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1. Introduction 
 

Remote sensing photographs have been evolving rapidly 

with the adoption of ever-expanding Earth observation 

programs; as a result, we have entered an era of big data for 

RS. Road extraction from RS photos has become a major 

study area due to its many applications, including traffic 

planning, map updating, and urban management (Mei et al. 

2021). Due to its lengthy and narrow form, as well as the 

shadows and occlusions created by surrounding plants and 

buildings, road extraction is one of the trickiest challenges 

to solve (Shariati et al. 2011a, 2019e, Ziaei-Nia et al. 2018, 

Trung et al. 2019a, Afshar et al. 2020). Additionally, in RS 

pictures, the pixels of roads are much less than those of 

non-roads, which causes an imbalance in learning for road 

extraction (Liang et al. 2021). Remote sensing methods are 

crucial for both military and civilian uses. Hyperspectral RS 

gathers detailed spectral data from terrestrial objects, 

offering distinct benefits for identifying and differentiating 
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multiple targets. Consequently, this capability is pivotal in 

the field of RS image analysis. Therefore, Hyperspectral 

Target Detection (HTD) has emerged as a prominent area of 

research in Hyperspectral Image (HIS) processing. Hyper-

pectral target detection employs the spectral signatures of 

individual pixels within an HSI to ascertain if a pixel 

corresponds to a specified material. This method is 

subdivided into two distinct categories: target detection and 

anomaly detection (Chen et al. 2018, Wang et al. 2018). In 

target detection, the objective is to identify and localize 

targets within an HSI using a pre-established reference 

spectrum. These reference spectra are typically derived 

from spectral libraries or target pixels previously identified 

within the scene. Usually, only a limited number of 

reference spectra are accessible for each target. Conversely, 

anomaly detection identifies outlier objects within an HSI 

without needing pre-existing target spectral data. Due to its 

lack of specificity in targeting previously known objects, 

anomaly detection is unsuitable for targeted object 

detection. This paper concentrates on target detection 

employing a given reference spectrum to delineate specific 

targets, now called target detection for simplicity (Chi et al. 

2016, Casu et al. 2017, Huadong 2018, Nosrati et al. 2018, 
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Abstract.  The study focuses on using remote sensing to gather data about the Earth’s surface, particularly in urban 

environments, using satellites and aircraft-mounted sensors. It aims to develop a classification framework for road targets using 

multi-spectral imagery. By integrating Convolutional Neural Networks (CNNs) with XGBoost, the study seeks to enhance the 

accuracy and efficiency of road target identification, aiding urban infrastructure management and transportation planning. A 

novel aspect of the research is the incorporation of quantum sensors, which improve the resolution and sensitivity of the data. 

The model achieved high predictive accuracy with an MSE of 0.025, R-squared of 0.85, RMSE of 0.158, and MAE of 0.12. The 

CNN model showed excellent performance in road detection with 92% accuracy, 88% precision, 90% recall, and an f1-score of 

89%. These results demonstrate the model’s robustness and applicability in real-world urban planning scenarios, further 

enhanced by data augmentation and early stopping techniques. 

Keywords:  Convolutional Neural Networks (CNNs); multi-spectral imagery; remote sensing; quantum sensors; urban 

infrastructure management; XGBoost 
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Milovancevic et al. 2019, Sajedi and Shariati 2019). Target 

detection is extensively used in several domains due to its 

precise identification of specific targets. Initially, it is used 

to identify significant military objectives such as aircraft, 

vessels, airports, oil reservoirs, and landmines, making it 

very significant for military surveillance and attacks (Tiwari 

et al. 2011, Shariati 2008, Shariati et al. 2011d, 2019b). 

Furthermore, in forest research, it may be used to identify 

emerging foliage (Lin et al. 2018) and to track the variety 

and arrangement of forests (De Almeida et al. 2021). 

Furthermore, hyperspectral target identification may be 

used in mineral exploration to identify iron oxides 

(Rahimzadegan et al. 2015) and locate minerals in 

geothermal potential regions (Hoang and Koike 2018). 

Several applications may be found in various civic sectors, 

including post-disaster rescue (Eismann et al. 2009), gas 

detection, and precision agriculture (Wang et al. 2022). 

Recently, target identification approaches have been derived 

from various sophisticated techniques, such as signal 

processing, optimization, and machine learning (Mansouri 

et al. 2016, Shariati et al. 2019d, f, Trung et al. 2019b, 

Yazdani et al. 2020). The discipline has seen a surge of 

growth in recent years thanks to the rapid advancement of 

deep learning (Mohammadhassani et al. 2014b, Shariati et 

al. 2019c, 2020d, f, Shariati et al. 2021). Despite significant 

advancements and substantial exploration in target 

recognition approaches across several application domains, 

obstacles persist in this discipline due to spectral fluctuation 

and difficulty obtaining accurate ground truth data . 

