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ABSTRACT 

Deep learning has a profound impact across multiple scientific domains and has increasingly 
positioned itself as a versatile tool for addressing new challenges in the field of natural (Earth) 
observation. However, researchers in Earth observation often face significant entry barriers, 
primarily due to the complexity and rapid evolution of the field, which is heavily driven by innovations 
in computer vision. To assist researchers in overcoming these challenges, this paper provides a 
comprehensive discussion of the development of deep learning, with a particular focus on image 
segmentation and object detection using convolutional neural networks. The paper begins with key 
developments when convolutional neural networks set new benchmarks in image recognition, and 
continues through to the innovations made recently. This paper traces the interconnections among 
the most influential convolutional architectures and major milestones originating from computer 
vision, facilitating a clear understanding of how these advances shape modern deep learning 
models. Additionally, we offer insights into the evolution of popular deep learning frameworks and 
present a summary of datasets commonly used in natural observation. By exploring well-performing 
architectures and evaluating their applications on Earth observation datasets, we assess how 
breakthroughs in computer vision influence future research in natural observation. This paper 
bridges the gap between theoretical advancements in computer vision and their practical 
implementation in natural observation, equipping researchers with the knowledge needed to 
effectively integrate deep learning into their work. 
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1. INTRODUCTION 

In recent years, deep learning has garnered significant attention in both scientific research and 

practical applications [1]. The big breakthroughs are not only in computer science fields like face-

action recognition [2], multimedia system network [3-6], Large language & vision generation models 

[7-9], auto-driving navigation [10], but also in Medical [11], Spectroscopy [12, 13], human health 

[11, 14-16] scientific research [17, 18] etc. Fields. Two primary factors driving this surge are the 

increased accessibility of data and advancements in computational processing power, especially 

through the use of graphics processing units. These developments have enabled researchers to 

demonstrate deep learning concepts that often outperform traditional approaches. The rapid evolution 

of these insights has also led to their widespread application across various disciplines, fostering a 

self-reinforcing research environment that profoundly impacts both science and practice. 
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With big progress achieved in computer vision [19-27] and powerful software in the chain [28, 29], 

the growing availability of data has been particularly evident in the field of all-kinds observation, 

where high-resolution optical and multispectral imagery play a crucial role. Recent achievements in 

reinforcement [30] and social Learning [31-38] makes even great insight in real-world application. 

With many Earth observation archives now being opened, the volume of available high-resolution 

remote sensing data is expected to increase significantly in the near future. However, high-resolution 

imagery has already enabled the transfer of deep learning techniques from computer vision to Earth 

observation, with applications such as detecting and segmenting vehicles, roads, and buildings from 

aerial images. These early successes have demonstrated the potential of deep learning for Earth 

observation, and today, applications are expanding beyond traditional RGB images. The increasing 

number of deep learning implementations in this field continues to reveal new trends and possibilities 

for analyzing remotely sensed data. 

The importance of deep learning extends far beyond individual disciplines, permeating the broader 

scientific community with the support from hardware advancements, like millimeter Wave 

technology [39-43] and Robotics [44]. In 2019, the IEEE Conference on Computer Vision and Pattern 

Recognition, renowned for its contributions to deep learning research, reached the top ten h5-index 

rankings for the first time. The involvement of major technology companies such as Google and 

Facebook have also contributed significantly to the field’s growth. These companies not only drive 

theoretical research but also develop widely adopted frameworks, with Google advancing 

TensorFlow and Facebook promoting PyTorch. A useful indicator of the field’s rapid growth is the 

increasing number of deep learning-related publications. Both the absolute volume of submissions 

and their share within the computer science and statistics categories have grown annually, reflecting 

a broadening interest in deep learning across multiple domains. 

One reason for the success of deep learning lies in its ability to represent abstract concepts such as 

speech and images. These models have outperformed traditional machine learning methods and signal 

processing techniques in areas like speech recognition and handwritten digit recognition. A pivotal 

moment came in 2012 when Ciresan [45] and Krizhevsky [46] introduced convolutional neural 

networks (CNNs) for image recognition. Krizhevsky model, known as AlexNet [46], set a new 

standard by winning the ImageNet Large Scale Visual Recognition Challenge, a major competition 

for computer vision tasks. The remarkable performance of AlexNet in 2012 marked the beginning of 

modern deep learning’s rapid development, making it a central point of reference for this paper. 

Initially rooted in computer science, deep learning has since expanded into numerous other fields. 

