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ABSTRACT
Recent years have seen increased interest in solar as a popu-
lar renewable energy source. The adoption of solar energy is
directed towards increasing research interest in the incorpora-
tion of solar energy estimation and forecasting in the current
system. Solar irradiance is the sun’s energy incident on earth,
and is dependent on many atmospheric parameters, mainly
decided by clouds. The use of a Ground-based sky imaging
system is the best for forecasting and estimating for near-real-
time temporal spectrum. However, creating efficient solar
estimation models for edge devices is still a relatively unex-
plored field. This paper captures the essence of bringing edge
computing on devices for solar estimation on ground-based
infrared sky images by proposing a novel knowledge distilla-
tion method for enhancing lightweight CNN-regression mod-
els. In our study, we leveraged a MobilenetV2-based Teacher
model and transferred the knowledge into a simple student
model by introducing a sigmoid-based loss in the Knowledge
Distillation algorithm. The proposed solution shows an im-
pressive reduction of the Mean Square Error (MSE) of the
model from 3015.63 to 2540.67. This research advances the
field of solar irradiance estimation by emphasizing the impor-
tance of creating efficient and edge device deployable models
in this context.

Index Terms— Solar irradiance estimation, Knowledge
distillation, CNN regression, Infrared sky images

1. INTRODUCTION

Solar energy is the largest among natural resources in the con-
text of the global energy system [1]. Awareness regarding
fossil fuel consumption and climate change is rising around
the world, consequently, clean and renewable energy sources
such as solar power have been widely accepted [2]. How-
ever, solar energy is intermittent and variable in nature, which
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introduces significant hurdles to maintaining stable and cost-
effective power generation [3]. Thus, precise early forecast-
ing of solar power generation can play a crucial role in en-
abling grids to prepare in advance. This capability can facili-
tate the seamless integration of solar power into power grids.

Photovoltaic power generation significantly depends on
solar irradiance. The amount of energy received from the
sun per unit area is known as solar irradiance [4]. It largely
depends on the dynamic changes of cloud coverage over the
PV facilities[5]. Thus, instead of relying on historical irradi-
ance data only, integrating solar sky images facilitates better
forecasting of solar irradiance. Images captured with infrared
technology provide additional information such as tempera-
ture variations which are useful for capturing the fluctuations
in solar irradiance caused by varying cloud cover [4]. Inte-
grating infrared image data with other sky condition informa-
tion from multiple sensors proves to be a valuable approach
for enhancing forecasting accuracy and reducing power grid
instabilities [4, 6, 7].

The advances in deep learning have propelled a transfor-
mative evolution in image analysis and computer vision, con-
tributing significantly to different fields and solar estimation
is one of them. Recently, many image-based solar irradiance
forecasting models have been proposed [8, 9], in addition
to open-access sky image datasets [6, 10, 11]. These facili-
tate the constant development of sky image-based solar power
forecasting. However, highly accurate deep learning models
are typically complex and require a long time to infer. Thus,
while employing neural network models in solar irradiance
prediction may help gain highly accurate insights, they may
also lead to difficulties in gaining real-time information.

To achieve higher accuracy while utilizing less compu-
tation power and resources, there have been many studies
on model compression [12, 13, 14, 15]. Knowledge distil-
lation [15] is a popular model compression technique, where
a simple model can gain the knowledge of a highly accurate
model. However, knowledge distillation is mostly applied to
classification problems, whereas solar irradiance estimation
is a CNN-regression problem. There have been few works on



incorporating knowledge distillation in regression problems
[16, 17]. Distinct works have been published on estimating
and forecasting solar power and irradiance. However, to the
best of our knowledge, none of them propose a knowledge-
distillation approach to enhance a lightweight neural network
model for solar irradiance estimation. Thus, exploring effi-
cient solutions for real-time solar information retrieval from
sky images is still a challenge.

In this research1, we introduce a novel knowledge distil-
lation approach for intra-hour solar irradiance estimation by
incorporating infrared sky images to enhance a lightweight
CNN model. The key contributions of the study are:

• We proposed a novel sigmoid-based knowledge distil-
lation loss function tailored for regression tasks.

