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1- Introduction

Due to a large number of structural complications in urban areas, obtaining a model or algorithm for the
automatic extraction and reconstruction of these complications from aerial and satellite data can minimize
the role of humans in the production of large-scale urban spatial information and significantly reduce the
cost and time of their production. Nowadays, the use of UAV technology based on photogrammetric
techniques to obtain aerial coverage images with various applications such as environmental and forest
monitoring, urban mapping, cultural heritage, mining, and geology has been expanded (Wang. 2021,
Onishi. 2018, Granados Bolafios. 2020). Identifying objects from aerial and satellite images using computer
image processing techniques and neural networks is one of the most widely used algorithms for identifying
urban features (Zheng XU, 2022). Convolution Neural Networks are networked and can extract high-level
features in all images.

2- Materials and methods

Ahvaz is the capital and the largest city of Khuzestan province. The Storm 2 Vision UAV released the
data, which has a Canon M3 camera and was taken with a 24-megapixel resolution. Specialized
software (Agisoft Photoscan) was used to prepare orthophotos with appropriate geometrical accuracy
and strength from aerial images. In this research, convolutional neural networks are used. These
networks are a particular type of neural network composed of convolutional and pooling layers.
Acrtificial neurons are processing units that compute some operation on multiple input variables and
typically have an output computed via an activation function. Usually, an artificial neuron has a weight
(), which indicates the degree of connection between the artificial neurons, some input variables, and
a threshold vector (Watanabe et al., 2020). In this research, a modified linear function has been used
as the activation function, called Rectified Linear Unit (ReLU).

The single-shot multibox detector has two main components: a backbone model and an SSD head. The
central core is usually a pre-trained image classification network that acts as a feature extractor. Instead
of using a moving window, SSD divides the image using a grid, and each grid cell is responsible for
detecting objects in that image area. Detecting objects means predicting the class and location of an
object in its area. The resNet architecture was first presented in 2015 by He et al. The main idea behind
ResNet is that its building blocks are designed to “learn residual functions regarding layer inputs, rather
than learning unreferenced functions” (He et al., 2015). In this model, an arbitrary input x is entered
into a neural network layer, and the optimal output y is considered output.
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3- Results

The objective of this research is to use a convolutional neural network to automatically identify the spatial
boundaries of urban objects from UAV aerial images. Specifically, aerial images of Ahvaz city were
analyzed for buildings, roads, and single trees, with dimensions of 256 x 256. The images were selected
based on shape, color, texture, and geometric structure and then cropped into squares with a 50% overlap.
These segmented images were then used as training data, with at least 250 examples for each class and over
850 examples. Figure 1 displays some training examples taken from the original images.

Fig.1. Samples of training images of the building feature in the study area in two classes

After the model training stage, the proposed trained model has been implemented on a 15-hectare UAV
image to extract urban features. Figure 2 shows the final result of applying the model on the studied area.
Table 1 also shows the result of evaluating the accuracy of the used model.

Fig 9. The final result of the model applied to extract building feature in the study area. (a) algorithm output and (b) labeled image.

Table 1. Criteria of model accuracy evaluation

(Precision) (Recall) F1 Score
0.86 0.82 0.83
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This research uses UAV aerial images with a high spatial resolution to detect and extract urban features
automatically. Deep learning methods are among the best methods for recognizing targets from images in
today's era. For this purpose, educational examples of building features were taken from aerial images.
More than 850 training examples in images with dimensions of 256 x 256 pixels have been prepared for
training the model. It has been tried to select the model to be trained with fewer training examples and in
less time. The proposed model in this research is a convolutional neural network model based on a single-
shot multi-box detector based on the ResNet34 network. 15% of the model's data is also used as validation
data. Model training is done with 50 iterations. After training the model, the trained model was implemented
on a UAV image within the study area. The images of urban features with a reliability criterion of less than
0.2 have been removed. The confidence range of discovered features is between 20 and 99.87 percent. The
evaluation results indicated that the proposed model could extract the desired object with a precision of
0.86, a Recall of 0.82, and an F1Score of 0.83.
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Fig. 5. General architecture of convolutional neural network with single-shot multibox detector
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Fig. 10 The result of the applied model to urban objects in the study area. Right) output of the proposed algorithm.
Left) labeled image
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Table 1. Model accuracy evaluation criteria

Precision Recall F1 Score

0.86 0.82 0.83
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