The widespread citation of Krizhevsky work in disciplines beyond computer science illustrates the 

broad impact of convolutional neural networks. As the number of citations continues to grow, it 

highlights the increasing relevance of CNNs across various research domains. 

Given the centrality of imagery data to observation, deep learning has found a natural application in 

this field. For example, good progress was made by computer vision in surgery of liver 

Transplantation [47-50]. However, the adoption of these techniques by the Earth observation 

community lagged three to four years behind their introduction in computer vision. The number of 

Earth observation studies employing deep learning has more than doubled annually. This growth 

persisted into 2020, with publications in the first quarter alone accounting for nearly half the total 

number from 2019. Recent reviews have documented the diverse applications of deep learning in 

remote sensing, including super-resolution imaging, data fusion, denoising, weather forecasting, 

scene recognition, classification, and object detection using optical, multispectral, hyperspectral, and 

synthetic aperture radar sensors. Given the wealth of insights generated in deep learning over the past 

eight years, this paper aims to provide a detailed examination of the field’s progress, particularly 

within computer vision, from 2012 to late 2019. The review focuses on two core areas: object 

detection and image segmentation using convolutional neural networks. By tracing the key milestones 

and their interconnections, we offer Earth observation researchers a roadmap to better understand and 

leverage these advancements. Whether seeking to adopt deep learning for the first time or selecting 
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the most suitable models for specific research questions, this review addresses key challenges, 

including overcoming the high entry barriers associated with deep learning. 

This review contributes to addressing one of the field's open questions—how to lower the barriers for 

adopting deep learning, as highlighted by Ball et al. [51]. The insights presented here provide a solid 

foundation for understanding the principles of convolutional neural networks. In Part II of this review, 

we will build on this foundation by exploring practical applications of CNNs within Earth observation, 

drawing on leading research from top journals in the field. 

2. DEEP LEARNING WITH CNNS  

In supervised machine learning, algorithms are designed to learn meaningful features from labeled 

training data to make accurate predictions for unseen inputs [52]. Deep learning models, as a 

specialized form of machine learning, consist of multiple stacked layers that progressively extract 

richer and more abstract patterns from input data. As the number of layers increases, the model 

becomes deeper and capable of capturing increasingly complex representations, which gives rise to 

the term "deep learning." Machine learning belongs to the broader domain of artificial intelligence, 

making deep learning a specific area within it rather than synonymous with it. Before delving into 

different deep learning models, Table 1 offers an overview of essential terminology. This table is 

organized both thematically and chronologically to help readers navigate the key concepts in deep 

learning, including topics such as image recognition, image segmentation, and object detection. 

A classical deep learning model, the artificial neural network depicted in Figure 1, consists of a 

sequence of fully connected layers arranged from input to hidden to output layers of artificial neurons 

[46]. In a fully connected network, each neuron in one layer connects to every neuron in the preceding 

layer through linear operations, referred to as weights or parameters. These connections transmit 

values by multiplying each input with its corresponding weight and passing the results to the next 

layer. Each neuron sums the incoming values and applies a non-linear activation function to transform 

the data further. This process enables the network to map input data through multiple hidden layers 

to produce an output, forming a higher-order non-linear function. Images, as records of natural signals, 

convey information through pixel values and their spatial relationships. Low-level features, such as 

edges, can be combined into higher-level features with semantic meaning. Analyzing images requires 

uncovering these distinctive representations by exploring pixel values and their connectivity. A 

standard artificial neural network may struggle to capture these spatial relationships effectively. In 

contrast, a convolutional neural network can learn representational features at varying levels of 

abstraction while accounting for pixel values and their spatial arrangements. Convolutional 

operations serve as trainable kernel functions, which connect layers in a convolutional neural network 

similarly to the way linear connections link layers in an artificial neural network. These kernels are 

locally sensitive, enabling convolutional networks to learn spatial features from input data more 

effectively. 
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Figure 1. The convolutional backbone is an essential part of the architecture's overall structure. 

Starting from an input image, it generates feature maps through convolution and reduces their 

resolution via max pooling operations, resulting in smaller but deeper feature maps. This process 

continues until the data reaches the classifier head—a fully connected artificial neural network 

(ANN). The illustration details the transition between the convolutional backbone and the classifier 

head, as well as the structure of a multi-layer ANN performing classification. 

