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1. Introduction 
The main goal of this work is to automatically identify, classify, and provide the pixel-level 

segmentation of the features on the Sun, from the smallest to the largest spatial scales, in existing and 
new data. Many advantages arise from access to a fully characterized data base. For instance, 
unprecedented long-term studies of individual solar events can be accomplished, which further provides 
input for new models of solar features and predictions of eruptive events on the Sun. Deep Convolutional 
Neural Networks (CNNs) are ideally suited for this task. Mask R-CNN1 is an example of this type of 
network, which facilitates recognizing a variety of object categories in images very quickly and reliably. 
Same types of networks can be adapted to work with solar data. 

Machine learning techniques are being used in many fields of science. Instead of developing 
complex codes, a computer learns how to solve otherwise time-consuming problems that involve much 
manual labor. Typically, a huge amount of data is a prerequisite to teach the computer how to identify 
patterns in the training set and enabling it without any human interaction to recognize similar features in 
new data. The European Solar Data Centre will archive major data holdings providing an ideal 
environment for a machine to learn specific patterns present in the data.  
 In computer vision, object detection consists of two main tasks. On the one hand, objects need to 
be localized and distinguished from the background of an image. On the other hand, the object needs to 
be classified, that is, identified with a previously labelled tag. The outcome of an object detection program 
is one optimal bounding box around each localized object and the corresponding name of the predicted 
class. Each bounding box is represented by four values: the coordinates of the origin in x and y, the width 
w and the height of the box h. The classification part consists of a probability value, usually a percentage 
from 0 to 100%, which provides information about the accuracy of the predicted class.  
 Object detection algorithms within the framework of machine learning and convolutional neural 
networks have lately become very popular. This is mainly due to the huge amount of available digital 
images and due to the development of faster computers and graphic cards. The applications of fast 
object-detection tools grow rapidly, for instance, autonomous vehicles, medical image diagnosis or road 
monitoring, among many others. In this report, we will evaluate state-of-the-art object detection 
architectures based on convolutional neural networks which are suitable for object identification and 
classification of high-resolution images of the Sun.   

2. Object detection architectures 
There are four main ingredients for object detection2: (1) Regions of interest (ROIs), which can be 

either obtained by a deep learning model or with segmentation algorithms. (2) Visual feature extraction 
from the ROIs and prediction of its content. (3) Non-maximum suppression (NMS), combines overlapping 
bounding boxes of the same object into a single bounding box. (4) Metrics for evaluating the accuracy of 
the detection performance. The convolutional neural networks architecture is especially useful in object 
detection because successively complex features can be extracted in each layer.  

The most popular object-detection algorithms are: R-CNN family of networks, SSD and the YOLO 
family of networks. In addition, U-NET can also be used for object detection although it is based on image 
segmentation. Below we will shortly review their main properties.  
 
2a. Region-based convolutional neural networks (R-CNNs) 
 The R-CNN is considered as one of the first large and successful integration of a convolutional 
neural network for object detection. The architecture was developed by Girshick et al.3 in 2014 and was 
expanded to Fast-RCNN and Faster-RCNN in 2015 and 2016, respectively. The original R-CNN included 
a very slow, computational expensive object detection algorithm called Selective Search. This was 
improved in the Fast-RCNN, but remained the bottleneck of the architecture. Finally, the Faster-RCNN4 
architecture accelerated the object detection by a factor of ten, and it is entirely a deep learning object 
detector. We will only concentrate on the fastest and latest version of the R-CNN. The architecture of the 
Faster-RCNN is as follows: 
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Network 1 → Network 2 

Region proposal network (RPN) based on a CNN. 
Outputs a probability of being an object or not and 
the bounding box location.  

Fast R-CNN: (1) pre-trained CNN model to extract 
features from the image; (2) ROI pooling layer; (3) 
Output layer with (a) softmax classifier to output the 
class probability and (b) a bounding box prediction. 

 
Limitations of the R-CNN architecture compared to other modern architectures: 

• Slow network: long training and slow inference time of objects. Real-time object detection not 
possible.  

• Multiple phases are necessary for the training (region proposal and classification are treated 
separately). 

 
Frames per second (FPS) is a common metric to evaluate the speed of object detection algorithms. 

Quantitatively, according to Elgendy2 the Faster-RCNN algorithm can detect objects in images of 512×512 
pixels at a rate of 7 FPS, with a mean average precision (mAP) of 73%. 
 