(Mohammadhassani et al. 2013a, Toghroli et al. 2016, 

Sadeghipour Chahnasir et al. 2018, Safa et al. 2020b, 

Shariati et al. 2020g) Hence, it is necessary to thoroughly 

examine the present state and forthcoming obstacles in 

hyperspectral target identification (Hamidian et al. 2011, 

Toghroli et al. 2017, Li et al. 2019a, Hosseini and Toghroli 

2021, Wang et al. 2022). Information is increasingly 

plentiful and the RS picture resolution is rising. Realizing 

automated target identification for objects like buildings, 

roads, and airports is feasible (Khorami et al. 2017a, b, 

Toghroli et al. 2018b, 2020, Mehrabi et al. 2021). Both civil 

navigation and targeted military strikes are made possible 

by the commonly utilized automated target identification 

technology (Toghroli et al. 2014, Fan et al. 2016, Safa et al. 

2016, Sedghi et al. 2018, Katebi et al. 2019, Shariati et al. 

2020e). Numerous experts have conducted extensive study 

in this area in the last few years. However, automated 

information extraction and target identification from RS 

images are still in their early stages of development 

(Shariati et al. 2012d, e, 2013, 2014a, 2017). The majority 

of automated target identification systems are often limited 

in what they can recognize and lack values that are relevant 

to all targets (Shah et al. 2016c, Shahabi et al. 2016b, 

Davoodnabi et al. 2019, Shariati et al. 2020b, Nouri et al. 

2021). The substantial study in the literature suggests that 

several academics have approached these problems using 

traditional techniques or machine learning algorithms 

(Shariati et al. 2011c, 2019a, Sinaei et al. 2011, Shahabi et 

al. 2016a, Khorramian et al. 2017). The mean shift was 

offered as a semiautomatic road detection technique. Using 

a threshold to distinguish between the border between roads 

and non-roads, the approach derived the starting point from 

road seed points (Arabnejad Khanouki et al. 2010a, Daie et 

al. 2011, Sinaei et al. 2012, Miao et al. 2014, Shariati et al. 

2020h, Davoodnabi et al. 2021). Road networks have been 

extracted by applying graph theory and probability 

(Arabnejad Khanouki et al. 2010b, Jalali et al. 2012, 

Unsalan and Sirmacek 2012, Zandi et al. 2018, Shariati et 

al. 2020c). In general, machine learning algorithms 

outperform the techniques above in terms of accuracy 

(Wang et al. 2016). For instance, Song and Civco (2004) 

suggested a technique for detecting road regions using form 

index features and Support Vector Machines (SVMs). To 

extract roads from high-resolution multispectral pictures, 

Das et al. (2011) used two prominent characteristics of 

roads and a multistage framework. Alshehhi and Marpu 

presented an unsupervised road extraction technique based 

on hierarchical graph-based picture segmentation (Alshehhi 

and Marpu 2017). Since deep learning can mine high-level 

characteristics and has increased the efficiency of many 

computer vision tasks, it has been a major study area in 

recent years. Deep convolution neural network-based 

techniques have produced state-of-the-art results on a range 

of computer vision tasks (Kumar et al. 2014), including 

object identification (Lin et al .  2017),  semantic 

segmentation (Marcu 2016), classification (Szegedy et al. 

2017), and other applications (Shvets et al. 2018, Ehsan 

Shahabi 2023, Tiana and Thiagi 2023, Yousef 2023). These 

approaches outperform traditional approaches in the first 

challenge and shadow occlusion issue. In road extraction, 

Restricted Boltzmann Machines (RBMs) were used in Mnih 

and Hinton’s (Mnih 2013) suggested approach to identify 

road regions from high-resolution aerial pictures. The 

process involved two steps: preprocessing before detection 

and postprocessing after detection. Preprocessing was used 

to lower the dimensionality of the incoming data . 

Postprocessing was used to fill up the roadway gaps and 

eliminate disjointed blotches. Convolutional neural 

networks were used by Satio et al. (2016b) to directly 

extract roads and buildings from unprocessed RS data. 

Deep residual networks (ResNets) (He et al. 2016) and U 

Net (Ronneberger et al. 2015b) were integrated by Zhang et 

al. (Zhang et al. 2018), enabling networks to be created 

with fewer parameters but better outcomes. Through 

ResNet34 and decoding modified from vanilla, Alexander 

V. Buslaev et al. (2018) created a fully convolutional neural 

network of the U-Net family. The objective of this study is 

to develop a robust framework for the classification and 

recognition of road targets in urban environments using 

multispectral RS imagery, aimed at enhancing the precision 

and efficiency of urban infrastructure management and 

transportation planning (Kumar et al. 2014). The novelty of 

the research lies in the integration of CNNs with XGBoost, 

leveraging their combined strengths for improved target 

detection, and the pioneering use of quantum sensors, which 

offer significantly enhanced resolution and sensitivity in 

data capture. These innovative approaches enable more 

accurate detection and characterization of urban road 

features, addressing critical needs in urban planning and 

setting a new standard in the application of RS technologies 

(Previtali et al. 2020). Fig. 1 illustrates the comparison of 

road extraction outcomes using various algorithms. (a) The 

original RS image. (b) The ground truth image for this area. 
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Table 1 Performance metrics for supervised classification of 

high resolution RS images 

Feature 

Class 

Precision 

(%) 

