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Abstract: Map compilation is a fundamental component of cartography. Apart from vector 
maps, satellite image maps also require compilation for specific purposes, such as 
enhancing visual clarity, concealing sensitive information, and ensuring consistency with 
corresponding vector representations. This paper proposes an automated method for 
satellite image map compilation based on deep learning and guided by vector map data, 
which consists of several key steps. First, scale-matched vector maps and satellite image 
maps are aligned and partitioned to generate training samples in the form of paired vector 
tiles and satellite image patches. Second, a base satellite image generation model with an 
encoder-decoder-type deep learning architecture is constructed and trained on these 
sample pairs to learn the mapping from vector data to realistic satellite imagery. Third, 
geographic objects designated for compilation are identified, and transfer learning is 
performed to fine-tune the base model, which improves its sensitivity to regions requiring 
modification. Subsequently, specific compilation operations—deletion, insertion, 
distortion, and displacement—are defined; corresponding vector features are then edited 
using analogous transformations before being input into the trained model to generate 
updated satellite images reflecting the intended changes. The proposed method enables 
both selective and operation-diverse compilation of geographic objects in satellite image 
maps. Experiments conducted using real-world datasets verify the capability of the 
proposed method to compile linear and polygonal geographic objects through various 
operations.

Keywords: vector map; remote sensing cartography; generative adversarial network; 
transfer learning; deepfake cartography

1. Introduction

Satellite image maps produced through satellite remote sensing cartography 
represent regional geographical environments more realistically than vector maps, 
thereby helping users achieve intuitive and comprehensive spatial awareness. Satellite 
image maps are also widely used across various electronic map platforms. During 
cartographic production, map compilation is one of the most important processes[1]. 
Traditionally, while map compilation focuses on editing vector map data, the compilation 
of geographic objects in satellite image maps is also important. Satellite image maps have 
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long been perceived merely as mosaics of remote sensing images without compiled 
geographic objects. With the popularization of satellite image maps and the expanding 
scope of cartography, the compilation of geographic objects in satellite image maps has 
become necessary in certain circumstances[2-4]. For example, some buildings and roads in 
satellite image maps may need to be deleted, moved, or created to ensure the security of 
sensitive geographic information[5-7].

Unlike general image editing, satellite image map compilation necessitates various 
operations to edit geographic data selectively based on cartographic constraints, such as 
map context consistency, topology consistency, geographic consistency, and consistency 
across multiple data types. Moreover, the compilation of geographic objects in satellite 
image maps is far more complex and tedious than in vector maps. Geographic objects in 
vector maps are defined independently and represented by corresponding geometric units, 
whereas those in satellite image maps are blended with satellite image pixels. Moreover, 
geographic objects in vector maps can be compiled by simply editing their vector 
coordinates; however, to compile geographic objects in satellite image maps, different 
geographic objects must be separated and their pixel values adjusted individually, which 
is particularly tedious given the enormous number of pixels to be processed. Thus, 
manually compiling satellite image maps and appropriately connecting the geographic 
objects with their surroundings is exceedingly time-consuming and energy-intensive. 

The compilation of geographic objects in satellite image maps can be automated by 
first detecting the target objects within satellite imagery and then editing them using 
digital image-processing techniques. Considering the growing accuracy and usability of 
remote-sensing-based target detection techniques, certain deep-learning-based 
algorithms[8-10] can be employed to automatically detect geographic objects for 
compilation in satellite image maps. For example, Mask RCNN has been used to detect 
and separate geographic objects from satellite image maps; moreover, Deep-Fill models 
or masked autoencoders have been used to learn the surroundings of geographic objects 
and replace them with artificially generated pixels to conceal the objects[11-12]. 
Additionally, deep-learning--based image-editing methods[13-15] that manipulate input 
representations (e.g., segmentations or masks) to produce modified images can improve 
such techniques further. However, the effectiveness of such methods depends on the 
accuracy of the geographic object detection model; additionally, only objects detected by 
the model can be processed, and all the detected objects compulsorily undergo processing. 
Thus, the target-detection-based strategy is not sufficiently flexible for compiling 
unidentified geographic objects or selectively processing detected objects. Additionally, 
as this strategy can only blend detected objects with their surroundings, it effectively 
enables only deletion operations and is incapable of other operations essential for 
compiling satellite image maps, e.g., insertion, displacement, or distortion.

Generative artificial intelligence (GenAI) has provided a breakthrough in image 
processing[16-17], enabling the batch creation and modification of diverse types of images. 
Thus, GenAI represents a promising approach to automating the compilation of 
geographic objects in satellite image maps. This paper proposes a novel strategy for 
compiling geographic objects in satellite image maps, which involves using transfer-
learning-based GenAI to perform data transformation between vector maps and satellite 
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image maps. The proposed strategy supports various operations, e.g., deletion, insertion, 
and displacement, for compiling geographic objects in satellite image maps and can also 
generate deepfake satellite image maps with selectively represented geographic objects. 
The remainder of this paper is organized as follows: Section 2 reviews the related 
literature. Section 3 introduces the overall concept of the proposed strategy. Section 4 
details the methodology of compiling geographic objects in a satellite image map 
according to a corresponding vector map using deep learning, including sample extraction 
from the vector map and satellite image map, the creation of the deep-learning-based 
satellite image generation model, and the use of transfer learning to compile the 
geographic objects in the generated satellite image map. Section 5 describes the 
experimental setup and discusses some use cases. Finally, Section 6 concludes the paper 
and outlines the scope for further research.