To illustrate the basic functionality of a convolutional neural network, consider a network architecture 

for image recognition, as shown in Figure 1. This architecture can be divided into three main 

components: the input, the convolutional backbone, and the classifier head. The input, represented as 

a two-dimensional array, passes through the convolutional backbone, where a series of convolutional 

operations, activations, and max-pooling layers extract high-level features. The classifier head, 

positioned at the end of the backbone, consists of a series of fully connected layers, similar to those 

in an artificial neural network. It utilizes the features extracted by the backbone to classify the input 

into predefined output classes and estimate the probability of each class. 

3. IMAGE SEGMENTATION 

The features extracted by a convolutional backbone contain high-level semantic information, making 

them useful for predicting the overall class of an image. Image segmentation also relies on these high-

level features but aims to classify individual pixels rather than the entire image. This creates a 

challenge: within a convolutional backbone, feature maps are progressively reduced in resolution as 

semantic depth increases. Consequently, while these maps carry rich semantic information, they lose 

precise spatial details, which are essential for accurate pixel-level predictions. This trade-off between 

feature depth and resolution presents a significant challenge for image segmentation. Furthermore, 

predicting the correct class for each pixel requires not only spatial accuracy but also an understanding 

of contextual relationships. 

Contextual information for segmentation can span both short and long distances around a pixel [46]. 

The continuity and size of the semantic segment a pixel belongs to, as well as the density of 

neighboring segments from other classes or background, play a crucial role in accurate prediction. 

Therefore, image segmentation is inherently a multi-scale problem, even when working at the pixel 

level. Advances in the field have focused on addressing this issue by utilizing features from different 

stages within the network or by preserving and reconstructing high resolution during feature 
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extraction and prediction. Figure 2 illustrate the applications are shown for all these tasks, which is 

understood as the prediction of a class for a whole image. 

Because image segmentation involves predictions at the pixel level, the benchmark datasets and 

evaluation metrics differ from those used in traditional image classification tasks like ImageNet. This 

review employs the PASCAL-VOC [20] test dataset as the primary benchmark. If not specified 

otherwise, this dataset will be referred to simply as PASCAL-VOC throughout the discussion. 

PASCAL-VOC was selected due to its established reputation and consistent use over time, allowing 

for an examination of the evolution of segmentation models since 2014. While newer datasets like 

Cityscapes offer more challenges, PASCAL-VOC provides valuable insights into long-term 

developments. The primary performance metric for PASCAL-VOC is the mean Intersection over 

Union across all classes, which reflects the accuracy of pixel-level predictions. 

 

Figure 2. Examples for the tasks of: image recognition, assigns a single label to a whole image; 

image segmentation, densely classifies each pixel, object detection: locates and classifies specific 

objects in an image by providing a bounding box; and instance segmentation, provides a 

segmentation mask for detected objects within a bounding box. 

Encoder-decoder models provide a framework for tackling the challenges of image segmentation. In 

this architecture, the encoder acts as the convolutional backbone, extracting feature maps from input 

data. The decoder complements the encoder by using these final feature maps along with spatially 

accurate information from earlier encoder layers. Within the decoder, feature maps are unsampled or 

deconvolved to restore the original resolution. Additionally, skip connections transfer spatial 

information from corresponding encoder layers to the decoder, ensuring precise pixel-level 

predictions. Once the input resolution is fully recovered, the model generates a segmentation mask 

by assigning class labels to each pixel. This paper of image segmentation architectures will first 

explore the foundational Fully Convolutional Network (FCN) model, followed by a focus on naïve 

decoders exemplified by the DeepLab family. Finally, it will delve into more advanced encoder-

decoder architectures, highlighting how these models address the challenges of high-resolution 

segmentation. 

4. OBJECT DETECTION 

While image recognition and image segmentation can be modeled as classification problems, object 

detection is a multi-task problem. Predicting the object class remains a classification task, whereas 

predicting the location—defined by a bounding box around each detected object—is a regression task. 

Therefore, benchmark datasets must contain additional bounding box annotations, and architectures 

must handle both classification and regression simultaneously. The benchmark dataset used is the 

object detection test-dev set from the Microsoft Common Objects in Context (MS-COCO) [53]. The 

performance metric of interest is the mean Average Precision, or in the case of MS-COCO, simply 

the Average Precision (AP), which is considered equivalent. 

