizing
telescope focusing in operational conditions.
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1 Introduction

The PLAnetary Transits and Oscillations of stars (PLATO)' mission is the third medium-class
mission of the European Space Agency (ESA) Cosmic Vision program.” It is composed of 26
telescopes with the objective of detecting and characterizing Earth-like exoplanets in the hab-
itable zone of solar-type stars. The mission is scheduled to be launched in 2026 and will be
located at the L2 Lagrange point between the Earth and the Sun.’

PLATO’s cameras are designed to detect tiny variations in the brightness of stars caused by
planetary transits, both primary and secondary, within a wide field of view. One of the main
technological challenges of the project is the ability to detect and quantify small fluctuations
in the brightness of the millions of stars covered by the large number of images.
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Each of the 26 telescopes that will be part of the satellite is equipped with a focusing system
that uses variations in temperature to achieve the highest quality images, without the need for
active focusing mechanisms. Focusing is adjusted through the thermal contraction or expansion
of the materials that make up the telescope structure, positioning the image in the best focus
plane, where both the best size and energy of the point spread function (PSF) are obtained.

One of the objectives during the thermo-vacuum tests carried out at the facilities of the
National Institute for Aerospace Techniques (INTA), together with the other two institutions
involved in these activities (IAS and SRON), is to determine the optimal focusing temperature
for each of the cameras that make up the telescope. To do this, the system’s environmental con-
ditions of pressure and temperature are simulated, and the quality of the images is analyzed for
different temperatures.

During the lifetime of the mission, a daily data volume of 435 Gb of images is foreseen,
which has to be transmitted, stored, and processed. These data have to be processed both on the
instrument and on the ground, so a tool that allows data processing while reducing the amount of
data is very useful.?

Numerous missions dedicate part or all of their lives to the search for exoplanets, such as the
Kepler, James Webb, TESS, and the future ARIEL missions, and among others, to the detection
of transient* events such as those that PLATO aims to observe, so the availability of the data for
facilitating the synergies should be considered even more important.

This work presents an application of convolutional neural networks (CNNs) in the field of
astronomy, where the feature extraction techniques through image processing have been applied
to a variety of applications,” from galaxy classification® to image denoising.

The main objective of this work is to develop an alternative method for obtaining the focus-
ing temperature of the PLATO space telescope cameras. To this end, we propose the design of a
CNN which, through the experimental images obtained by means of the thermal vacuum tests
prior to the launch of the mission, is capable, in the event of demonstrating correct operation
during the ground tests, of providing an accurate prediction method in the orbital calibration
process using the first images captured by the telescope.

2 Space Operational Conditions

To understand the origin and features of the images, a general description of the operational space
conditions is mimicked during the on-ground calibration and characterization testing campaign.
To briefly explain such performance evaluation tests, the environmental conditions of the tests,
the parameters to be monitored, and the configuration of the telescopes for acquisition of images
together with the type of data obtained are described.

As previously pointed out, the main objective of the PLATO space mission is to detect ter-
restrial exoplanets around solar-type stars. To achieve this goal, the sensitivity of the detection
systems needs to be able to identify minimal variations in the brightness of these stars. PLATO
space observatory consists of a set of 26 telescopes that have to be characterized and verified
under operational conditions for ensuring the achievement of the scientific goals of the mission.’
Each telescope is equipped with an optical system supported by a structure called Telescope
Optical Unit, a proximity electronics front-end electronics and a structure forming its own focal
plane and focal plane assembly (FPA) containing four charge-coupled device (CCD) image sen-
sors of 4510 x 4510 pixels each in the case of the 24 N-type cameras available (Fig. 1).

2.1 Optical Fundamentals
The physical principle behind the thermal focusing system that PLATO telescopes are equipped
with is to control the temperature of both the optical components and the structural elements of
the system. By thermal contraction and expansion of the opto-mechanical elements, the distance
between the optical elements and the camera sensor is controlled, allowing the focal length of the
system to be adjusted and optimal focusing of the images to be achieved.®

The focusing system can adjust the temperature of the optical and/or opto-mechanical com-
ponents using electronically controlled heating devices. These devices allow precise temperature
tuning which is translated into the corresponding focal length adjustment needed for achieving
the desired focused images.
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Fig. 1 Focal plane of the N-type telescope formed by four full-frame CCDs of 4510 x 4510 pixels
each.

The quality of an optical system can be assessed using the PSF, which describes how the
system—specifically, the telescope’s lens system—scatters light from a distant point source,
assuming collimated transmission upon incidence on the telescope.’

In this case, to determine the best focus temperature (BFT) of each telescope, a statistical
analysis of the energy that is concentrated in the images that the cameras form when illuminated
with a collimated beam of light is performed for each temperature, obtaining the temperature at
which the energy is concentrated in the minimum area.