2. Related work

2.1. GenAI in map compilation
Considering the breakthroughs achieved in image translation, style transfer, and 

image creation[16-17], GenAI has become popular in map compilation research[18], as 
exemplified by GenAI-based remote sensing mapping[18-22], map generalization[24-28], 
multi-scale map representation[29], and map style transfer[30-32]. Specifically, in map 
compilation, converting remote sensing images to general map tiles aligns with the 
primary aim of remote sensing cartography and has been a key focus of map compilation 
research. Consequently, most GenAI-based map compilation studies have focused on 
general maps rather than satellite image maps, and most existing models are trained to 
convert remote sensing images to general map tiles. Examples of such models include 
certain generative adversarial networks[19-23]. With the expanding scope of cartography[33], 
the concept of “pan-maps”[34] has emerged. Apart from capturing the real world 
accurately, pan-maps are also intended to represent different types of virtual or fictional 
areas, such as in video game maps[35,36], deepfake geography[37], and even metaverse 
cartography[38], where remote sensing images need to be edited or created selectively. 
Most maps, including remote sensing maps, are intended to represent certain parts of the 
world selectively[2-4]. Therefore, in the pan-map era, deepfake remote sensing 
cartography—compiling remote sensing maps for selective representation using GenAI—
is necessary. However, research on creating remote sensing images using GenAI, 
especially satellite image map compilation with GenAI, remains limited. For example, 
Cycle-GAN[39], which enables unpaired image-to-image translation, has been utilized for 
interconversion between remote sensing images and general map tiles. However, while 
this approach involves GenAI-based remote sensing image creation, it does not support 
the editing of geographic objects within remote sensing images—a capability that is 
essential for satellite image map compilation. Despite the potential and importance of 
such functionality in enabling GenAI-based satellite image map compilation, few studies 
have investigated this domain.

2.2. GenAI in remote sensing image creation
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Existing GenAI-based methods for remote sensing map creation can be classified into 
two types: text-based and image-based. Text-based strategies involve creating or 
enhancing text-based learning models, training these models to fit the mapping from 
semantic information to remote sensing images, and then using the trained models to 
generate remote sensing images from semantic information. For example, the Hopfield 
neural network has been improved to realize text-based remote sensing image 
generation[40]. Under image-based strategies, style transfer models are first created or 
enhanced and are then trained to fit the mapping from other types of images to remote 
sensing images; subsequently, the trained models can transfer the styles of different 
images to generate remote sensing images. For example, CycleGAN has been used to 
learn the mapping from raster map tiles to remote sensing images[41], while CSEBGAN 
was designed to generate remote sensing images from semantic classification images[42]. 
Even though text-based and image-based strategies can be used to distort, move, or blur 
geographic objects in the generated images, these methods cannot compile geographic 
objects selectively or allow different operations (e.g., insertion, displacement, and 
distortion) to be performed on selected geographic objects. In fact, existing GenAI-based 
methods are designed to generate remote sensing images that closely replicate real 
images rather than to selectively compile geographic objects in the generated images. 
The research conducted thus far has verified the feasibility of fitting the mapping from 
general map data to remote sensing data. Accordingly, GenAI-based methods can 
adaptively generate large amounts of remote sensing images, thereby facilitating the 
convenient generation of satellite image maps. 

3. Overall strategy

A deep convolutional neural network (CNN) is used to learn and fit the mapping from 
vector maps to satellite image maps, which serves as the basis for designing the method 
for compiling geographic objects in the satellite image map. Fig. 1 illustrates the overall 
strategy. First, based on the map scale and resolution, the satellite image map and vector 
data map are matched and divided into grid cells to extract samples (i.e., matched satellite 
images and vector tiles) suitable for the deep neural network. Second, a satellite image 
generation model is designed based on the deep CNN and is trained to fit the mapping 
from vector tiles to satellite images. Third, the geographic objects to be compiled are 
selected from the matched map data by indexing and confirmed, whereafter the samples 
containing these objects are segmented and extracted based on the same grid size as in 
the first step; these samples are regarded as region-specific data. Subsequently, through 
transfer learning, the satellite image generation model is fine-tuned on the region-specific 
data to enhance its ability to generate satellite imagery for the regions to be complied. 
Thus, the trained model can generate compiled satellite image maps from edited vector 
maps. Fig. 1 shows an example of the deletion of a building (delineated by the red boxes) 
in satellite images resulting from the deletion of the corresponding geometric feature 
(enclosed by the yellow box) in the vector data. Specifically, performing various operations 
(i.e., deletion, insertion, and displacement) to edit the geographic features in the vector 
map and feeding the edited vector tiles into the trained model yields satellite image maps 
that replicate the corresponding modifications to the geographic objects.  
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Fig. 1 Overall strategy to compile geographic objects in satellite image maps based on vector 
maps via deep learning (the original vector tiles and satellite images were crawled from 
OpenStreetMap (https://www.openstreetmap.org/) and Bing Maps (https://cn.bing.com/maps), 
respectively, based on ArcGIS 10.2 (http://www.esri.com); the compiled satellite images were 
modified by the authors and are copyright-free).