Recall  

(%) 

F1-Score 

(%) 

Accuracy 

(%) 

Vegetation 85 90 87.5 88 

Water 95 88 91.4 93 

Roads 80 85 82.4 84 

Shadow 78 82 80 81 

Buildings 90 75 81.8 83 

Bare Land 88 92 90 91 

 

 

 
(c) The results from the gl-dense-u-net model. (d) Results 

using the FCN model. (e) Results from the u-net model. (f) 

Results from the Deep Lab V3+ model. (g) Results from the 

Seg Net model, showing a significant amount of false 

negatives (FN) as indicated by the blue markings in the 

areas of missed roads. (h) Results from the PSP Net model, 

with improved detection of roads. Fig. 2 shows road 

Condition Detection and Emergency Rescue Recognition 

(Liu and Szirányi 2022). Table 1 show performance metrics 

for supervised classification of high resolution RS images. 

 

Fig. 1 compares road extraction outcomes using various algorithms: (a) The original RS image, (b) The ground 

truth image, (c) Results from the gl-dense-u-net model, (d) Results from the FCN model, (e) Results from the u-

net model, (f) Results from the Deep Lab V3+ model, (g) Results from the seg net model, showing significant 

false negatives (blue markings indicating missed roads), (h) Results from the PSP net model, with improved road 

detection (Xu et al. 2018) 

 

Fig. 2 Road condition detection and emergency rescue recognition (Liu and Szirányi 2022) 
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Table 2 Sample image object parameters with membership 

function 

Feature Class Precision (%) 
Recall  

(%) 
F1-Score (%) 

Vegetation 85 90 87.5 

Water 95 88 91.4 

Roads 80 85 82.4 

Shadow 78 82 80 

Buildings 90 75 81.8 

Bare Land 88 92 90 

 

 

Table 2 shows sample image object parameters with 

membership function.  
 
 

2. Formulation of the problem 
 

This study’s data collection process involved acquiring 

multi-spectral RS imagery of urban environments. This 

imagery was obtained through satellite sensors or sensors 

mounted on aircraft. Multiple images were collected to 

ensure comprehensive coverage of the urban areas of 

interest, each covering a specific portion of the study area 

(Troya-Galvis et al. 2015).  

The selection of imagery depended on factors such as 

spatial resolution, spectral bands, and temporal availability 

to capture diverse environmental conditions and land use 

patterns within the urban landscape (Sun and Vu 2016). 

Satellite imagery, typically obtained from platforms such as 

Landsat, Sentinel, or commercial satellite providers, offers a 

wide coverage area with moderate to high spatial resolution, 

making it suitable for regional-scale analysis. Alternatively, 

aerial imagery captured by aircraft-mounted sensors provides 

higher spatial resolution and can be tailored to specific 

study areas, offering greater detail for localized analysis 

(Zhang et al. 2019). The data collection process adhered to 

 

 

standard protocols and guidelines to ensure the quality and 

reliability of the acquired imagery. These protocols may 

include considerations for sensor calibration, geometric 

accuracy, cloud cover, and temporal consistency. 

Additionally, metadata associated with each image, such as 

acquisition date, sensor specifications, and atmospheric 

conditions, were documented to facilitate subsequent 

analysis and interpretation. Overall, the data collection 

phase aimed to gather a comprehensive dataset of multi-

spectral RS imagery representing the urban environment 

under study (Shah-Hosseini et al. 2017). 
 

2.1 Computational analysis 
 

Upon acquiring multi-spectral S imagery of urban 
environments, the data underwent meticulous computational 
analysis to extract valuable insights regarding road targets. 
The process commenced with preprocessing tasks aimed at 
refining the quality and readiness of the imagery for 
subsequent analysis (Dey et al. 2024). These tasks included 
rectifying geometric distortions, calibrating radiometric 
values to ensure consistency, mitigating atmospheric 
effects, and integrating data from different spectral bands 
through image fusion techniques. These preparatory steps 
laid the groundwork for accurate feature extraction (Shah et 
al. 2015, Chen et al. 2019, Razavian et al. 2020, Shariati et 
al. 2020a, Cira et al. 2023). Next, feature extraction 
techniques were employed to identify and isolate road 
targets within the imagery. Spectral signature analysis 
scrutinized the unique reflectance properties of various land 
cover types, facilitating the differentiation of roads from 
their surroundings based on distinct spectral characteristics 
(Cira et al. 2023). Texture analysis delved into spatial 
patterns and textural attributes within the imagery, 
discerning linear features indicative of roads, such as 
asphalt texture or pavement markings. 

Spatial analysis techniques were used to detect road 
networks in urban areas. Machine learning algorithms, such  

 

Fig. 3 Data collection and computational analysis process for RS imagery of urban environments 
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as CNNs and XGBoost, were integrated to create a robust 

framework for road target classification. The CNN model, 

trained on labeled data, provided hierarchical representations 

of road features, while XGBoost enhanced classification 

accuracy and managed complex data relationships , 

improving the CNN’s performance (Cira et al. 2023). 