Experimentally, the quality of a system’s PSF can be approximated using the ensquared
energy fraction (EEF), which quantifies the fraction of total energy concentrated within a specific
area around the image of a point source in the focal plane, relative to the total energy of that
image.' This measure provides insight into the system’s efficiency, as the PSF and EEF are
directly related (Fig. 2).

Fig. 2 Example of an image with 58.8% EEF and approximate representation of its PSF.
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The core of the analysis in this work consists of the calculation of the EEF for each image,
which is defined, in this case, as the fraction of energy concentrated in 2 X 2 squared pixels in a
10 X 10 squared pixel area. To calculate it, the brightest pixel is identified, and the 2 X 2 square
containing the highest energy is plotted around it. The next step is to compare the sum of the values
of these 4 pixels with the total energy of the PSF considered mostly contained in 10 x 10 px?, as
verified during the instrument design phase. If a very large surrounding area is considered, the noise
values of the image would be included in the calculation, whereas if a too small an area is con-
sidered, the values related to the way the optical system distributes the energy due to its intrinsic
characteristics would be omitted. Therefore, given that the size of the PSF in the conditions of
greatest defocus does not exceed the size of 10 X 10 pixels, this area value is set to include all
the relevant PSF signal. From this, the EEF is calculated as follows [Eq. (1)]:

EEF(2 X 2 mm) = 2 Energyuene _ EEye "

Y Energyueaioxio  EEioxio

Due to the characteristics of the optical design, the best focusing temperature of each tele-
scope will correspond to the position where the EEF is uniform along the focal plane, for which
the average EEF of all field positions is highest.

2.2 Test Setup

The thermo-vacuum test configurations described in this section were defined during earlier
opto-mechanical and system-level design phases of the PLATO space telescope, which are out-
side the scope of this paper. In the present work, we make use of the available test data and
configurations as provided, focusing on the analysis and exploitation of the acquired images
for focus temperature estimation rather than on the definition or optimization of the test param-
eters themselves.

The data for this work have been obtained from the thermo-vacuum tests carried out at INTA
during the verification and calibration under operational conditions of the engineering model
(EM) and the first flight models (FMs) of the PLATO space telescopes. To date, one EM and
three flight models, FM3, FM6, and FM10, have been tested, and the data for the analysis and
design of the neural network are available. A complete description of the test setup and all the
performance tests carried out for the different models is provided elsewhere.'!!

This paper focuses on one of the main objectives of functional testing under PLATO oper-
ating conditions, which is to determine the temperature at which the optimum focus is obtained.
For this purpose, a thermal profile is performed (Fig. 3), which consists of simulating the
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Fig. 3 Thermal profile of the test divided into three regions: (1) transients, (2) best focus search
plateaux, and (3) best focus plateau.
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operating conditions of pressure and temperature in which the instrument will experiment during
its flight and, finally, in which it will operate. This process allows the validation of the different
components of the system, also allowing the characterization on the ground of each of the tele-
scopes included in the mission.

Figure 3 shows the thermal profile to which each telescope is subjected as soon as a vacuum
level of 10~ mbar or lower is reached. For the application of this study, the thermal profile can be
divided into three distinct regions: transients (1), plateaux for the best focus temperature deter-
mination (2), and best focus plateau (3). The blue band corresponds to the operating temperature
region, between —65°C and —95°C.

In the first region, corresponding to the transient measurements, the temperature of the opti-
cal system is gradually modified, and continuous image acquisition is performed. During the
period of time that the telescope is in this region, the thermal stability of the system is not
ensured, so the images acquired in these positions are not included in this study.

At the second region, the best focus search plateaux, the images are acquired in five discrete
temperature regions, corresponding to temperatures of —90°C, —85°C, —80°C, —75°C, and
—70°C at which the telescopes are stabilized. During these acquisitions, thermal stability of the
system is ensured by maintaining conditions within a temperature acceptance range of no more
than +0.1°C for a set of the telescope thermal sensors, basically those involved in the temperature
tuning for finding the best focus.

Finally, in the best focus plateau region, image acquisition is performed with the telescope
stabilized at the best focus temperature determined by polynomial regression from the results
obtained in the previous phase. For this, the maximum EEEF is calculated for each field of view
(FoV) and for each temperature plateau. Then, the polynomial adjustment is performed, the
maximum of which corresponds to the temperature of best focus, the temperature at which the
EEF is maximum.

Before an observation starts, the parameters with which the test will be carried out are con-
figured, including the exposure time of the image, the field positions, and the number of frames.
Once the parameters have been defined, the images and telemetry measurements of the optical
system and the monitoring systems of the installations are obtained during the established time,
thus making up a complete observation.