4. Methodology

4.1. Map division and sample extraction
Large-scale vector map data are often acquired from high-resolution satellite remote 

sensing images; such vector maps share a correspondence with the source satellite image 
maps. If the scales of such vector maps and satellite maps are consistent, then the 
geographical objects in the vector map can be considered equivalent to those in the 
satellite map. The relationship between the vector map’s scale and the satellite image 
map’s resolution can be expressed as follows: 

λ·(svo/scale) ≤ pix <svo/scale, 0<λ<1,                                                       (1)
where pix refers to the actual distance represented by one pixel in the satellite image, 
which quantifies the satellite image map’s resolution[43]; scale refers to the vector map’s 
scale; svo refers to the smallest visible distance[44] on the vector map; and the ratio 
svo/scale denotes the smallest object size that can be represented in the real world based 
on the vector map’s scale. Additionally, λ signifies the adjustment parameter for 
controlling the range of scale similarity. To match similar-scale vector maps and satellite 
image maps, data extracted from such maps should be unified in the same projection 
system using suitable projection conversion methods[45]. Then, the matched maps to be 
compiled must be divided into tiles for sample extraction, as outlined in the following steps, 
where VecMap and ImgMap refer to the vector map data and satellite image map data, 
respectively.

Step 1. Construction of division grid: Fixed grid cells are constructed to segment 
VecMap and ImgMap. The edge length of each grid cell is denoted by l. Let l = pix·npix, 
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where npix ∈ Z+. Additionally, npix represents the number of extracted image-edge pixels. 
The constructed grid cells are denoted by {Gi| I ∈ [1, ngrid]}, where ngrid ∈ Z+. 

Step 2. Sample extraction: Gi’ is assumed to represent any Gi ⊆ (VecMap ∩ ImgMap), 
and VecMap and ImgMap are divided according to the boundary of Gi’. The portions of 
VecMap and ImgMap contained within Gi’ are rasterized and normalized to vmi’ and imi’, 
respectively, where pix represents the rasterization resolution. The matrix size of vmi’ or 
imi’ is denoted by [npix, npix, nch], where nch represents the image channels. By repeating 
this process while traversing {Gi| i ∈ [1, ngrid]}, all samples are extracted, i.e., {{vmi’, 
imi’}| i’ ∈ [1, ngrid]}, where a pair of vmi’ and imi’ constitutes one sample.

Step 3. Construction of sample sets: {{vmi’, imi’}| i’∈[1, ngrid]} is divided into two non-
overlapping sets in a certain proportion, i.e., the training set and the testing set, denoted 
as VI1={{vmi1’, imi1’}| i1’∈[1,n1]} and VI2={{vmi2’, imi2’}| i1’∈[1,n2]}, respectively. 
Additionally, if necessary, more samples are extracted by moving the grid cells to augment 
the data in the training and testing sets[27].

 
4.2. Construction of basic satellite image generation model

The encoding and decoding[27] process is somewhat similar to map cognition and 
satellite cartography. Thus, deep CNNs with an encoder-decoder structure can be used 
to construct a generative model to fit the mapping from vector tiles to satellite images. 
The encoder can extract various features from vector tiles through multiple convolution 
and pooling layers, while the decoder can decode these features to generate satellite 
images through multiple convolution and unpooling layers. A classic deep CNN with an 
encoder–decoder structure is used to construct a satellite image generation model. As an 
example, Fig. 2 shows the convolution, pooling, and unpooling functions in this network, 
denoted by C, P, and U, respectively. The encoder and decoder are denoted by E and D, 
respectively, while the loss function is denoted by L. Additionally, residual blocks, jump 
connections, adversarial structures, attention mechanisms, and other deep learning 
elements[46] can be integrated into this classic model to construct various generative 
models with better learning and prediction capabilities. The proposed model is not limited 
to a specific encoder–decoder network. 

Fig. 2 Satellite image generation model based on classical encoder–decoder-type CNN (the 
original vector tiles and satellite images were crawled from OpenStreetMap 
(https://www.openstreetmap.org/) and Bing Maps (https://cn.bing.com/maps), respectively, 
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based on ArcGIS 10.2 (http://www.esri.com); the compiled satellite images were modified by 
the authors and are copyright-free).

The general process of constructing a satellite image generation model is as follows:
Step 1. An encoder-decoder-based CNN is constructed, denoted by DE(W, B), where W 

and B represent the neural network parameters, which are initialized randomly. 
Step 2. The CNN is trained with VI1. Batches of samples from VI1 are fed to the 

network, and the network parameters are adjusted adaptively based on Equation (2). 
Specifically, let {{vmi1’, imi1’}| i1’∈[j, j + η]} ∈ VI1 represent a batch of samples, where 
j∈[1, n1], and η represents the number of sample batches. Furthermore, assuming j = 1, 
L(DE(W, B)({vmi1’}), {im i1’}) is calculated, which constitutes the basis for adjusting the 
neural network parameters using the optimizer. The adjusted parameters are denoted by 
W’ and B’. Let W = W’ and B = B’, and let j = j + η + 1. This step is repeated until j ≥ n1 

(i.e., all samples have been learned). Then, assuming j = 1, the network is trained over 
several epochs to achieve perfect fitting. Thereby, the network parameters become fixed.  