Quantum sensors further enhanced the framework by 

increasing spatial resolution and sensitivity, allowing for 

finer-scale detection of road features and better differentiation 

between land cover types (Cira et al. 2023). Rigorous 

model validation, including metrics like MSE, R-squared, 

RMSE, and MAE, ensured the framework’s reliability and 

accuracy in identifying road targets (Dey et al. 2024). This 

comprehensive analysis significantly improved road target 

identification, aiding urban infrastructure management and 

transportation planning. Various methods have been 

developed to improve road extraction, such as using 3D 

CNNs for spectral and spatial information extraction 

(Mohammadhassani et al. 2013b, 2014a, Heydari and 

Shariati 2018, Shariat et al. 2018, Li et al. 2019b, Luo et al. 

2019, Xie et al. 2019), combining multi-feature mean shift 

 

 

with SVM and shape feature filters (Xu 2016), and using 

hyperspectral imagery for urban built-up surface extraction 

(Pandey and Tiwari 2020). Other studies have developed 

algorithms to detect and track moving targets (Demars et al. 

2015), used spectral-spatial categorization for major urban 

roads (Shi et al. 2013), combined Lidar and high-resolution 

satellite data (Lak et al. 2016), and developed automated 

systems for urban surface material mapping (Roessner et al. 

2011). A self-supervised learning framework was also used 

to enhance representation learning from spectral-spatial 

features of unlabeled imagery, improving land cover 

classification (Zhang and Han 2023). Additionally, a deep 

Siamese network with hybrid convolutional feature 

extraction was used for change-detection in multi-sensor 

images, proving effective in multi-sensor image change 

detection (Wang et al. 2020). 

 
2.2 Convolutional neural networks  
 
These layers perform feature extraction by applying 

filters to the input image, capturing patterns such as 

 

Fig. 4 Transformation of data across different layers of a CNN 

 

Fig. 5 Components of the objective function, including the loss function and regularization term 
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edges and textures. The filters are learned during training to 

detect relevant features for the task at hand as Eq. (1) (Selvi 

Sundarapandi et al. 2024):  

𝑂𝑖,𝑗,𝑘 = 𝜎 (∑  

𝑚,𝑛,𝑙

  𝐼(𝑖+𝑚),(𝑗+𝑛),𝑙 × 𝐾𝑚,𝑛,𝑙,𝑘 + 𝑏𝑘) (1) 

where, 𝑂𝑖,𝑗,𝑘 Represent output activation at position (𝑖, 𝑗) 

in the 𝑘 -th feature map,  𝐼(𝑖+𝑚),(𝑗+𝑛),𝑙  shows input 

activation at position (𝑖 + 𝑚, 𝑗 + 𝑛)  in the 𝑙 -th input 

feature map, 𝐾𝑚,𝑛,𝑙,𝑘  : Weight of the filter at position 

(𝑚, 𝑛) for input channel 𝑙  and output channel 𝑘 , 𝑏𝑘  : 

Bias term for the 𝑘-th output channel, and 𝜎 : Activation 

function, e.g., ReLU (Selvi Sundarapandi, Alotaibi et al. 

2024). In CNN, pooling layers reduce the spatial 

dimensions of feature maps while preserving important 

information. This helps reduce computational complexity 

and control overfitting. 

𝑂𝑖,𝑗,𝑘 = pooling function (𝐼(𝑖,𝑗),𝑘) (2) 

where, 𝑂𝑖,𝑗,𝑘 is output activation at position (𝑖, 𝑗) in the 

𝑘-th feature map, and the pooling function is max pooling 

or average pooling (Sharifuzzaman Sagar et al. 2024). Fully 

connected layers take the flattened output from the previous 

layers and perform classification or regression tasks. They 

learn to map the extracted features to output labels 

(Sharifuzzaman Sagar et al. 2024). 

𝑦 = 𝜎(𝑊 ⋅ 𝑥 + 𝑏) (3) 

where 𝑦 shows the output vector, 𝑊 is the weight matrix, 

𝑥 is the input vector, 𝑏 is the bias vector, 𝜎 is the 

activation function, e.g., softmax. Fig. 4 illustrates the 

progressive reduction in data size or the number of features 

as the input passes through the layers of a CNN. Starting 

from the input layer with the highest data size, each 

 

 

subsequent layer—convolutional, pooling, and fully 

connected—reduces the data complexity (Chen et al. 2023, 

Sharifuzzaman Sagar et al. 2024). This reduction 

culminates at the output layer, typically representing a 

single classification or regression output. 