Architectures for object detection can be divided into two groups: two-stage detectors and one-stage 

detectors. In general, two-stage detectors achieve higher Average Precision, as demonstrated by the 
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progress made from late 2013 to 2019. One-stage detectors are lightweight in terms of parameters 

and complexity, and are therefore faster, as measured by processed frames per second [54]. More 

specifically, two-stage detectors are characterized by a first stage that processes class-agnostic region 

proposals. The object class prediction of those potential regions and the final bounding box regression 

are then performed in the second stage. On the other hand, one-stage architectures perform class 

prediction and bounding box regression in a single shot from the input image. One-stage detectors 

play an important role in the evolution of convolutional neural network-based object detection and 

are also widely used in applications and research [55, 56]. Therefore, some popular designs are 

reviewed below. However, focus is placed on two-stage detectors, particularly the Region-based 

Convolutional Neural Network (R-CNN) family [57]. 

 

Figure 3. Conceptual overview of Feature Pyramid Network (FPN) and its variants. In the original 

FPN (left), the last layers of the convolutional backbone (bottom-up path) are paired with a top-

down path which uses the bottom-up feature layers to enhance the semantic high-level information 

with precise localization. Prediction of region proposals is then done on the different layers of the 

top-down feature pyramid. 

An additional change in the overall design of the Spatial Pyramid Pooling Network (SPPNet [58]) 

made it over one hundred times faster than the original Region-based Convolutional Neural Network 

(R-CNN) as shown in Figure 3. This speedup was achieved by applying the convolutional backbone 

along with the adjacent Spatial Pyramid Pooling (SPP) layer to extract features only once on the entire 

input image, rather than processing each region proposal from selective search separately. As a result, 

the region proposals derived from selective search are scaled to match the resolution of the shared 

feature map, allowing corresponding features to be extracted from it. SPPNet with bounding box 

regression achieved a mean Average Precision of 59.2% on the PASCAL Visual Object Classes 

(VOC) 2007 dataset, using a fast variant of the Zeiler and Fergus Network (ZFNet) [53] as the 

convolutional backbone. Although this performance is slightly lower in terms of mean Average 

Precision compared to R-CNN, SPPNet [53] is 38 times faster. 

Fast Region-based Convolutional Neural Network (Fast R-CNN) was introduced [59]. Similar to the 

Spatial Pyramid Pooling Network, it also exploits shared feature maps for the regions proposed by 

selective search, establishing the use of shared feature maps as the standard approach for two-stage 

object detection. Another similarity to SPPNet is the Region of Interest (RoI) pooling layer in Fast 

R-CNN, which connects the convolutional backbone to a RoI-wise classifier and bounding box 

regression. It performs max pooling by dividing the RoI provided by selective search into a fixed-

resolution feature map. A key difference from SPPNet is that Fast R-CNN introduced a multitask 

head that performs classification and regression within fully connected layers. Apart from the region 

proposal, feature extraction and object detection are integrated within one model, and no additional 

support vector machines are necessary. This was made possible by defining a multitask loss function 

that sums the losses of the regression and classification heads. Because of this combined design, 

training became much more efficient. However, since selective search is still used for proposing 

regions, the model is not end-to-end trainable. Using a Visual Geometry Group 16-layer network as 
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the backbone, Fast R-CNN achieved a mean Average Precision of 66.9% on the PASCAL Visual 

Object Classes 2007 dataset. An initial performance on the Microsoft Common Objects in Context 

dataset was also reported, with an Average Precision of 19.7% [60]. 

The next successor from the R-CNN family is Faster Region-based Convolutional Neural Network 

(Faster R-CNN) by Ren et al. [59], developed in 2015. With the introduction of the Region Proposal 

Network (RPN) module, two-stage object detection finally became end-to-end trainable, unified in a 

single network performing all tasks needed for competitive object detection results. After the 

convolutional backbone, the Region Proposal Network—a small fully convolutional network—is 

inserted. At each position of its sliding window, k translation-invariant anchor boxes are investigated, 

where k is 9 in the proposed method, corresponding to three scales and three aspect ratios. 

Since multiple anchors are predicted at the same sliding window position, heavy overlapping and 

overly noisy object proposals would be the result. To designate a region proposal as valid, it must 

either have the highest Intersection over Union (IoU) score or an IoU greater than 0.7; proposals with 

an IoU less than 0.3 are marked as negative examples. Each positive anchor is then regressed to refine 

the object boundary and is finally used as a Region of Interest. Apart from the Region Proposal 

Network module, the architecture is the same as that of Fast R-CNN: RoI pooling with adjacent 

multitask object class predictor and final bounding box regression. Using a Visual Geometry Group 

16-layer network (VGG-16) as the backbone, Faster R-CNN achieves an Average Precision of 21.9% 

[61]. By changing the backbone to a Residual Network with 101 layers (ResNet-101), the Average 

Precision increases to 27.2% [61]. 