Min(L(DE(W, B)(vmi’), imi’ |{vmi’, imi’}∈VI1}).                                           (2)
Step 3. The trained DE(W, B) is tested on VI2. After feeding vmi2’ into the trained 

network, DE(W, B)(vmi2’) is fetched. Then, the similarity between DE(W, B)(vmi2’) and im i2’ is 
evaluated in terms of precision, recall, accuracy, F1 score, and other metrics[46]. Based on 
the results, the network with the highest testing precision can be used to generate 
satellite images. Specifically, for any vmi’, DE(W, B)(vmi’) is calculated, and DE(W, B)(vmi’) is 
denormalized to generate satellite images.

4.3. Selective compiling of geographic objects in satellite images
For clarity, the compiled geographic object in the satellite image map is denoted as 

ob’, and the compiled geographic feature corresponding to ob’ in the vector map is 
denoted as ob. Additionally, ob comprises a series of coordinates, i.e., ob = {(xk, yk)| k ∈ 
[1, nob]}, where xk and yk represent the x-coordinate and y-coordinate, respectively, in the 
projection, and nob denotes the coordinate count. 

4.3.1. Transfer learning using satellite image generation model for compiling 
region

Through transfer learning, the satellite image generation model is additionally trained 
on a small amount of vector map data and satellite image map data containing the 
compiling region to enhance the comprehension of that region. Specifically, the transfer 
learning process is divided into sample extraction and model training, which are detailed 
as follows:

 Map division and sample extraction for compiling region 
The vector map and satellite image map, which contain ob and ob’, respectively, are 

divided based on the following steps to extract raster samples. If all compiled geographic 
objects are contained within the extracted samples, the following steps are terminated; 
otherwise, the steps must be repeated.

Step 1. Construct a division grid set, denoted as Gri, and a square grid, denoted as 
Gi’’, centered on the geometric center of ob, whose side length equals l, as mentioned in 
Section 4.1. Subsequently, add Gi’’ to Gri. 
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Step 2. If ob is fully contained within Gri, proceed to the next step; otherwise, 
construct a new square grid, Gi’’+1, adjacent to Gi’’ in eight directions. If Gi’’+1 ∩ ob ≠ Ø, 
add Gi’’ to Gri and repeat this step.

Step 3. For any Gi’’ ∈ Gri, divide VecMap and ImgMap according to the boundary of 
Gi’’; rasterize the regions contained within Gi’’, where the resolution ratio equals pix, as 
mentioned in Section 4.1; and normalize the rasterized tiles of VecMap and ImgMap to 
vmi’’ and imi’’, respectively. Repeat this step while traversing Gri to extract all compiling 
region samples, which are denoted as {{vmi’’, imi’’}| i’’∈[1, n’’]}, where n’’ represents the 
number of compiling region samples. 

 Training of satellite image generation model based on compiling region samples
The instance-based transfer learning strategy[47] is adopted to adjust the parameters 

of the trained satellite image generation model. Specifically, the compiling region samples, 
i.e., {{vmi’’, imi’’}| i’’∈[1, n’’]}, are used to train the satellite image generation model 
(which has already been trained as explained in Section 3.2) additionally to enhance its 
understanding of the compiling region; this additional training process is similar to that 
described in Section 4.2. 

4.3.2. Selective compiling operations for geographic objects in satellite images
The compiling of geographic objects in satellite images using the satellite image 

generation model can be considered as the editing of the corresponding geographic 
features in the vector map. The proposed compiling method is detailed as follows: 

First, the operations to edit the geographic features in the vector map corresponding 
to the geographic objects to be compiled are selected, and the rasterized tiles centered 
on the edited geographic features are extracted from the vector map. 

Second, the edited vector map tiles are fed into the satellite image generation model 
trained via transfer learning, and the compiled satellite image tiles are generated. 

Finally, the original satellite image tiles are replaced with the generated satellite 
image tiles to complete the compilation of geographic objects in the satellite image map. 

The proposed method enables rapid batch retrieval of geographic features in the 
vector map based on their attributes, facilitating the swift compilation of geographic 
objects in the satellite image map. Furthermore, corresponding to the editing operations 
for the geographic features in the vector map, various compiling operations—such as 
deletion, insertion, distortion, and displacement—for the geographic objects in the 
satellite image map can be automated through the proposed strategy, as explained below. 

 Deletion
After deleting ob from VecMap, VecMap is divided according to Gri, and the divided 

regions are extracted before being rasterized and normalized to {vmi’’_1}. Then, {vmi’’_1} 
is traversed, and every vmi’’_1 is fed into the satellite image generation model to generate 
satellite image tiles, which are denoted as {DE(W, B)(vmi’’_1)}. The regions of the satellite 
image map contained within Gri are replaced with {DE(W, B)(vmi’’_1)}, and ob’ is then 
deleted in the compiled satellite image map. Fig. 3 presents an example of the deletion of 
a geographic object from the satellite image map. 

 Insertion
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After inserting a new ob into VecMap, VecMap is divided according to Gri, and the 
divided regions are extracted before being rasterized and normalized to {vmi’’_2}. Then 
{vmi’’_2} is traversed, and every vmi’’_2 is fed into the satellite image generation model to 
generate satellite image tiles, denoted as {DE(W, B)(vmi’’_2)}. The regions of the satellite 
image map contained within Gri are then replaced with {DE(W, B)(vmi’’_2)}, and a new ob’ 
is accordingly inserted into the compiled satellite image map.