Figure 4 shows the sequence of the CCD’s path for image acquisition used in the framework
of the PSF characterization test at the nominal best focus temperature run for each PLATO tele-
scope. It shows the locations corresponding to the four CCDs and the different field positions
where the images are formed. In this test configuration, 40 different field positions are established
for characterization, which allows the distribution of the images and their quality and EEF to be
studied along the entire detection plane.

The optical defocusing of the telescope at temperatures far away from the best focus temper-
ature results in a significant difference among the images corresponding to central positions of
the field (images obtained in “on-axis” configuration) and those farther away from the optical
axis of the telescope (theoretical center of its detection stage) (Fig. 5), which leads to a larger
variation in the EEF of the images at that temperature.

3 Methodology

In this work, we propose an alternative method to determine the focusing temperature by apply-
ing a CNN through the experimental data obtained on ground thermo-vacuum tests. Taking ad-
vantage of the images acquired during these test campaigns, the proposed approach aims to
extract the maximum amount of information achievable with the instrument’s current optical
design, without introducing additional optical elements or modifications to the nominal configu-
ration. For this purpose, the images obtained during the observations are first preprocessed. Then,
to establish a reference and be able to compare the results obtained, the focusing temperature is
calculated by means of an interpolation. Finally, we proceed to the design, training, and imple-
mentation of the convolutional neural network, analyzing the results obtained and comparing
them with those obtained mathematically.
The structure of the general development can be summarized as follows.
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Fig 4 Forty FoV positions for the established test configuration.
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Fig. 5 Example of images in different field position at T = —70° of the FM3 model. Image in a
central position (a) and an off-axis position (b).

Initially, a detailed description of the structure and origin of the data available for the study is
made. Once the structure and origin of the data are known, the data are reduced. To do this, the
variables that are not correlated with the established objective are eliminated, the amount of
information stored in the images is reduced, and the spatial size of the images is reduced around
the pixel of greatest intensity. For the processing of the images, they are labeled with the temper-
ature of the system at which the image was taken, and the calculation of the EEF corresponding to
each of them is included.

With the images labeled and prepared for processing, the best focus temperatures of each
model are calculated, using this as a reference for the comparison of the results obtained in the
neural network. To calculate the focusing temperature, a non-linear regression of the EEF with
the temperature is performed, so the maximum of the fitting curve corresponds to the best focus-
ing temperature for the model under analysis.
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Once the target temperature of each model is available, the design of the neural network is
ready to be initiated. The design of the neural network is carried out progressively, being the first
neural network model capable of making a classification or simple regression task to make
adjustments to the network parameters and study the behavior of the network. The final proposed
design is able to predict the focus temperature for each image processed through the devel-
oped CNN.

Finally, the CNN predictions are evaluated in the form of probability distributions for each
chamber model. The temperature values are obtained and compared with those predicted by the
polynomial fit, evaluating the accuracy and error metrics obtained.

3.1 Image Pre-Processing

As the telemetry data acquisition system is defined in a generic way for all types of tests, var-
iables corresponding to redundant sensors, registers indicating the sensor status (on or off), and
null values are discarded. From 165 monitoring variables, the matrix is reduced to 20 variables,
and by carrying out the correlation matrix of the resulting variables, the sensor that determines
the reference temperature of the telescope during the tests is established together with the time
record to have a traceability of the data and its origin.

3.1.1 Reduction of telemetry data

For a successful implementation of the neural network, it is necessary to carry out a previous
image processing. The objective of the data pre-processing is to extract the necessary knowledge
from the images to efficiently design the convolutional neural network. The pre-processing task
consists of reducing the data from the sensors and monitoring system, removing the background
from each image and labeling the images, and reducing the spatial dimensions of the images to a
manageable size.

3.1.2 Background removal from each image

To have a reference of the noise generated in the CCD sensors of the camera, background images
are taken between each acquisition during each test. For a correct treatment of the images, the
background noise must be subtracted from each image. To do this, the matrix subtraction of each
image value by the value of the background obtained in the previous acquisition is carried out.
This process reduces by half the number of images that are stored for processing, as the resulting
images have already undergone noise reduction.

3.1.3 Spatial image size reduction

In the case of the full-frame detectors (i.e., for the N or “normal” type cameras), the size of each
CCD is 4510 x 4510 squared pixels, and each camera consists of four CCDs. As the relevant size
of the PSF under operational conditions is never larger than ~10 X 10 squared pixels, the rest of
the image is basically noise. The images are reduced in size to 10 X 10 arrays around the brightest
pixel, the size established for the EEF calculation, resulting in a considerable reduction of the
data to be processed.