 

2.3 XGBoost algorithm 

 

An objective function comprises a regularization term; a 

loss function is minimized using XGBoost. The 

regularization term regulates model complexity, while the 

loss function quantifies the discrepancy between predicted 

and true labels (Chen et al. 2023). 

obj =∑  

𝑛

𝑖=1

𝐿(𝑦𝑖 , 𝑦̂𝑖) +∑  

𝐾

𝑘=1

Ω(𝑓𝑘) (4) 

where, 𝐿(𝑦𝑖 , 𝑦̂𝑖)  shows loss function measuring the 

discrepancy between actual label 𝑦𝑖  and predicted label 

𝑦̂𝑖 , Ω(𝑓𝑘)  shows regularization term penalizing the 

complexity of individual trees 𝑓𝑘. Also, the loss function 

quantifies the difference between predicted and actual labels 

(Chen et al. 2023). Standard loss functions include logistic 

loss for binary classification and soft max loss for 

multiclass classification (e.g., Logistic Loss): 

𝐿(𝑦𝑖 , 𝑦̂𝑖) = −(𝑦𝑖log⁡(𝑦̂𝑖) + (1 − 𝑦𝑖)log⁡(1 − 𝑦̂𝑖)) (5) 

XGBoost applies regularization to control the complexity 

of individual trees in the ensemble. Regularization helps 

prevent overfitting and improves generalization performance 

(Fig. 6) 

Ω(𝑓𝑘) = 𝛾|𝑇| + 𝜆∑  

|𝑇|

𝑗=1

𝑤𝑗
2 (6) 

 

Fig. 6 Data collection process for acquiring multi-spectral RS imagery of urban environments 
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where 𝛾  and 𝜆  show regularization parameters, |𝑇| 
shows the number of leaves in tree 𝑇 , and 𝑤𝑗  shows 

weight associated with leaf 𝑗. In image detection pipelines, 

XGBoost is often used for feature selection, ensemble 

learning, or post-processing of CNN outputs. It helps 

improve the overall performance and robustness of the 

system (Chen et al. 2023, Van Engelen and Hoos 2020). 

Fig. 5 shows the logistic loss for binary classification and 

the regularization term. The logistic loss changes with 

predicted probabilities for actual labels (0 and 1), being 

minimized when predictions match actual labels. The 

regularization term varies with the number of leaves in a 

tree model, helping control model complexity and prevent 

overfitting. (Van Engelen and Hoos 2020).  
 
 

3. Object detection model training and testing 
 

Road extraction techniques are categorized into heuristic 

and machine learning methods. Heuristic techniques rely on 

manually chosen features such as texture, spectral, and 

geometry (Wang et al. 2014, Sghaier and Lepage 2015), but 

they can be labor-intensive and error-prone (Liu et al. 2022, 

Toghroli 2023, Mohammad and Arabnejad 2023, Shariati 

2023). Machine learning methods include support vector 

machines (Song and Civco 2004), artificial neural networks 

(Kirthika and Mookambiga 2011), Markov random fields 

(Wang and Luo 2005), maximum likelihood classifiers 

(Zhou et al. 2006), mean shift (Miao et al. 2014), and graph 

theory (Alshehhi and Marpu 2017). Deep learning models, 

which can learn latent characteristics automatically, have 

advanced road extraction techniques. Abdollahi et al. 

(2020) categorize these into patch-based CNN (Wei et al. 

2017), FCN model (Abdollahi et al. 2019), deconvolutional 

net (Xin et al. 2019), and GANs model (Abdollahi et al. 

2021). The Space Net 3 dataset, supervised by CosmiQ 

Works, Radiant Solutions, and NVIDIA, along with datasets 

from Deep Globe (Demir et al. 2018), Google Earth (Cheng 

et al. 2017), Ottawa road images (Liu et al. 2018), and 

Roads (Mnih and Hinton 2010), were used for experiments. 

Images were standardized to 512 × 512 pixels (Fig. 7). The 

Road Network Detection in Space Net 3 dataset includes 

images from the WorldView-3 satellite (Audebert et al. 

2017), with varied constructed environments (Shariati et al. 

2012a, 2015, 2016, Paknahad et al. 2018). The Deep Globe 

dataset offers sub-meter resolution imagery (Van Engelen 

and Hoos 2020). The Google Earth dataset, with manually 

labeled roads, consists of images with a 1.2-meter spatial 

 

 

resolution. The Road Imagery dataset includes 21 cm 

spatial resolution images from Google Earth (Mnih 2013, 

Badrinarayanan et al. 2015, Kendall et al. 2015, Long et al. 

2015, Noh et al. 2015, Ronneberger et al. 2015a, Volpi and 

Ferrari 2015, Andrearczyk and Whelan 2016, Muruganandham 

2016, Saito et al. 2016a). The drone dataset features high-

resolution images (3 cm) from various regions, addressing 

occlusion challenges, and includes 728 training images, 

with 130 for validation and 13 for testing (Badrinarayanan 

et al. 2015, Clevert et al. 2015, Long et al. 2015). 

 
3.1 Convolutional layer 
 

Convolutional processes, essential to CNNs, are linear 

functions that integrate the input’s weights. The final 

feature map is designated as ‘J,’ while the source picture is 

represented as ‘i’. Applying a filter (f) on the source picture 

array—indexed by the variables p and k—creates the 

feature map. 