 Distortion
After reshaping ob in VecMap by adjusting its vertices, VecMap is divided according 

to Gri, and the divided regions are extracted before being rasterized and normalized to 
{vmi’’_3}. Subsequently, {vmi’’_3} is traversed, and every vmi’’_3 is fed into the satellite 
image generation model to generate satellite image tiles, denoted as {DE(W, B)(vmi’’_3)}. 
The regions of the satellite image map contained within Gri are then replaced with {DE(W, 

B)(vmi’’_3)}, whereby ob’ in the compiled satellite image map becomes distorted to match 
the reshaped ob in VecMap. The foregoing distortion process can also be considered a 
combination of the deletion and insertion processes described earlier. 

 Displacement
The displacement of geographic objects represents a combination of deleting 

geographic objects and reinserting the deleted objects at new locations. By combining the 
four main operations, i.e., deletion, insertion, distortion, and displacement, several other 
compiling operations for geographic objects in satellite images can be derived.
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Fig. 3 Deletion of geographic object from satellite image map based on proposed strategy (the 
original vector tiles and satellite images were crawled from OpenStreetMap 
(https://www.openstreetmap.org/) and Bing Maps (https://cn.bing.com/maps), respectively, 
based on ArcGIS 10.2 (http://www.esri.com); the compiled satellite images were modified by 
the authors and are copyright-free).

5. Experiments and analyses

5.1. Experimental setup
The vector map and satellite image map of a region in Berlin, Germany, were extracted 

from OpenStreetMap (https://www.openstreetmap.org/) and Bing Maps 
(https://cn.bing.com/maps); features such as buildings, roads, and rivers exhibit certain 
similarities between these two maps. The resolution of the extracted satellite image map 
was about 0.5 m, the scale of the extracted vector map was inferred to be 1:3,000 
according to a prior study[48], and svo was set as 0.2 mm according to another study[44]; 
thus, Equation (1) was satisfied, which means that the scales of the extracted vector map 
and satellite image map were similar and that the map data were suitable for the 
compiling experiment. The vector data of the experimental region were downloaded first, 
and the matched satellite image map was cut and crawled based on the vector data region. 
Additionally, the regions to be compiled were selected randomly from the aforementioned 
data, as shown in Fig. 4. 

(a) First region to be compiled           (b) Second region to be compiled
Fig. 4 Vector data and satellite images of regions to be compiled (the original vector tiles and 
satellite images were crawled from OpenStreetMap (https://www.openstreetmap.org/) and 
Bing Maps (https://cn.bing.com/maps), respectively).

In our experiment, the processing of vector map data was automated using a 
secondary development based on ArcEngine 10.2 (http://www.esri.com), and deep 
learning was performed using Python and TensorFlow 1.12.0 
(https://tensorflow.google.cn/), which were run on an Nvidia RTX 2070S 8 GB GPU. The 
map division and sample extraction, the construction of the satellite image generation 
model, and the selective compiling of geographic objects in the satellite images mentioned 
in Section 4 were automated step by step. Furthermore, to achieve better compilation, 
two popular encoder-decoder-structured models were compared, with the better model 
selected as the kernel learning model for the proposed method to verify the compilation 
effectiveness of geographic objects in satellite image maps. Several compilation 
operations were tested with the proposed method for both polygonal and linear objects. 
Moreover, the proposed method was compared with a method based on the same 
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encoder–decoder-structured model but without transfer learning to verify the proposed 
method’s superiority and to support ablation analyses of the transfer learning process for 
the proposed compilation method.

5.2. Results and discussion
5.2.1. Extracted samples and sample sets

For map division, npix was set to 512, and 9,940 samples, i.e., 9,940 pairs of vector 
tiles and satellite images, were extracted from the experimental data, according to the 
process outlined in Section 4.1. Considering the complexity of the learning task (i.e., 
conversion from vector tiles to satellite images and from low-density data to high-density 
data), these samples were then divided into training and test sets in a 9:1 ratio (i.e., 8,946 
training samples and 994 test samples)[25]. Fig. 5 presents examples of the divided region 
and extracted sample.   

(a) Vector map division and tile extraction                      (b) Image map division and tile 
extraction
Fig. 5 Examples of map division and samples extracted from experimental area (the vector 
map and satellite imagery were downloaded from OpenStreetMap 
(https://www.openstreetmap.org/) and Bing Maps (https://cn.bing.com/maps), respectively; 
the satellite images and vector tiles were segmented by the authors using ArcGIS 10.2 
(http://www.esri.com), and all modified maps are copyright-free).