3.1.4 Labeling of the images

For the correct processing of the images, it is necessary to associate each image with its acquis-
ition temperature. For this purpose, after reducing the telemetry data, the temperature variable is
assigned to each image. To do this, the image data files, stored in the Flexible Image Transport
System format, which contain the time record of each image acquisition, are cross-correlated
with the telemetry data, allowing the temperature associated with each image to be retrieved.

3.1.5 Image normalization

Image normalization is a common practice in CNN image processing.'® The results obtained
using image normalization have been explored, but normally, such results are conditioned by
the normalization used for each model, producing incorrect image prediction. For this activity,
the images have not been normalized, because the variability of the maximum intensity values in
each of the images does not allow the establishment of a valid normalization criterion common to
all the models.
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For this reason, it was decided to design the network with the intensity values of the real
images, allowing the model to be applied generically to all the images taken and to be taken in the
future.

3.2 Statistical Determination of the Focusing Temperature

Determining the best focus temperature of each telescope tested is one of the first steps in cal-
ibrating the PLATO telescopes. A key requirement for determining the best focus temperature is
to achieve an accuracy of +3°C during ground characterization. This temperature will be further
fine-tuned during the on-orbit recalibration phase as part of the mission commissioning process.

To determine the best focus temperature, the EEF is plotted as a function of temperature. The
EEF depends on the FoV in which the image has been generated, so the energy depends on the
radial distance to the center of the photosensitive sensor element, in this case, the array of four
CCDs that make up the FPA.

As the calculation of the focusing temperature with this method involves considering each of
the FOVs to make the adjustment, no distinction will be made among the images per FOV.
Subsequently, with the calculation of the focusing temperature by means of the neural network
prediction, the dependence of the BFT calculation on the field position will be studied. For this
purpose, a single fourth-degree polynomial adjustment is made for each plateau, without
distinguishing between the position at which the image was taken within the CCD (Fig. 6).
The residual graph of this figure represents the difference among the BFT values interpolated
using polynomial fitting and the BFT values obtained experimentally for each temperature
plateau.

For each of the five temperature plateaux, the average of the maximum EEF values is cal-
culated at each field of view position. This process involves determining the maximum EEF
value at each field of view position from the images taken at various field positions. Then, the
average of these maximum values is calculated for each field of view, thus obtaining the average
value of all field of view positions for each temperature.

Once the mean EEF values are obtained for each temperature, they are plotted as shown in
Fig. 7 and fitted to a fourth-degree polynomial. The maximum value of this polynomial corre-
sponds to the maximum value of the EEF, which indicates the optimum focusing temperature for
that telescope model under evaluation.'*
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Fig. 6 BFT estimation for the FM3 model using a single fourth-degree polynomial fit for all field
positions.
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Figure 8 below plots the energy distribution, EEF, as a function of field for different temper-
atures. This visualization allows us to detect manufacturing anomalies and to observe the char-
acteristic “hat shape” that PLATO’s telescope design produces when plotting the EEF with
the field.

Using this representation, once the best focus temperature is reached at the telescope (par-
ticularly, —77.7°C for FM3), the energy distribution becomes uniform over the entire detection
surface, as can be observed in Fig. 9.

Using this method, the focusing temperatures for each model tested are obtained as sum-
marized in Table 1, together with the estimated maximum EEF for the focusing temperature.

” (b) " (© -

EEF for T = —75°C EEF for T = —80°C

(@)

EEF for T = —70°C

o w0
80 80 80
40 “© 0
£ £ £
E 0. E 7 0. E® 70
£ §< 3 < i
L
5 =5 =5 =
2 w =] &
8 i g 6o 8 60
8 . 6ol § o g
> > - J
0 “ -
50 o 50 50
" -

o 0 0 o = R E ]

X position in mm X position in mm X position in mm

40 40 40
90 90

(d) EEF for T = —85°C (e) EEF for T = —90°C

0 60

W

Y position in mm
EEF Mean

Y position in mm
EEF Mean

P % 40 0 o 2 4 &
X position in mm
40 40

X position in mm

Fig. 8 EEF for each temperature plateau. (a) T = -70°C. (b) T =-75°C. (c) T = -80°C.
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Table 1 Summary of temperatures for best focusing and energies by model.

Model BFT (°C) Max. EEF (%)
EM -75.7 79.9
FM3 -77.7 87.3
FM6 -80.1 87.0
FM10 -82.8 86.5

3.3 CNN Design

The main goal of implementing a convolutional neural network is to determine the optimal focus-
ing temperature for each flight model of the PLATO telescope. To achieve this goal, the imple-
mentation of the convolutional neural network is carried out sequentially, starting the process
with simpler design architectures and increasing the complexity of the system gradually. The first
neural network model is designed with the purpose of predicting the temperature of the images
corresponding to the five temperature plateaux, classifying them in the possible temperature
ranges for the FM3 flight model. The design of this network seeks to establish a common struc-
ture for the rest of the designs, adjusting the network parameters appropriately, and the first
network design is proposed as shown in Fig. 10.

