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This research developed a Convolutional Neural Network (CNN) 
algorithm to identify vacant land in Tegal Regency using imagery from 
Google Earth. By utilizing labeled imagery datasets, CNN models are 
optimized to recognize texture characteristics, colors, and distribution 
patterns of vacant land. Preprocessing and image sharing techniques are 
applied to improve model quality. The results of this study offer a new 
methodology in visual data processing for accurate and efficient 
identification of vacant land, providing a solid basis for more sustainable 
and efficient land use policies. This research contributes significantly to 
the scientific literature and field practice, particularly in natural resource 
management and regional planning. 
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Introduction  

 
Effective use of vacant land is important in regional development and sustainable natural resource 
management (Liu et al., 2020). Areas that have the potential for untapped vacant land require the use 
of advanced technology to identify and manage land effectively (Bibri, 2020). Identification of vacant 
land is critical in the context of regional development and sustainable natural resource management 
because it allows for more efficient spatial planning, avoids indiscriminate and potentially destructive 
land use, and supports sustainable economic and social growth. Poorly managed land often becomes an 
illegal landfill, causing soil and water pollution,    as well as erosion and loss of topsoil which is 
important if the land is open and not covered with vegetation. With the development of remote sensing 
technology and advances in the field of artificial intelligence, there is new potential in the use of 
satellite imagery for land identification (Zhang, Wu, et al., 2022). Google Earth imagery provides high 
resolution that allows detailed observation of the texture, color, and distribution patterns of the land 
that play a crucial role in the identification of vacant land. For CNN is an artificial intelligence 
architecture that is highly effective in understanding the visual features of complex images, making it 
particularly suitable for pattern recognition tasks such as the identification of vacant land. With these 
capabilities, the results of this research can make a significant contribution to real-world applications, 
such as more efficient land planning, support for conservation and sustainability, and sustainable 
development. 

This approach ensures stable data processing despite potential data access issues (Abbas et al., 
2024). Many studies have applied remote sensing technology in land identification, but there are still 
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challenges in the accuracy and efficiency of vacant land identification (Z. Li et al., 2022). This issue is 
important for proper mapping in supporting development and land management decisions (Ayhan et 
al., 2020). Therefore, the purpose of this study is to address the shortcomings of previous studies by 
using CNNs that can understand the features of satellite imagery in detail and produce more precise 
land identification (W. Li &; Hsu, 2020). The use of CNNs based on Google Earth imagery offers new 
possibilities in processing visual data for efficient and accurate identification of vacant land (Giuffrida 
et al., 2021). 

This research will be combined with preprocessing and image sharing techniques to improve 
the quality of the models used (Cai et al., 2021). The novelty lies in CNN's algorithm for identifying 
vacant land using Google Earth imagery, which has not been widely explored in the literature. The 
success of this approach could pave the way for further development in the application of artificial 
intelligence technology for land management and regional development in Indonesia.  

Previous studies estimated land use using the Support Vector Machine algorithm, with results 
showing an increase in urban built-up areas and higher surface temperatures, and emphasizing the 
need for urban master plans that focus on urban plantations and natural resource conservation to 
reduce the impact of the urban heat island phenomenon (SUHI) (Kafy et al., 2021). The next study, 
using a bibliometric analysis method to define urban vacant land (UVL), showed a UVL probability of 
8.46%-8.88% in Guangzhou and 3.17%-5.08% in New York, and an average housing vacancy rate of 
11.48% in 65 American cities. UVL is often fragmented and irregular, caused by factors such as soil 
overdistribution, population decline, and soil speculation (Song et al., 2020). Another study, Deep 
Convolutional Neural Network Architecture and the latest innovations in its development used a survey 
method to classify innovations in CNN architecture into seven categories based on various aspects such 
as spatial exploitation, depth, multipath, width, feature map exploitation, channel enhancement, and 
the results of the research provide the latest CNN architecture taxonomy, identify key components, 
challenges faced, and CNN applications in various fields such as computer vision, natural language 
processing, and speech recognition (Khan et al., 2020). Further research, the use of Convolutional 
Neural Networks to detect and identify impaired drivers through image analysis with the results 
showing that this model managed to achieve an average accuracy of 99% in interference recognition 
(Masood et al., 2020). Related research includes the development of Automatic Bee Identification 
System (ABIS) for automatic monitoring and identification of insect species using methods using deep 
convolutional networks with results showing high identification accuracy, with an average accuracy of 
top-1 of 93.95% and top-5 of 99.61% in ABIS project data, as well as an increase in accuracy in 
butterfly data with top-1 accuracy of 96.72% and top-5 of 99.99% (Buschbacher et al.,   2020).  

This study differentiates from previous research by introducing a Convolutional Neural 
Network (CNN) architecture that is specifically optimized for Google Earth image processing in 
identifying vacant land. Therefore, this study intends to further explore the potential of Deep Learning 
architecture, especially CNN, in identifying and mapping urban vacant land more accurately and 
efficiently (Addesso et al., 2021). The purpose of this research is to develop a model that is able to 
integrate urban environmental data, provide insights for more effective and sustainable urban 
planning, and support environmental conservation initiatives (Ahmad et al., 2022).  
 