5.2.2. Comparison and construction of basic satellite image generation model 
According to some studies[25, 27], UNet++[49] and Pix2Pix[50] perform better than other 

encoder–decoder-based neural networks in certain cartography applications. Hence, we 
constructed our basic satellite image generation models based on these two architectures. 
To compare the performance of these architectures, the same loss function (i.e., the cross-
entropy function) and optimizer (i.e., Adam optimizer[51] with a learning rate of 0.001) 
were adopted for both models. For the training process, η was set to 8, and the two models 
were trained on all training samples over several epochs. The mean of the root-mean-
square errors (RMSEs)[46] for the training samples was calculated and recorded after 
every epoch (Fig. 6). With UNet++, the mean of the RMSEs for the training samples 
became stable after 50 epochs, while Pix2Pix required 200 epochs (over 100 h) to achieve 
the same stability. 
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(a) Training accuracy variation for UNet++                           (b) Training accuracy 
variation for Pix2Pix

Fig. 6 Fluctuations in means of RMSEs for training samples during training.
The two trained models were then tested on the test samples. Fig. 7 and Table 1 

display the calculated RMSEs and peak signal-to-noise ratios (PSNRs, widely used to 
evaluate image reconstruction quality; the larger the better[52]) based on the test results. 
Statistically, more than 87% of the test samples produced RMSE values that were lower 
for Pix2Pix than for UNet++, while more than 80% of the samples produced PSNR values 
that were higher for Pix2Pix than for UNet++. Table 2 lists some additional test results. 
Based on these results, the images generated by the trained Pix2Pix model were evidently 
more similar to the real satellite images than those generated by the UNet++ model, not 
only in terms of the quantitative accuracy metrics but also from a qualitative perspective. 
Therefore, during the subsequent experiments, the Pix2Pix architecture was employed in 
the basic satellite image generation model.

Fig. 7 RMSEs and PSNRs of test samples predicted by different trained models.
Table 1 Statistics of evaluation metrics for tested samples with different models.

Evaluation UNet++ Pix2Pix
metric 
values

Maxim
um

Minimu
m

Mea
n

Maximu
m

Minim
um

Mea
n

RMSE 90.12 40.35 65.3
2

135.51 30.36 50.31

PSNR 49.72 56.46 51.9
7

49.95 55.85 52.44

Epochs Epochs

M
ea

n 
of

 R
M

SE
s

M
ea

n 
of

 R
M

SE
s

UNet++ test 
accuracy

Pix2Pix test 
accuracy

Test sample 
number

R
M

SE
PS

N
R

Test sample 

number

UNet++ test 
accuracy

Pix2Pix test 
accuracy

(a) RMSEs of test samples predicted by trained models

(b) PSNRs of test samples predicted by trained models
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Table 2 Examples of maps generated by trained models (the original vector tiles and satellite 
images were crawled from OpenStreetMap (https://www.openstreetmap.org/) and Bing Maps 
(https://cn.bing.com/maps), respectively; the compiled satellite images were modified by the 
authors using the proposed method and are copyright-free).  

Vector tile Satellite image UNet++ image Pix2Pix image

5.2.3. Compilation results
To enhance the learning and understanding of the regions to be compiled, the basic 

satellite image generation model was trained via transfer learning. Specifically, vector 
tiles and satellite images of the target regions (Fig. 4) were used to train the Pix2Pix-
based satellite image generation model over 200 epochs, which required less than 3 min. 
Thereafter, the satellite image generation model was modified to fit the mapping from 
remote sensing images to general map tiles for the target regions; this allowed for 
selectively compiling geographic objects in the generated satellite images. 

Based on the proposed method, the final trained model was used to automatically and 
selectively compile geographic objects in the generated satellite image map of the target 
regions, and the results were found to be consistent with the edited geographic features 
in the corresponding vector map. In these experiments, individual geographic objects as 
well as batches of geographic objects, both polygonal and linear, were compiled; moreover, 
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different compile operations, such as deletion, insertion, distortion, and displacement, 
were evaluated. The results of deletion, insertion, distortion, and displacement are shown 
in Figs. 8, 9, 10, and 11, respectively. Additionally, the geometric accuracy of compiled 
geographic objects was evaluated by measuring the differences between the positions of 
the compiled geographic features in the vector data and their corresponding positions in 
the generated satellite imagery. For polygonal geographic objects and features, the 
distance between the centroids was measured as the geometric error, while for linear 
geographic objects and features, the average distance between the intersections was 
measured. The smaller the geometric error, the higher the geometric accuracy and the 
better the compiled geographic objects. Except for the deletion operation, the geometric 
errors of the geographic objects compiled through all operations could all be calculated. 
Table 3 lists the calculation results. 

        (a) Marked geographic objects in 1st compiling region  (b) Marked geographic objects in 2nd 
compiling region

   
(c) Deletion of polygonal building ①         (d) Deletion of polygonal building ②

   
(e) Batch deletions of polygonal buildings around ①        (f) Batch deletions of polygonal 

buildings around ②

① ① ② ②
③
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(g) Batch deletions of linear roads in the neighborhood                       (h) Deletion of linear 

road ③
Fig. 8 Deletion of geographic objects in satellite maps generated using proposed method (the 
original vector tiles and satellite images were crawled from OpenStreetMap 
(https://www.openstreetmap.org/) and Bing Maps (https://cn.bing.com/maps), respectively; 
the compiled satellite images were modified by the authors using the proposed method and 
are copyright-free).