Temperatures
10x 10 x 1 10 x 10 x 32 10 x 10 x 64 10 x 10 x 128 ._7o°c
64

-75°C
e ®

® ' -80°C
e, o .

®
®
Convolucional 2D Convolucional 2D Convolucional 2D
Input: Imagen + + N Flatten Dense
Max Pooling Max Pooling Max Pooling

Fig. 10 Proposed neural network architecture.
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The proposed neural network architecture is designed to analyze input images of size
10 x 10, in a single channel representing the intensity scale of the image. It consists of three
successive convolutional layers of 32, 64, and 128 filters, each followed by a maximum pooling
layer (MaxPooling2D) with a pooling size of (1, 1). The convolution layers use the rectified
linear unit (ReLU) activation function and have padding to maintain the dimensions of the input
features. At the output of the network is a flattening layer, which converts the output into a one-
dimensional vector, followed by 2 dense layers, one with 64 units and ReLU activation, and
another output layer with 5 units and softmax activation, to classify the images into one of the
five temperature categories.'

Due to the classification nature of the network, sparse categorical cross-entropy is used as a
training loss function and accuracy as an evaluation metric.'> By means of this design proposal,
the prediction of the temperature of the images of the plateaux is carried out, obtaining the results
shown in Fig. 11, represented by a confusion matrix, which indicates the differences between the
predicted and real temperatures. The accuracy of the classification of the images can be verified,
as it correctly classifies ~99% of the images of the plateaux.

In the following, the design of a network that performs a prediction on the EEF of each of the
images is proposed. For this purpose, the same CNN structure is used, modifying the output by a
single unit, which allows the EEF value to be obtained, and modifying the loss function by MSE
and the evaluation metric by the mean absolute error. As can be seen in Fig. 12, the real values
and the values predicted by the model are represented, together with a red diagonal line indicating
the value at which both values coincide. The dispersion for this model is high, as there is a
considerable difference between the model-predicted values and the actual EEF values for each
image, but it serves as a precedent for designing a network in which continuous values are
obtained as network output.

Due to the fact that the value of the focusing temperature is a concrete value between —70°C
and —90°C, the prediction of the best focusing temperature has to be obtained as a continuous
value, so that the discrete temperature classification is not valid for the purpose described in the
objectives. To overcome this, a dual regression CNN is proposed, in which a prediction of both
the temperature of the images and the EEF of each of the images is obtained. To solve this prob-
lem, a double regression CNN is proposed, in which a prediction of both the temperature of the
images and the EEF of each of the images is obtained.

For this purpose, the same network architecture proposed is used, in which the input of the
network consists of using the images and their temperature and EEF, with a double output, one
for the temperature regression and the other for the EEF regression, where the regression evalu-
ation metrics described above are used. To obtain better results in the dispersion of the results, the
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Fig. 11 Confusion matrix.
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Fig. 13 Temperature regression (a) and EEF (b) for the double regression neural network model.

number of layers used in the network design is modified, increasing the size of the number
of filters of the convolutional layers to 64, 128, and 256 and the size of the dense layer to
128 units.'®

Figure 13 shows the dispersion results of the predicted and actual values of temperature and
EEF when unifying the CNNs. It can be seen that the temperature prediction has a dispersion of
+5°C for each temperature plateau and a value of R? = 0.92. In contrast, the EEF fits with a low
dispersion to the red diagonal of ideal correlation, indicating that the model has improved
dispersion metrics and has a good predictive ability.

3.4 CNN Implementation

Once the structure of the CNN has been defined and the parameters for an accurate classification
of the results have been set, we proceed to establish the logic that allows us to obtain the best
focus temperature from the images taken during the plateaux.
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Fig. 14 Proposed neural network architecture.

To achieve the objective of temperature prediction, we propose the creation of two CNNs
with the same architecture developed in the previous section: the first one (model A) will be
trained with the images from the temperature plateaux, and the second one (model B) will
be trained with the best focus images provided during the tests. Thus, for training, model A
will use as input data the images from the plateaux, with the labels of the image temperature
and EEF, obtaining a prediction on the temperature and EEF. For the training of model B, we
proceed in a similar way, but using the images labeled with the data obtained at the best focus
temperature.