• We improved the accuracy of a simple CNN-regression
network by incorporating our distillation approach,
minimizing the MSE loss from 3015.63 to 2540.67.

• We evaluated the effectiveness of the proposed method,
through experiments, training, and evaluation of our
models using infrared sky images

By employing this approach, efficient deep learning mod-
els can be built for solar irradiance prediction and deployed
into edge devices. In addition, the sigmoid-based loss func-
tion can be used to optimize regression models in other do-
mains as well.

2. RELATED WORK

Over past years, as demand and awareness towards renewable
energy have drastically increased, so has the research in one
of the most prominent forms of renewable energy, i.e. solar. A
major persistent issue with current usage is irregularities and
abrupt fluctuations in solar energy. This has led researchers
to focus on solar irradiance estimation and forecasting.

The Girasol dataset [6] is a sky imaging and global so-
lar irradiance measurement dataset for solar irradiance and
provides both visible and infrared images. The sky imaging
system consisted of a longwave infrared (IR) camera, and a
visible light camera with a fisheye lens for a wider range of
sky view to capture. The whole system was then installed
in a weatherproof enclosure mounted over a solar tracker. A
later more advanced form of the dataset was created which in-
cluded physical features like divergence, curl, height velocity,
and temperature inclusion for specific regions using compu-
tation and infrared images.

Solar irradiance, as a problem, has been approached in
several ways. One solution used a method for solar power pre-
dictions based on sky image and Machine Learning forecast-
ing techniques. The images provided a reliable data source for

1In the spirit of reproducible research, the code to reproduce the results of
this paper can be found in https://github.com/ifran-rahman/
Solar_Estimation_KD.

pre-processing steps like cloud segmentation where a UNet-
based classifier performed best for the segmentation part. Us-
ing the output for DeepLab v3 gave accurate results for solar
irradiance estimations. [18]

Another contribution is by presenting a deep learning
based CNN-regression model using infrared sky images and
MobileNet v2 for solar irradiance estimation. [4] The Mo-
bileNetV2 is used as a CNN backbone of the model with a
regression head attached to it. The lightweight yet powerful
MobileNet model was chosen to boost its efficiency, enabling
it to recognize important patterns in data while being suitable
for edge devices.

The solution to doing computation quickly and providing
consistent output came from research done by [15]. This pa-
per presented a novel approach towards solving the computa-
tionally expensive nature of ensemble models, where current-
date ensemble models take an approach to use multiple mod-
els and provide average predictions. The author presented
Distillation of Knowledge as an approach to compress the
knowledge and learning of the ensemble into a single model,
suitable for fast computation, deployment on edge devices,
and less resource extensive.

The main inspiration for this paper, to do Knowledge Dis-
tillation in a regression task was published by [16]. The au-
thor proposed a Compressing Deep Neural Network model
for regression tasks, where an outlier rejection loss, i.e. rejec-
tion outliers from the sample set for model prediction is ap-
plied for better training practice. The key novelty of Knowl-
edge distillation lies in the loss function in use, the author
proposed a new distillation loss specifically for the regression
task and multiple-task network which gave better training in
feature extraction of student models.

3. METHODOLOGY

3.1. Dataset

In our work, we explored the performance of knowledge dis-
tillation on solar irradiance estimation from infrared sky im-
ages using a CNN regression model. Infrared images provide
valuable insights into the cloud’s state as infrared technology
can capture temperature variations, in addition to giving in-
formation in low-light situations. For our work, we used the
Girasol dataset [6]. The dataset consists of irradiance values
for particular timestamps, IR, and VI images, and additional
data such as temperature, dew point, and atmospheric pres-
sure. However, in this research, we employed infrared images
from 8 December 2017 to 7 January 2018 and the following
7 days, as our train and test set respectively. This training and
test subset consists of 46,527 and 11,574 images respectively.
Each image is of size 60x80 pixels.

https://github.com/ifran-rahman/Solar_Estimation_KD
https://github.com/ifran-rahman/Solar_Estimation_KD


3.2. Knowledge Distillation

Knowledge distillation is a process of transferring the knowl-
edge of a large powerful pre-trained model to a smaller, effi-
cient model. The pre-trained powerful model is referred to as
a “teacher model” and the smaller model is called a “student
model”. The concept of knowledge distillation was proposed
by Hinton [15].