        (a) Marked geographic objects in 1st compiling region  (b) Marked geographic objects in 2nd 
compiling region

   
(c) Insertion of polygonal building into marked region   (d) Insertion of linear road into 

marked region
Fig. 9 Insertion of geographic objects into satellite maps generated using proposed method 
(the original vector tiles and satellite images were crawled from OpenStreetMap 
(https://www.openstreetmap.org/) and Bing Maps (https://cn.bing.com/maps), respectively; 
the compiled satellite images were modified by the authors using the proposed method and 
are copyright-free).
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        (a) Marked geographic objects in 1st compiling region  (b) Marked geographic objects in 2nd 
compiling region

   
(c) Distortion of polygonal buildings in marked regions            (d) Distortion of linear road in 

marked region
Fig. 10 Distortion of geographic objects in satellite maps generated using proposed method 
(the original vector tiles and satellite images were crawled from OpenStreetMap 
(https://www.openstreetmap.org/) and Bing Maps (https://cn.bing.com/maps), respectively; 
the compiled satellite images were modified by the authors using the proposed method and 
are copyright-free).

        (a) Marked geographic objects in 1st compiling region  (b) Marked geographic objects in 2nd 
compiling region

   
(c) Displacement of marked polygonal building           (d) Displacement of marked 

linear road
Fig. 11 Displacement of geographic objects in satellite maps generated using proposed 
method (the original vector tiles and satellite images were crawled from OpenStreetMap 
(https://www.openstreetmap.org/) and Bing Maps (https://cn.bing.com/maps), respectively; 
the compiled satellite images were modified by the authors using the proposed method and 
are copyright-free).

Table 3 Geometric errors of compiled geographic objects.  

Compilation 
operation

Average geometric 
errors of compiled 

buildings (m) 

Average geometric 
errors of compiled 

roads (m)
Insertion 1.37 2.61
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Distortion 1.49 2.48
Displacement 1.18 2.78

These compilation results confirm some of our hypotheses, as explained below:
The proposed method allows for compiling one or more specific geographic objects in 

the generated satellite image map. Fig. 8 shows examples of geographic objects deleted 
in the compiled satellite maps. Specifically, buildings ① and ②, marked in Fig. 8(a) and 
8(b), respectively, were deleted in the vector data, as shown in Fig. 8(b) and 8(c), 
respectively; the corresponding buildings in the satellite images generated from the 
edited vector data were also hidden, as shown in Fig. 8(b) and 8(c). Additionally, Fig. 8(e) 
and 8(f) show the deletion of the vector buildings around the ① and ② regions marked in 
Fig. 8(a) and 8(b), respectively; the corresponding buildings in the generated satellite 
images were also hidden. Moreover, Fig. 8(g) and 8(h) show that using the proposed 
method, roads in the satellite image corresponding to the deleted vector data were deleted 
individually or in batches. This verifies that the proposed method can be used to delete 
one or more specific polygonal or linear objects in compiled satellite images. Additionally, 
all deleted geographic objects were appropriately hidden with respect to their 
surroundings in the compiled satellite image map, as shown in Fig. 8(c)–(h). This confirms 
that the proposed method can effectively automate object-level compiling in satellite 
image maps.

The proposed method can also automate various compiling operations (e.g., deletion, 
insertion, distortion, and displacement) on geographic objects in satellite image maps. 
Specifically, the marked regions in Fig. 9(a) and 9(b) were inserted into a vector building 
and a vector road, respectively; the corresponding building and road were appropriately 
observable in the generated satellite images, as seen in Fig. 9(c) and 9(d), respectively. 
Furthermore, the vector buildings and road marked in Fig. 10(a) and 10(b), respectively, 
were distorted, and the corresponding buildings and road in the compiled satellite images 
were equivalently distorted, as shown in Fig. 10(c) and 10(d), respectively. Additionally, 
the vector building and road marked in Fig. 11(a) and 11(b), respectively, were displaced, 
and this modification was accurately reflected in the compiled satellite images, as 
depicted in Fig. 11(c) and 11(d), respectively. Most of the inserted, distorted, and 
displaced buildings and roads in the compiled satellite image maps were clear and 
detailed, and all of them were consistent with the corresponding edited vector data and 
cohesive with their surroundings in the image maps. Additionally, analyzing the geometric 
errors in Table 3 from the perspective of the scale or resolution of the original data reveals 
that the geometric errors of the compiled polygonal objects were all smaller than 0.5 mm 
in the original scale and 3 pixels in the original resolution; additionally, the geometric 
errors of the compiled linear objects were all smaller than 1 mm in the original scale and 
5 pixels in the original resolution. All of these geometric errors are exceedingly small with 
respect to the original scale or resolution and can therefore be tolerated in many 
cartography applications[53-54]. Thus, the proposed method is effective in implementing 
diverse modifications to geographic objects in satellite image maps. 

To summarize, the proposed satellite map generation model uses a combination of 
deep learning with an encoder–decoder-based architecture and utilizes transfer learning 
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to convert edited polygonal and linear vector features to compiled geographic objects in 
satellite image maps. Thus, the compiling of geographic objects in the satellite image can 
be controlled through the editing of geographic features in the vector map. Accordingly, 
different operations on the vector data can be replicated in the satellite image map. 
Thereby, the proposed method facilitates precise and flexible remote sensing cartography.