The functioning of the network is based on two stages, Fig. 14. In the first stage, images of
the temperature plateaux are input to model A to obtain preliminary temperature predictions and
the EEF of the image. In the second stage, both the original image and the temperature prediction
and EEF obtained in model A are used as input to model B. As model B has been trained only
with best focus images, it provides the best focus temperature prediction for each of the plateau
images processed in model A.

In this way, the best focus temperature is obtained as a probability distribution with each of
the predictions made by the CNN, the median of this distribution being the expected temperature
prediction for the particular model.

4 Results

EM, FM3, FM6, and FM 10 models focusing temperatures have been predicted. For this purpose,
the test images of each model are processed through model A of the CNN. The temperature and
EEF output of the images are used as input for model B, together with the images. As a result of
iterating the images with both models, a prediction of focus temperature and EEF is given per
image, resulting in a distribution of predictions.

To determine the best focus temperature for each model, the probability distribution is plot-
ted, and the median, which corresponds to the central value of the predictions, is calculated. The
median is used because it is a more robust measure of the central value of the distribution, espe-
cially in the presence of outliers and asymmetric distributions.

The distribution of the predictions made for each model is presented below, together with
the results obtained for the determination of the best focus temperature for each of them. Each of
the graphs represents the distribution of predictions made on each of the images processed by the
CNN. In the visualization, the median is represented by a solid line, together with a shaded area
representing the interquartile range. The dashed orange line indicates the limit of the outliers,
which has been calculated using the standard outlier method. This method is based on the

J. Astron. Telesc. Instrum. Syst. 018005-13 Jan-Mar 2026 e Vol. 12(1)



Mercant Rubio et al.: Convolutional neural network design'f.or the prediction‘.’..

interquartile range, which considers as outliers values that are 1.5 times above the third quartile
(Q3) or 1.5 times below the first quartile (Q1).

4.1 EM Model
A total of 3690 images are used for the prediction of this model, and the distribution of
predictions is shown in Fig. 15.

In this model, the median value, —74.6°C, is ~1°C away from the mean value, —73.8°C,
indicating an asymmetry in the distribution of predictions. In this case, a range can be determined
for the outliers up to —68.3°C and from —79.8°C. Within this range, a significant number of
predictions above the upper limit can be seen, whereas for temperatures below the lower limit,
a smaller number of predictions can be observed, but with more dispersed values, also indicating
an uneven distribution in the temperature predictions.

During the tests performed, some anomalies have been detected due to the existence of
pixels with manufacturing defects that cause an over-registration of energy in these pixels.
These anomalies can be observed in the determination of the EEF for certain field positions,
which can affect the correct operation of the values. Even with these values, the best approxi-
mation temperature for the EM model is determined to be —74.6°C.

4.2 FM3 Model

The same method is used to predict the focusing temperature of the FM3 model. Figure 16 shows
the distribution of the best focus temperature prediction for this model. It can be seen that the
temperature prediction has a dispersion of +5°C for each temperature plateau and a value
of R> =0.92.

The median of the temperature predictions is —76.6°C, which coincides with the mean value,
indicating that the distribution is centered on this value. The interquartile range of the distribution
is also determined, in which 50% of the central predictions are concentrated, the range of which
is 2.2°C. The lower and upper limits of the outliers indicate the values above which the predic-
tions of our model can be considered atypical, corresponding to temperatures of —80.9°C and
—72.2°C, respectively. Therefore, the best focus temperature for this model is set at —76.6°C.

4.3 FM6 Model

A total of 2952 test images are used for the FM6 model’s best focus temperature prediction. The
lower number of images used in the prediction of this model is due to a lower number of images
available because of the lack of a temperature plateau during the ground tests. Figure 17 shows
the best focus temperature distribution obtained with the CNN prediction.

Median: BFT = —74.6°C
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IQR

Temperature

-100

-110

=120

Fig. 15 Distribution of temperature predictions for the EM model.
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Fig. 17 Distribution of temperature predictions for the FM6 model.

In this distribution, the mean of the predictions is —83.2°C, and the median is around
—81.0°C. This difference in values may be conditioned by the presence of extreme outliers that
affect the distribution. Looking at the outliers, the range extends from —70.9°C to —98.0°C,
indicating a wide temperature prediction, with a significant presence of outliers, the presence
of outliers being higher for lower temperatures. In contrast, the interquartile range of ~8.1°C
indicates central dispersion with moderate variability in the predicted temperatures in this
region.

The analysis of the model results indicates the presence of anomalies in the images used in
the prediction model. In this model, there are anomalies in the EEF measurement of the images in
one of the CCDs, which can distort the accuracy of the temperature predictions. Figure 18 shows
the EEF of one of the plateau at —70°C where a FOV with high levels of EEF can be observed.