For an image I, if we denote the teacher model as “T” and
the student model as “S”, then Pt = T(I) and Ps = S(I), where
Pt is the logits of the teacher model and Ps is the logits of
the student model. Later, Pt and Ps values are divided by
a hyper-parameter temperature (τ ) to soften the values and
passed to a softmax function (σ) to get softened probability
distributions 3.

Pt = T(I) (1)

Ps = S(I) (2)

σ(Zt, τ) =
e

Zk
τ∑n

m=1 e
Zm
τ

for k = 1, 2 (3)

L = (1− α)Lce(σ(Ps, Y )) + αLd(P t́, P ś) (4)

The softened Pt and Ps can be addressed as P t́ and P ś.
The KL divergence [17] is used to calculate the differences
between P t́ and P ś and the distillation loss (Ld) is obtained.
Meanwhile, the hard loss is measured, which is the cross-
entropy loss (Lce) [19] between the student model outputs and
the target. Finally, the Distillation loss (Dl) is combined with
the hard loss (Lce) to obtain the total loss (L) as demonstrated
in equation 4. Here, α is another hyperparameter, which can
be fine-tuned to adjust the proportion in the model’s reliance
on the distillation loss versus the hard loss.

3.3. Sigmoid-based Knowledge Distillation

Knowledge distillation is a popular model compression
method in the field of machine learning classification. How-
ever, estimating solar irradiance based on sky images is a
CNN-regression problem. Thus the traditional approach can-
not be used here.

The sigmoid activation function plays an important role
in deep learning. The non-linear characteristic of the sig-
moid function enables neural networks to capture necessary
patterns of complex, non-linear data. The function is defined
as stated in the equation 5.

σ(x) =
1

1 + e−x
(5)

Here, x is the input value, and σ(x) is the output. One of
the characteristics of the sigmoid function is, it transforms any

value x into a range of 0 to 1. In our sigmoid-based distillation
loss, we utilized this behavior of the function.

The outputs of our CNN-regression models (teacher and
student) are continuous values which are the predicted irradi-
ance. Solar irradiance can largely vary depending on the sun
and cloud’s formation in the sky.

This is why to get the dissimilarity between the teacher
model’s prediction and the student model’s prediction we nor-
malized the outputs to a common scale by applying the sig-
moid function. However, as the prediction can be very small
or very large, passing it directly through the sigmoid function
may saturate and cause the outputs of the function to become
too close to 0 or 1 eventually leading to data loss.

Thus, we divide each predicted value by a hyperparameter
called temperature (τ ) before sending it to the sigmoid func-
tion. Equation 6 represents this modified form of the function.

´σ(x) =
1

1 + e−
x
τ

(6)

Lsd = Lmse(P t́, P ś) (7)

LH = Lmse(Ps, Y ) (8)

The softened outputs of the sigmoid function for the teacher
and student model can be addressed as P t́ and P ś respec-
tively. After getting the softened predictions, the mean
squared error between these two is measured to obtain the
distillation/soft loss 7. Meanwhile, the hard loss (LH ) is also
calculated to asses the model’s prediction in comparison to
the label data using the MSE loss 8.

L = (1− α)LH + αLsd (9)

Finally, the knowledge distillation loss is measured by
combining the hard loss (LH ) and the distillation loss (Lsd)
using the traditional approach demonstrated in the equation 9.