Method  
 
Research Flow 
  

  
Figure 1. Research flow 

  The research flow begins with the process of data collection, namely data collection. Every 
data obtained goes to the Data Processing stage, at this stage the image will undergo resizing and data 
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sharing for research needs. Furthermore, Citra was used to train network models on the CNN 
algorithm. Once the model is trained, evaluate its performance using metrics such as accuracy, 
precision, recall, and F1-score. Finally, perform in-depth validation of the results obtained from the 
model. 
 
Data Collection 
 

 
Figure 2. Google eath pro app 

Data collection utilizes sniping tools in the Google Earth Pro application, from various 

locations of vacant and non-vacant land in Tegal Regency. This process involves finding specific 

coordinates based on predetermined locations, ensuring that each image taken represents a different 

geographical condition. Each image is then stored at high resolution to ensure that important details 

from each location are captured clearly, then used as input data to train the Convolutional Neural 

Network (CNN) model to identify vacant land. 

   

   

Figure 3. Multiple datasets 

 

First, the desired area is identified and enlarged to obtain the necessary details. Secondly, the 

Snipping Tool is used to take a screenshot of the area. This method allows researchers to selectively 

collect images of specific vacant lots, which are then stored as visual data. Each screenshot is taken to 

ensure that coverage and geographic orientation remain consistent across all images, making 

comparative analysis between images easier. Snipping Tool can quickly and efficiently collect images 

without the need for additional software to crop or edit (Jun et al., 2021). The above dataset has not 

been resized, so it will be changed to create a uniform dataset and train the CNN model. 
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Data Processing 

In this study, the dataset used consisted of two folders, each of which contained images of 

vacant land and not vacant land. To ensure the quality of the data used, each image is inspected and 

cleaned of anomalies or irrelevant images. After that, the images are resized to 400x400 pixels to 

ensure uniformity and facilitate the analysis process. 

  

  
Figure 4. Data that has been processed 

This research develops a function to automate the retrieval of images from predefined 

directories, utilizing information stored in XML files contained in each category of image directories. 

The use of the ElementTree library allows an efficient process of parsing XML files for the extraction of 

necessary data, such as image file locations (Zhang, Huang, et al., 2022). Next, the obtained image is 

processed using the load_img function of TensorFlow Hard, which allows us to load and convert the 

image into an array. Image size is adjusted to 400x400 pixels to ensure consistency in neural network 

model input. During the image capture and processing process, we also implemented a robust error 

handling mechanism. This function effectively identifies and resolves situations where directories or 

image files are not found, by logging error messages and continuing the process without stopping the 

entire operation. 

Data Sharing 

The dataset used consists of images of vacant land and used land that has gone through the 

pre-processing stage. The dataset is divided into two manually, namely 50% for vacant land data and 

50% for non-vacant land data. Each category is then further divided into training sets and test sets, 

80% for training the model and 20% for testing the model's performance. Manual sharing of data is 

done to ensure that each category is represented proportionally in the training and testing process. 

  

 

  

  

 

  
(Vacant Land)  (Not Vacant Land) 

Figure 5. Data on vacant land and not vacant land 
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The data is divided into two categories based on images of vacant land and not vacant land, 

then put into their respective folders according to their categories. Each image is named according to 

its category to facilitate the rest of the process. 

CNN Architecture 

The convolutional neural network architecture used in this study consists of 4 convolution 

layers + relu, 4 maxpooling layer and 4 fully connected layer. Here is the architecture used: 

 
Figure 6. CNN Architecture 

First, the 500x500 input image is processed using the first convolution layer which has a 3x3 

kernel with 32 filters. After that, the first max pooling operation is performed with a 2x2 kernel to 

reduce the spatial dimensions of the feature map. Next, a second convolution layer is applied with a 

3x3 kernel and 64 filters, followed by a second max pooling which also uses a 2x2 kernel. This process 

continues to the third convolution layer which has a 3x3 kernel with 128 filters, then followed by the 

third max pooling with a 2x2 kernel. Finally, the fourth convolution layer uses a 3x3 kernel with 64 

filters, followed by a fourth max pooling with a 2x2 kernel. This process aims to gradually extract more 

complex features from the image and reduce the data size to increase computational efficiency. 

Evaluation and Validation of Results 

In this study, the Convolutional Neural Network (CNN) model was developed to identify 

vacant land using a dataset that has been labeled, consisting of two categories of vacant land and non-

vacant land. Data preprocessing and separation techniques are applied to improve the quality of the 

model. After the training phase, the model's performance is evaluated using different data to ensure 

that the model can generalize its knowledge to new data that was not involved during training. 

Performance evaluations are conducted using standard metrics such as accuracy, precision, recall, and 

F1 scores, providing a comprehensive picture of the model's effectiveness in classifying vacant land. 