Despite the presence of anomalies in the images used for the prediction of this model due to
manufacturing defects, the best focus temperature of this model can be determined with high
reliability. With these results, it can be determined that the best focus temperature of the
FM6 model is —81.0°C.

J. Astron. Telesc. Instrum. Syst. 018005-15 Jan-Mar 2026 ¢ Vol. 12(1)



Mercant Rubio et al.: Convolutional neural network design for the prediction.’..

90

EEF for T = —70°C

3
EEF Mean

Y position in mm
[o2]
o

X position in mm
40
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4.4 FM10 Model

To check that there is no overfitting in the CNN and that the network has learned to predict the
best focus temperature and not the one learned from the models used for its training, images of a
model that has not been used to train the neural network are introduced. For the prediction of the
focus temperature of the FM10 model (Fig. 19), a total of 3690 images corresponding to the
5 temperature plateaux performed in the functional tests are used.

The results of this model show a considerable discrepancy between the mean and median
predictions. Although the mean is at the temperature of —85.6°C, the median is at —81.1°C. This
difference suggests a skewed distribution toward lower temperature values, influenced by the
presence of outliers. The dispersion of the data is high, with a variance value of 190°C and
a standard deviation of 13.8°C. These values indicate the presence of high variability in the pre-
diction results, which can be attributed to the presence of outliers. In the analysis of the EEF
distribution on the detection surface of the CCDs of this model, the anomalies in the energy
distribution can be seen that explain the presence of these anomalous temperatures in the pre-
diction. The temperature range in the predictions is 120°C difference between the maximum and
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Fig. 19 Distribution of temperature predictions for the FM10 model.
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Table 2 Statistical values of the predictions made by CNN of the different models evaluated.

Model Mean (°C) Median (°C) SD Kurtosis Variance
FM3 -76.1 -75.7 2 -0.9 2.9
FM6 —-83.0 -83.2 8 6.8 60.8
FM10 -85.8 -81.8 14 221 190.1
EM -73.7 -74.6 6 10.4 33.86

minimum values; however, the interquartile range of 7.7°C indicates that 50% of the predictions
are around the median value, which is a narrower range. These results indicate that the temper-
ature prediction is concentrated, with high probability, around the median, but the presence of
outliers contributes considerably to the dispersion of the data.

With these results, the best focus temperature of the FM10 model is set at —81.1°C.

Table 2 summarizes the statistical values obtained with the results of the best focus temper-
ature prediction using CNN.

The following conclusions can be drawn from the values of the statistical study of
each model:

o The central tendency calculations, both the mean and the median, are very close in all the
models, suggesting that the data may not be skewed, resulting in a balanced distribution
around the mean. In the model where these measurements differ the most are in models
FM6 and FM 10, where the presence of extreme outliers in the lowest temperatures can be
seen in the distribution.

o The variance is a measure of the total scatter of the data. Variance-high values at EM, FM6,
and FM10 is suggesting a large variability in the temperatures predicted in these models
compared with those predicted for the FM3 model. This may be due to the presence of
outliers in the EEF of the images corresponding to specific field positions, identified with
defects in the manufacturing of the CCDs.

o Kurtosis is a measure of shape that indicates how flattened or steeped a distribution is. The
positive value of kurtosis in the FM6, FM10, and EM models suggests narrower distribu-
tions compared with FM3, indicating that the predictions are more concentrated around the
mean and a higher certainty in the predictions.

o The evaluation of the dispersion through the standard deviation (SD) indicates a higher
variability of the predictions for the models with higher values, such as FM6, FM10, and
EM, compared with the FM3 model. This measure reinforces the assertion of the influence
of outliers in the calculation of the best focus temperature.

4.5 Model Comparison

To determine the quality of the CNN model developed in this work, the results obtained by both
methods are compared. In addition to the results of the descriptive analysis of each model, the
data of the best focus temperatures obtained by both methods of determination, statistical pre-
diction, and CNN prediction are summarized in Fig. 20. In this visualization, the results obtained
with both methods are represented in a box plot. This type of representation is particularly useful
for comparing the central tendency and variability of the data, as it provides a clear visualization
of the interquartile range (IQR), which covers 50% of the central data. The lower and upper limits
of the box represent the first and third quartiles (Q1 and Q3), respectively, and the lines inside the
box indicate the median of the data. Points outside the box, corresponding to outliers, are shown
individually, highlighting the presence of extreme values in the predictions.

It can be seen that the values obtained by both methods present similar results, as evidenced
by the fact that the values obtained by each method are within the corresponding interquartile
ranges. This suggests that both methods are providing compatible estimations of the best focus
temperature. However, a closer examination reveals differences in the dispersion of the results.
The statistical prediction method shows a smaller dispersion, as indicated by narrower IQRs,
which suggests that the predictions are more consistent and less influenced by extreme values.
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Fig. 20 Graphical comparison of statistical results and CNN predictions of BFT using box plots for
each model.