In 2017, with advances in convolutional neural network architectures for object detection and image 

segmentation, He et al. [22] presented Mask Region-based Convolutional Neural Network (Mask R-

CNN), an end-to-end trainable deep learning model for instance segmentation. Besides the two heads 

for classification and bounding box regression, a third head that performs instance mask segmentation 

was added to the architecture. By utilizing the features within a Region of Interest, binary class-

specific masks are predicted using the Fully Convolutional Network for image segmentation 

introduced by Long et al. [62]. Due to the higher spatial precision required for image segmentation, 

Region of Interest pooling was adapted to become Region of Interest alignment. Thus, the Region of 

Interest coordinates were represented as floating-point numbers instead of quantizing them to discrete 

values. To extract the feature values for one Region of Interest bin, values are sampled at four equally 

spaced points, bilinearly interpolated, and aggregated using max or average pooling to represent the 

feature value in the bin. Since standard object detection is still possible with instance segmentation 

architectures, performance is reported on the Microsoft Common Objects in Context object detection 

task with an Average Precision of 39.8% [22]. 

With the Region Proposal Network, Feature Pyramid Network, Region of Interest pooling and later 

Region of Interest alignment, cascading classifier and regression heads, and finally composite 

backbones, the most important modules and insights for object detection with two-stage detectors 

were developed in close relation to the R-CNN family. However, those modules are not exclusively 

designed for the R-CNN architecture, and most of them are not even limited to two-stage detectors. 

This means that the introduced models and insights for object detection with convolutional neural 

networks are flexible and form a foundation for highly task-specific architectures. However, this 

flexibility comes at the price of highly complex models. One-stage detectors, on the other hand, tend 

to be less complex, by using predefined anchors to extract features after the convolutional backbone 

and passing them directly to a detector head, resulting in computationally efficient and more 

streamlined architectures. 
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5. CONCLUSION AND OUTLOOK 

With the availability of advanced architectures and frameworks, applying them to Earth observation 

data is the next step in bridging the gap between computer vision and applied Earth observation. 

However, since overhead imaging data differ from natural images, it is uncertain whether the 

architectures developed for the datasets mentioned earlier will perform well on Earth observation data. 

The main differences between Earth observation data and natural images used in those datasets are: 

Sensor Perspective: In Earth observation data, the sensor typically captures images from an overhead 

perspective relative to the scene, whereas natural images are taken from a side-looking perspective. 

Therefore, the same object classes appear differently in each type of data. 

Data Channels: Computer vision often utilizes three-channel RGB images, whereas Earth observation 

data frequently consist of multichannel image stacks with more than three channels. This difference 

must be considered, especially when transferring models from computer vision to Earth observation 

applications. 

Sensor and Platform Variability: Input data in computer vision models usually come from the same 

sensor and platform. In Earth observation, both the sensor and platform can vary, necessitating the 

incorporation of data fusion into the model. 

Object Orientation: Objects in overhead images lack a general orientation, meaning that objects of 

the same class can appear at any rotation within 360 degrees. This must be accounted for in the 

training data, the architecture, or both. In contrast, natural images often have a more defined top and 

bottom, resulting in a general orientation of objects. 

Object Position and Resolution: In natural images, objects of interest tend to be centered and captured 

in high resolution. In Earth observation data, objects can be off-nadir or located at the edges of images 

with coarse resolution. 

Object Density and Heterogeneity: Objects or classes in Earth observation data tend to be more 

densely packed and heterogeneous than in natural images. 

Because of these characteristics, the tasks of image recognition, image segmentation, and object 

detection are more challenging with observation data. To address this problem, deep learning models 

trained on computer vision datasets are fine-tuned on Earth observation datasets. These Earth 

observation datasets are often smaller, so it is common practice to refine models that have already 

learned to hierarchically extract features from imagery data on larger computer vision datasets. This 

refinement of models originally trained on other datasets is known as transfer learning. Optimized 

parameters for a computer vision task are adapted to an Earth observation task, effectively transferring 

learned skills to a different context. However, even for transfer learning, specialized Earth 

observation datasets must be created. Reflecting on the differences and similarities between data and 

architectures in computer vision and Earth observation, we assert that advances in computer vision 

must be adapted to suit Earth observation applications. Therefore, a thorough understanding of deep 

learning concepts is crucial for assessing and modifying models appropriately. With the extensive 

introduction to convolutional neural networks (CNNs) provided, we have established a foundation to 

closely examine the application of deep learning in natural observation research. 
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