𝐽[𝑚, 𝑛] = ∑  

𝑝

∑ 

𝑘

𝑓[𝑝, 𝑘]. 𝑖[𝑚 + 𝑝, 𝑛 + 𝑘] (7) 

The location indices of 𝐼 are represented by 𝑖 and 𝑗 in 

Eq. (7). To sum up, use the symbol ∑. Depending on the 

convolution technique, the output feature map usually has a 

lower spatial resolution than the original picture. The edges 

of the source input were padded with zero-valued pixels 

before the filter was applied (Van Engelen and Hoos 2020, 

He et al. 2022). This zero-padding determined the edge 

values added to the image. Generally, the spatial resolution 

𝑂𝑤 and 𝑂ℎ of the final feature map produced by applying 

an 𝑛×𝑛 kernel to the source image can be computed as 

shown in Eq. (8) and Eq. (9): 

 out 𝑥 = (
𝑖𝑛𝑥 − 𝑥 + 2𝑝𝑎𝑑

𝑡
) + 1 (8) 

 out 𝑖 = (
𝑖𝑛𝑖 − 𝑦 + 2𝑝𝑎𝑑

𝑡
) + 1 (9) 

A type of convolution known as dilated convolution 

expands the kernel by introducing gaps between its 

elements. This layer includes an additional hyperparameter 

called the dilation rate (d), which determines the spacing 

between sampled input pixels, as shown in Eq. (10). The 

dilation rate effectively increases the receptive field of the 

kernel without increasing the number of parameters, 

allowing the network to capture more context (Chen et al. 

2021, He et al. 2022). 

 

Fig. 7 Semantic segmentation of aerial imagery using u-net in keras (python) 
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𝐽[𝑚, 𝑛] =∑  

𝑝

∑ 

𝑘

𝑓[𝑝, 𝑘]. 𝑖[𝑚 + 𝑝. 𝑑, 𝑛 + 𝑘. 𝑑] (10) 

As shown in Eqs. (11) and (12) dilated convolution 

produce a broader receptive field than classical convolution 

with the same kernel size without extra learnable 

parameters. 

 out 𝑥 = (
𝑖𝑛𝑥 − 𝑥 − (𝑥 − 1)(𝑑 − 1) + 2𝑝𝑎𝑑

𝑡
) + 1 (11) 

 out 𝑖 = (
𝑖𝑛𝑖 − 𝑦 − (𝑦 − 1)(𝑑 − 1) + 2𝑝𝑎𝑑

𝑡
) + 1 (12) 

The calculation above shows that the dilated 

convolution approach often yields a smaller feature map 

than regular convolution, given a set of hyperparameters 

(Chen et al. 2021). 

 

3.1.1 Quantum convolution (QC)  
Quantum convolution operates differently from 

traditional convolution by utilizing principles from quantum 

mechanics. QC consists of three main components: an 

encoder, an entanglement component, and a decoder (Chen 

et al. 2021). 

 
Encoder 

This module transforms classical data into a quantum 

state. The transformation uses quantum circuits, which 

prepare the data for quantum processing. One standard 

encoding method uses a Hadamard gate, which converts the 

initial quantum state into a uniform superposition state. This 

process allows the quantum system to represent multiple 

states simultaneously. The encoder function, (𝑎), applies 

this transformation, where 𝑖 represents the input vector to be 

encoded (Chen et al. 2021, Desai and Ghose 2022). 

 

Entanglement component 

This part of the QC introduces quantum entanglement, a 

unique property of quantum systems where the state of one 

particle depends on the state of another, no matter the 

distance between them. This component allows the QC to 

capture complex relationships within the data that are not 

easily captured by classical convolution. 

 

 

Decoder 

Finally, the decoder converts the processed quantum 

state back into a classical form that can be interpreted and 

used for further analysis or decision-making (Desai and 

Ghose 2022). 

|𝑖⟩ = 𝐸(𝑎)|0⟩ (13) 

By leveraging these components, QC aims to exploit the 

advantages of quantum computing, such as parallelism and 

entanglement, to achieve more efficient and robust data 

processing compared to traditional convolutional methods 

(Desai and Ghose 2022). The encoded quantum state may 

interact with a group of single- and multi-qubit gates thanks 

to the entanglement module. Two popular multi-qubit gates 

are CNOT gates and parametrically controlled rotation 

gates. Assignment features are obtained through parameterized 

layers incorporating single- and multi-qubit gates (Yang et 

al. 2022). If the symbol (θ) represents all the unitary 

operations within the entanglement module, the resultant 

quantum state can be expressed as shown in Eq. (14). 

|𝑖, 𝜃⟩ = 𝑈(𝜃)|𝑖⟩ (14) 

The Pauli 𝑍 operator, along with other local variables, 

has been estimated in previous modules. In Eq. (15), the 

deterministic values of these local variables are given by the 

following equation: 

⟨𝑖, 𝜃|𝐴⊗𝑥|𝑖, 𝜃⟩ (15) 