3.4. Model Architectures

The teacher model is inspired by the paper [4] and built based
on the pre-trained MobileNetV2 model. We removed the fi-
nal classification layer of the model. Subsequently, a custom
regression head is attached next to the model. The regression
head has a linear layer that produces a single output value as
the predicted irradiance value. The output of the MobilenetV2
backbone is passed through an adaptive average pooling and
then flattened to create a feature vector. Which is later pro-
cessed through the linear regression head. Table 1 illustrates
a brief description of the teacher model and its layers. The
teacher model has 2225153 parameters. In contrast, the stu-
dent model is a fairly simple convolutional neural network.
The proposed model comprises two convolutional layers, two
pooling layers, and two fully connected layers. The last fully
connected layer outputs a single value which is the predicted



Layer Description
CNN Backbone MobilenetV2 (pre-trained)

without the classification layer
AdaptiveAvgPool2d Adaptive average pool

Flatten Flatten to one-dimensional space
LinearRegressionHead Fully Connected layer, Output Size: 1

Table 1. Teacher Model Architecture

Layer Description
Conv1 No. of Filters: 16, Kernel Size: 3X3, Stride: 1, Padding: 1
ReLU1 ReLU activation

MaxPool2d Kernel Size: 2X2, Stride: 2
Conv2 No. of Filters: 32, Kernel Size: 3X3, Stride: 2, Padding: 0
ReLU2 ReLU activation

MaxPool2d Kernel Size: 2X2, Stride: 2
FC1 Linear Layer, Output Size: 64

ReLU3 ReLU activation
FC2 Linear Layer, Output Size: 1

Table 2. Student Model Architecture

solar irradiance for that particular image. The student model
has 619617 parameters.

4. EXPERIMENTS AND RESULTS

To assess the performance of the proposed distillation process
we trained the teacher model and the student model with and
without the distillation approach. The chosen training subset
consists of 46,527 training and 11,574 test images (as stated
in section 3.1). The training process involves optimizing the
model’s hyperparameters.

Each model was trained for 50 epochs with a batch size
of 50. The learning rate was initially set to 0.01 and a StepLR
scheduler was used in conjunction with the Adam optimizer,
which reduces the learning rate by a factor of 0.5 after each
epoch. During training, the teacher and student model (with-
out kd), mean squared error (MSE) was employed as the eval-
uation metric. During performing knowledge distillation, the
pre-trained teacher model was used to obtain the teacher’s
output, and the student model was trained from scratch. For
distillation, we set alpha (α) = 8 and temperature (τ )=10 after
doing some parameter tuning.

Table 3 demonstrates the performance of the models
based on mean squared error (MSE) and root mean squared
error (RMSE). The teacher model is based on the Mo-
bileNetV2 (pre-trained) backbone and thus it performed well
on the data leading to an MSE loss of 1970.75 and RMSE of
43.71. We used this model as our teacher model to evaluate
the sigmoid-based distillation process. We also trained the
student model from scratch. It achieved the lowest MSE of
3015.63 and RMSE of 54.10. Finally, we trained the student
model again from scratch but with the knowledge distillation
approach. It can be seen that now, the student model achieved
a significantly lower amount of loss in comparison to before

Model No. of Paramteres MSE RMSE
Teacher 2225153 1970.75 43.71
Student 619617 3015.63 54.10

Student with KD 619617 2540.67 49.96

Table 3. Performance comparison of the Teacher and the Stu-
dent model with and without knowledge distillation approach.

(2540.67 MSE and 49.96 RMSE).

5. CONCLUSION

In our research, we have introduced an innovative way to en-
hance the efficiency of intra-hour solar irradiance estimations
by employing a new knowledge distillation approach specif-
ically designed for optimizing image regression tasks. Inte-
grating infrared sky images captured under varied cloud con-
ditions and utilizing the MobilenetV2 as the backbone of our
teacher model has been pivotal to our research.

We validate the effectiveness of the proposed method
through extensive experimentation and evaluation. The
method illustrates a significant enhancement of the accuracy
of the simple student model in predicting solar irradiance
from infrared sky images.

The lightweight architecture and fast computation of the
student model make it suitable for edge deployment. This
study will be a stepping stone for future works on efficient
model compression research in the field of solar power pre-
diction and forecasting. Furthermore, the proposed sigmoid-
based distillation loss function can be employed in optimizing
regression models around different domains.
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