5.2.4. Discussion of compilation method
In principle, the sample extraction, basic model construction, and compilation stages 

are necessary for the proposed method of compiling geographic objects in satellite image 
maps. Naturally, the samples directly influence the model’s learning accuracy and 
compilation effectiveness. Indeed, satellite image map compilation requires 
representative training samples, i.e., the extracted samples should possess similar texture 
characteristics to the geographic objects that need to be compiled. According to Tobler’s 
first law[55], samples extracted from regions near the compiled geographic objects are 
representative; thus, the proposed method requires original map data containing the 
geographic objects to be compiled. According to empirical evidence[37], the textural 
characteristics of satellite images from the same city are similar; thus, in our experiment, 
the samples and compiled geographic objects were extracted from the same region of 
Berlin. Additionally, the basic satellite image generation model develops a general 
understanding of regional map data. The better the basic model learns, the more accurate 
the compilation is. Because the Pix2Pix-based model learned more textural characteristics 
of the selected region, it was selected as the basic model to perform various compilation 
operations on satellite images. This section highlights the necessity of the transfer 
learning process involved in the proposed method based on ablation experiments. 
Additionally, considering methods that focus on the compilation of satellite image maps, 
such ablation analyses can also be regarded as comparing results obtained from the basic 
model and those obtained from the improved model featuring transfer learning. 

For the satellite image generation model without transfer learning, the mean of the 
RMSEs of the generated and original satellite images in the target region was 51.2; by 
comparison, for the model with transfer learning, the mean of the RMSEs was only 9.4. 
Thus, transfer learning improved the test accuracy of the model by 81.6%, thereby 
enhancing the quality of the compiled regions considerably. Apart from the quantitative 
similarity between the original and generated satellite images, the difference in quality 
between the compiled satellite images with and without transfer learning was also evident. 
Table 4 shows some compiled satellite images generated by the basic satellite image 
generation model without transfer learning and the improved model with transfer learning 
from the same vector tiles. Although the textures of the satellite images generated by the 
basic model were similar to those of the original satellite images, the geographic objects 
in these generated images were highly fuzzy and disordered. Additionally, the geometric 
and visual characteristics of the compiled geographic objects and their spatial relations 
could not be distinguished in the compiled satellite images generated by the basic model, 
which were substantially poorer than those generated by the improved model with 
transfer learning. Therefore, the transfer learning process strengthens the model’s 
understanding of the target compilation regions, in addition to enhancing the accuracy of 
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the conversion of the target regions from the vector map to the satellite map. Thus, it 
enables the selective modification of geographic objects in satellite maps based on vector 
data, facilitating effective satellite image map compilation.

Table 4 Results obtained from basic model and improved model with transfer learning (the 
original vector tiles and satellite images were crawled from OpenStreetMap 
(https://www.openstreetmap.org/) and Bing Maps (https://cn.bing.com/maps), respectively; 
the output images were generated by the authors and are copyright-free).  

Therefore, the transfer learning process improves the quality of the generated 
satellite image map, facilitating the compilation of geographic objects in the satellite 
image map. Thus, the transfer learning process is beneficial and necessary for the 
proposed method. 

6. Conclusion and outlook

In this study, a satellite image generation model was constructed based on the 
encoder–decoder deep learning architecture, and transfer learning was then performed 

Compilation 
operation Original image Input vector tile Improved model’s 

output
Basic model’s 

output

Deletion of 
building ①

Deletion of 
building ②

Batch 
deletion of 
buildings 
around ①

Batch 
deletion of 
buildings 
around ②
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to fit the mapping from vector data to satellite images for the compiling regions. 
Subsequently, the satellite image generation model was used to convert edited vector 
features to compiled geographic objects in the generated satellite image, which yielded 
object level–controllable satellite maps. Based on corresponding vector data modifications, 
the proposed method automates four types of operations—deletion, insertion, distortion, 
and displacement—to compile geographic objects in the satellite image map. Thus, the 
correspondence between vector data and satellite image maps, the convenience of 
indexing and editing vector data, and the powerful capability of deep learning and transfer 
learning to automate different compiling operations are fully leveraged to generate 
compiled geographic objects that are consistent with the modified vector features and 
cohesive with their surroundings in the generated satellite image. Accordingly, the 
proposed method not only reduces labor costs but also enhances the consistency and 
flexibility of the compilation of geographic objects in remote sensing cartography. 

Additionally, the proposed method strengthens the theoretical foundation of deepfake 
remote sensing cartography by improving relevant cartographic representations. 
Furthermore, the method can be employed to produce clearer, multi-scale satellite image 
maps that preserve the security of important locations. For example, based on their vector 
data attribute, sensitive geographic objects in a satellite image map can be conveniently 
masked to ensure their security. Moreover, scenes involving combinations of real and 
virtual geographic data, such as maps in video games, animated videos, and the metaverse, 
can be created using the proposed method. 

However, the method has certain limitations that must be addressed. For instance, 
the representation of linear geographic objects in the compiled satellite image map must 
be enhanced, prior knowledge must be incorporated to improve the accuracy of the 
compiled map, and the compilation of minute objects in the satellite image map must be 
achieved. Additionally, the effectiveness of the proposed method can be improved by 
adjusting the learning model and its hyperparameters, such as the model architecture, 
training optimizer, model learning rate, sample quantity, and even the division ratio of 
sample sets; such modifications will be tested in the future. Notably, the proposed method 
is not limited to any specific GenAI model. While only two encoder–decoder-based deep 
learning architectures were compared in this study, with the ongoing development of 
generative deep learning, other advanced models and training techniques can be used to 
enhance the accuracy of the proposed method in the future. 
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