Therefore, the goal is to make a map out of the quantum 

states to the conventional resultant vector 𝑓(𝑖, 𝜃). 

|𝑖, 𝜃⟩ → 𝑓(𝑖, 𝜃) (16) 

In Eq. (16), 𝑓(𝑖, 𝜃)  represents the input for QCNN 

(Yang et al. 2022) (Fig. 8) 

 

3.2 Road segmentation loss 
 

In the context of road segmentation using Generative 

Adversarial Networks (GANs), the loss function 𝑙𝑠 
includes discriminator loss 𝑙𝑠𝑑 and generator loss 𝑙𝑠𝑔. The 

discriminator 𝐷𝑠 is tasked with determining whether input 

data comes from the labeled or unlabeled dataset, with  

 

Fig. 8 Interaction between the encoded quantum state, the entanglement module, and the mapping of quantum states to 

conventional resultant vectors 
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labeled data typically having more accurate, static labels 

than unlabeled data’s dynamic and less reliable pseudo 

labels (Li et al. 2021).  

The generator 𝐺, on the other hand, aims to fool the 

discriminator by producing images from unlabeled data 

(𝐺(𝑥𝑢)) that are indistinguishable from those produced 

from labeled data (𝐺(𝑥𝑙)), effectively aligning the feature 

distributions of the two. This approach helps improve the 

model’s ability to generalize across different datasets by 

leveraging the abundant unlabeled data, enhancing the 

overall accuracy and robustness of the road segmentation 

task (Li et al. 2021). 

The segmentation discriminator loss 𝑙𝑠𝑑  aims to 

develop the discriminative ability of 𝐷𝑠  between 𝐺(𝑥𝑙) 
and 𝐺(𝑥𝑢) 

⁡ 𝑙𝑠𝑑 =
1

𝑀
∑  

𝑀

𝑙=1

  𝑙𝑏𝑐𝑒(𝐷𝑠(𝐺(𝑥𝑖
𝑙) ⊕ 𝑥𝑖

𝑙), 𝟏) +

⁡
1

𝑁
∑  

𝑁

𝑙=1

  𝑙𝑏𝑐𝑒(𝐷𝑠(𝐺(𝑥𝑖
𝑢) ⊕ 𝑥𝑖

𝑢), 𝟎)

 (17) 

⊕ = the concatenation operation  

𝑙𝑏𝑐𝑒  = binary cross entropy loss.  

The general form of binary cross entropy loss 𝑙𝑏𝑐𝑒  is 

defined as 

𝑙𝑏𝑐𝑒(𝑦
𝑝, 𝑦𝑡) =

1

𝐻 ×𝑊
∑  

𝐻×𝑊

𝑖=1

[−𝑦𝑖
𝑡log⁡(𝑦𝑖

𝑝
)

− (1 − 𝑦𝑖
𝑡)log⁡(1 − 𝑦𝑖

𝑝
)] 

(18) 

𝐻  and 𝑊  = image height and image weight, 

respectively 

𝑦𝑖
𝑝

 and 𝑦𝑖
𝑡 = prediction of 𝑖 th pixel and target of 𝑖 

th pixel, respectively. 

The segmentation generator loss 𝑙𝑠𝑔 is used to fool the 

discriminator, as (Li et al. 2021) 

𝑙𝑠𝑔 =
1

𝑁
∑  

𝑁

𝑖=1

𝑙𝑏𝑐𝑒(𝐷𝑠(𝐺(𝑥𝑖
𝑢) ⊕ 𝑥𝑖

𝑢), 𝟏) (19) 

 

 

The whole road segmentation loss 𝑙𝑠 is consist of 𝑙𝑠𝑑 

and 𝑙𝑠𝑔, as 

𝑙𝑠 = 𝑙𝑠𝑑 + 𝑙𝑠𝑔 (20) 

Fig. 9 illustrates the components and relationships in 

computing the whole road segmentation loss for a 

segmentation model. It shows the segmentation 

discriminator loss, which evaluates the discriminator’s 

ability to distinguish between labeled and generated images 

using binary cross-entropy loss. The generator loss aims to 

fool the discriminator into classifying generated unlabeled 

images as accurate. Both losses are combined to form the 

overall segmentation loss (𝑙𝑠ls), guiding the training of the 

segmentation model. 

 

3.3 CNN-XGBoost training in RS imagery road target 
 

In road extraction, the training and testing of object 

detection models involve a mix of heuristic and machine 

learning techniques. Heuristic methods are based on 

manually chosen characteristics such as texture, spectral 

features, and geometry, which, while not requiring labeled 

data, tend to be labor-intensive and error-prone. On the 

other hand, machine learning techniques like SVMs, ANNs, 

MRFs classifiers, and deep learning have been instrumental 

in advancing road detection capabilities, particularly with 

the increase in image resolution and quantity (Abdikan et 

al. 2023). Deep learning models excel by automatically 

learning to represent latent characteristics (Mohammadhassani 

et al. 2015, Toghroli et al. 2018a, Sari et al. 2019, Xu et al. 