This validation process is designed to verify that the model is not only effective on training data but 

also demonstrates high effectiveness and applicability under diverse conditions. 

         
     

                       
 

.(1) 

 

The model shows high accuracy if the value is close to 100%. This shows the effectiveness of 

the model in classifying the image (Ahsan et al., 2021). 

          
  

     
 

 (2) 

 

High precision means that when the model predicts an image as complete, it is most likely that 

the prediction is accurate (Kamir et al., 2020). 
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 (3) 

 

High recall indicates that the model is effective in capturing most positive cases (LeBien et al., 

2020) v  . 

           
                  

                
 

(4) 

 

F1 scores are important in the context of evaluating classification models, particularly in 

prioritizing a balance between precision and gain (Maxwell et al., 2021). 

 

Results and Discussion 

Table 1. Validation results 
Validation Epoch Time Practice 

accuracy 
Validation 
accuracy 

Training 
Loss 

Loss Validation 

Validation 1 10 31 seconds 0.67 0.89 0.88 0.87 
Validation 2 10 30 seconds 0.71 0.82 0.71 0.67 
Validation 3 10 49 seconds 0.73 0.82 0.77 0.77  

 

In Table 1, from these results it can be seen that the highest exercise accuracy value achieved 

was 0.71, and the highest validation accuracy value achieved was 0.89. The achieved exercise loss 

value was 0.0.88, while the validation loss value achieved was 0.87. 

 

 
Figure 7. Validation results 1 

The results of model accuracy and model loss at epoch 10 in the first validation can be seen in 

figure 4. From these results, the training accuracy value achieved was 0.67. For validation accuracy, the 

value achieved is 0.89. The training loss value achieved is 0.88, while the validation loss achieved is 0.87. 
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Figure 8. Validation results 2 

The results of model accuracy and model loss at epoch 10 in the second validation can be seen 

in figure 2. From these results, the training accuracy value achieved was 0.71. For validation accuracy, 

the value achieved is 0.82. The training loss value achieved was 0.71, while the highest validation loss 

achieved was 0.67. 

 
Figure 9. Validation results 3 

The results of model accuracy and model loss at epoch 10 in the second validation can be seen 

in figure 2. From these results, the training accuracy value achieved was 0.73. For validation accuracy, 

the value achieved is 0.82. The training loss value achieved was 0.82, while the highest validation loss 

achieved was 0.77. 

Table 2. Matrix Results 
No. Matrik Value 
1. Accuracy 82.14% 
2. Precision 70.59% 
3. Recall 100.00% 
4. F1 Score 82.76% 

 

The matrix results show that the developed CNN model can identify vacant land with high 

accuracy with an accuracy value of 82.14%, precision of 70.59%, recall of 100%, and F1 score of 

82.76%, compared to previous research using the Support Vector Machine (SVM) algorithm. This study 
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provides more specific results in identifying the characteristics of vacant land based on complex visual 

features. While the results are encouraging, there is significant room for improvement, especially in 

addressing areas of land that are more difficult for the system to identify. This development is 

important to ensure that all types of land, especially those that have visual features like other types of 

land, can be classified more accurately. The performance of this system not only demonstrates its 

possible application in the land management and urban planning industries, where a quick and 

accurate understanding of land types can add value, but also in the context of environmental 

conservation, where technology can be used to help identify and document different types of land 

automatically and efficiently. 

Conclusions  

The results of this study support decision-making and urban planning in Tegal Regency by 
developing a Convolutional Neural Network (CNN) algorithm to identify vacant land efficiently and 
accurately using Google Earth imagery. By applying this technology, the government and developers in 
Tegal Regency can more easily determine the most suitable location for infrastructure development 
and urbanization projects. These algorithms also help in optimizing land use, preventing waste of 
resources, and directing development in a more sustainable direction. Through innovative data 
preprocessing and labeling techniques, this research has succeeded in achieving high performance in 
recognizing the visual characteristics of vacant land. Thus, the results of this study make an important 
contribution to the scientific literature and field practice in natural resource management and urban 
planning, demonstrating the potential use of CNNs in new contexts. Although successful, this study has 
limitations on certain geographical coverage and certain types of land. For this reason, future research 
needs to overcome these limitations by testing models in more diverse locations and improving the 
model's ability to recognize different types of land. This step will pave the way for further development 
in artificial intelligence applications for more effective and sustainable land management and regional 
planning. This research proves the potential of the Convolutional Neural Network (CNN) algorithm in 
identifying vacant land through Google Earth imagery, which is not only relevant for Indonesia but can 
also be applied globally. Its implications for more effective natural resource management, more 
structured urban planning, and adaptation to climate change, show significant contributions in various 
fields. However, there are several risks and limitations to consider, including potential inaccuracies in 
satellite data, risk of bias in AI data and models, and data privacy and security concerns. Therefore, 
further research is urgently needed to improve the generalization of the model to different land types 
and geographical conditions, as well as to improve the accuracy and reliability of the algorithm so that 
-it can be applied more safely and effectively in land management and regional planning practices. 
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