In contrast, the CNN predictions exhibit a higher number of outliers and a wider dispersion,
which may be attributed to the sensitivity of the neural network to anomalies in the input data,
such as manufacturing defects in the CCDs or noise in the images.

Despite these challenges, the CNN predictions demonstrate a strong potential for accurately
estimating the best focus temperature, as the median values of the predictions are generally close
to those obtained through statistical methods. This indicates that the CNN is capable of capturing
the underlying patterns in the data, even in the presence of noise and anomalies. The ability of the
CNN to process large volumes of data and provide predictions in a fraction of the time required
for statistical methods makes it a valuable tool for this application.

Comparing the results obtained using both methods, we can observe considerable dif-
ferences in the accuracy obtained for some models. Even taking into account the standard
deviation of the results obtained, the differences in the temperature values predicted by the
method proposed using CNN compared with the statistical determination do not differ by more
than 1°C. Considering that the statistical method requires the complete characterization of the
cameras in each of the plateaux to determine the BFT, the CNN-based method provides a rea-
sonable prediction of the BFT by analyzing data from a smaller number of plateaux. This sig-
nificantly reduces the amount of data and operational time required.

In summary, although the statistical method provides more bounded and consistent results,
the CNN offers a promising alternative with the potential for further improvement. By addressing
the issues related to outliers and dispersion, the CNN could become a robust and efficient method
for determining the best focus temperature, paving the way for its application in the calibration
and operation of space telescopes such as PLATO.
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5 Conclusion

In this work, we propose an alternative method for the determination of the focusing temperature
of the PLATO space telescope flight models using convolutional neural networks. By implement-
ing this system, the determination of the best focus temperature of each model is achieved in
accordance with the statistical results.

One of the main requirements for the determination of the best focus temperature is that it
needs to be known to within £3°C of accuracy in the ground characterization. This temperature
will be determined with a higher degree of accuracy in the on-orbit re-calibration as part of the
mission commissioning. Therefore, as can be seen from the accuracy obtained by the predictions
made with the CNN model, the temperature value together with its uncertainty meets the require-
ment. In this way, a method is established which, despite the existence of defects in the manu-
facture of the electronic detection devices of the instrumentation, is capable of establishing the
best focus temperature.

For a mission with a large number of cameras, such as PLATO, this reduction in the required
number of measurements translates into a significant decrease in operational time, making the
CNN-based approach considerably faster and more efficient from an operational perspective.
Consequently, the results obtained by the method proposed in this work indicate the feasibility
of implementing a flight instrument calibration system under operational space conditions, both
during ground-based testing campaigns and during the orbital calibration phase throughout the
instrument’s operational lifetime.

To improve the performance of the neural network, it is suggested that a number of actions
can be implemented to improve the accuracy of the predictions and reduce the uncertainty asso-
ciated with the results, including the following: First, the training process can be improved by
preprocessing the images with anomalies in the affected CCDs. As the network has been trained
using images with unexpected behavior due to manufacturing defects, it is essential to preprocess
these images by removing them from the training set. This would enhance the quality of the
dataset and allow the CNN to better learn the patterns and representative features of the
telescope’s focusing system, ultimately improving the accuracy of the predictions. This action
allows the CNN to learn patterns and representative features of the telescope’s focusing system,
allowing the network to better identify and generalize significant features of the system, thus
improving the accuracy of the predictions.

In addition, expanding the diversity of the images used for training can further improve the
neural network’s performance. For the training of the neural network, only images with discrete
temperatures corresponding to the five temperature plateaux have been used. In the transient
region, images with a continuous range of temperatures are identified, which allows the network
to identify images with a continuous range of temperatures. Exploring the definition of the net-
work by imaging all regions of the test allows for increased variability of the training samples.
This implementation is expected to improve the accuracy of the predictions to optimize the char-
acterization processes of the cameras.

Finally, exploring new architectures can significantly enhance both accuracy metrics and
training losses. It is recommended to experiment with different architectures by altering the top-
ology and examining the impact of different activation functions on the results. In addition,
implementing regulators that allow the adjustment of evaluation metrics or the tuning of hyper-
parameters can correct potential imbalances in the model, further optimizing its ability to
generalize.

By implementing these actions in the proposed CNN, it is intended to obtain a better accu-
racy in the determination of the focusing temperature, allowing to reduce the dispersion of the
predictions, providing a rigorous method for the calibration of the best focusing temperature of
the space telescopes of the PLATO mission.
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