2b. Single shot detection (SSD) 

In 2015, Liu et al.5 presented an one-stage object-detection architecture called Single Shot 
Detection (SSD). In contrast to R-CNNs, there are not two separate stages, the ROI proposal and the 
classification, for object detection in images. The algorithm is based on a CNN, which has groups of boxes 
with a fixed size. The main characteristics of the SSD architecture are: 
 

Network → Convolutional layers → NMS 
Base network used for object 
detection: a standard pre-trained 
network without including the 
classification layers.  

After the base network a series of 
convolutional filters are added 
which decrease gradually the size 
of the images (lower the resolution) 
to allow detections at multiple 
scales. 

Non-maximum suppression: to 
unify overlapping bounding 
boxes and use only one 
prediction box for each object. 

 
 The predicted output from the SSD are four variables describing the bounding box (x, y, w, h), one 
value which scores whether there is an object or not within the bounding box, and the probability of each 
object class inside the box. Here “class” refers to the type of object, which needs to be pre-trained and 
labelled beforehand. The bounding boxes are always kept with the same size, contrary to the image 
dimensions, which are successively resized to assure object detection of multiple scales.  
 As presented by Elgendy2, SSD can detect objects in images of 512×512 pixels at a rate of 22 
FPS, with a mAP of ~77%. 
 
2c. You only look once (YOLO) 

Similar to R-CNNs, there is the state-of-the-art family of three You only look once (YOLO) 
networks: YOLOv16, YOLOv27 (also called YOLO9000), and YOLOv38. They are all end-to-end deep 
learning models and were conceived for very fast object detection. However, the accuracy of the object 
detection is lower than the previous algorithms, in expense of having a near real-time performance. As 
SSD, YOLO is also a single-stage detector and splits the image into a grid. The architecture of YOLOv3 is 
described as: 

 
Single network 

The network unifies object detection and classification. Feature extraction is carried out by a pre-trained 
CNN called Darknet-53 with 53 convolutional layers. Additional 53 convolutional layers (that is a total of 
106 layers) are added for the object detection task.  
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 YOLOv3 predicts bounding boxes at three different scales. The network is able to do so by 
downsampling the input image with strides of 32, 16 and 8 pixels. Larger objects will be detected by 
strongly downsampled images, while smaller objects are extracted from higher resolution images. The 
three predictions are made at layers 82, 94, and 106. Each prediction box will have the box coordinates (x, 
y, w, h), one value which scores whether there is an object or not within the bounding box, and the 
probability of each object class inside the box. Since the images are resized to three different scales, for 
each cell of a grid of nx×ny pixels we will have three predicted bounding boxes. Finally, boxes below a 
given threshold are ignored and NMS avoids multiple detections of the same object.  
YOLOv3 detects objects in images of 608×608 pixels at a rate of 78 FPS, with a mAP of ~58%, as 
described by Elgendy2. 
 
2d. U-Net 

Last, but not the least, there is the U-Net9 architecture, a U-shaped CNN presented in 2015 for fast 
and precise image segmentation. The algorithm was specifically developed for biomedical images, with 
the aim of localising and classifying objects. The advantage of U-Net is that it is based on a modified fully 
convolutional network that works with few training images, as there are not many available in biomedicine. 
The network architecture can be described as follows: 
 

Downsampling network → Upsampling network  
Typical convolutional network with repetitions of 
convolutions, rectified linear unit and max pooling 
operations with stride 2 for gradually downsampling 
the image. 

The so-called expansive path consists of 
upsampling of the feature map, up-convolution, 
convolution, and rectified linear unit layers.  

 
In total, 23 convolutional layers are used. The output is a binary segmentation mask for the whole image. 
Data augmentation was used to increase the number of training data. A study of Vuola et al.10 in 2019 
shows that U-Net has an mAP of about 51%. A different version of R-CNN called Mask R-CNN1 was 
recently developed with the goal of image segmentation instead of object detection.  

3. Conclusions 
 We presented the most popular state-of-the-art object-detection algorithms based on CNNs with 
their main properties and architecture. All algorithms can be used for the goal of preparing a toolkit for 
object identification in high-resolution solar images. The first algorithm which will be tested on our high 
resolution solar images is YOLOv3, because of its fast performance. This document will be expanded 
within the SOLARNET timeframe if new suitable algorithms become available.   
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