2019, Safa et al. 2020a). Deep learning-based road 

extraction can be categorized into four main approaches: 

patch-based CNNs, FCN models, Deconvolutional Nets, 

and GANs (Aghakhani et al. 2015, Toghroli 2015). A patch-

based CNN constructs the final image by assembling 

prediction patches, ensuring detailed and localized image 

data processing. The FCN model utilizes an interpolation 

layer to upscale the feature map to the original image size, 

providing a seamless output. Deconvolutional networks 

employ an encoder-decoder architecture where the encoder 

 

Fig. 9 Graph diagram illustrating the segmentation discriminator and generator losses and their contributions to the 

whole road segmentation loss 
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Table 3 Training and evaluating a CNN model for road 

detection using the specified "mini deep globe" dataset 

Metric Value (%) 

Accuracy 92 

Precision 88 

Recall 90 

F1-Score 89 

 

Table 4 Regression results of CNN-XGBoost 

Metric Value 

MSE 0.025 

R-squared (R²) 0.85 

RMSE 0.158 

MAE 0.12 

 

 

extracts latent features, and the decoder reconstructs the 

prediction output, which is beneficial for maintaining the 

quality of feature representation (Abdikan et al. 2023). 

Lastly, GANs involve a generator and a discriminator 

working in tandem to produce high-quality road 

segmentations, with the generator creating images and the 

discriminator evaluating them. For empirical analysis, 

various datasets are used, such as the SpaceNet 3 Road 

Network Detection dataset, which contains images from 

four major cities with intricate urban details captured via 

the WorldView-3 satellite. The dataset includes a 30 cm 

ground resolution and annotations along the centerline, 

adjusted with a 2 m buffer to ensure accuracy. Other 

datasets include Deep Globe, with sub-meter resolution, and 

Google Earth, which provides manually labeled road 

images for training, testing, and validation (Yang et al. 

2018, Abdikan et al. 2023). Additionally, the Drone dataset 

includes high-resolution images processed from drone 

footage, offering detailed insights into rural and urban road 

networks. The datasets are standardized to a uniform size of 

512 × 512 pixels before input into the model, irrespective of 

their original dimensions. This standardization is crucial for 

maintaining consistency in training and evaluation across 

different sources and scales of data. The diversity and 

quality of these datasets play a pivotal role in enhancing the 

model’s ability to generalize across various real-world 

scenarios, thereby improving the reliability and accuracy of 

road detection systems (Yang et al. 2018). To set up a 

training and testing environment for road detection, by use 

of the "Mini Deep Globe" dataset, designed as a smaller 

subset of the larger deep globe road extraction dataset, this 

dataset consists of 100 images, split into 80 for training, 10 

for validation, and 10 for testing, with each image resized to 

a uniform resolution of 512 x 512 pixels (Shah et al. 2020). 

These images include binary masks as labels, where roads 

are marked as ‘1’ and non-road areas as ‘0’. To provide a 

more detailed scenario with realistic values, here is the 

setup for training a CNN model for road detection using 

specific parameters and metrics (Shah et al. 2020). 

Using the specified network architecture and training 

regimen, the model is carefully tuned to maximize 

performance on road detection tasks (Table 3, Fig. 10).  

 

Fig. 10 Performance metrics of a model, with metrics 

including accuracy, precision, recall, and f1-score plotted 

on the y-axis and labeled accordingly 

 

 

Fig 11 Performance metrics of a regression model 

 

 

Fig. 12 CNN architect (Phung and Rhee 2019) 

 

 

Augmented data helps the model generalize better to unseen 

Using the specified network architecture and training 

regimen, the model is carefully tuned to maximize 

performance on road detection tasks (Table 3, Fig. 10). 

Augmented data helps the model generalize better to unseen 

data, simulating a range of real-world conditions (Wang et 

al. 2015, Saito et al. 2016a). Table 4 illustrates the 

regression results obtained from the CNN-XGBoost model, 

showcasing the performance metrics and coefficients for the 

relevant predictors. 

The model’s high accuracy, precision, recall, and f1-

score highlight its robustness and reliability in real-world 

scenarios, effectively distinguishing between road and non-
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road regions and minimizing errors (Shariati et al. 2011b, 

2014b, Khorramian et al. 2015, Wang et al. 2015, Saito, 

Yamashita et al. 2016a, Tahmasbi et al. 2016, Nasrollahi et 

al. 2018). Data augmentation techniques, including random 

rotations, flips, and color adjustments, improved the 

model’s generalization capabilities, enabling it to handle 

various conditions. The CNN’s architecture, with 

convolutional layers, max pooling, ReLU activation, and a 

final sigmoid activation layer, contributed to its high 

performance (Shariati et al. 2010, 2012c, Dong et al. 2018, 

Ismail et al. 2018, Wei et al. 2018). The binary cross-

entropy loss function and early stopping mechanism 

ensured effective optimization and prevented overfitting 

(Shariati et al. 2012b, 2020i, Shariati 2013, Andrearczyk 

and Whelan 2016, Hosseinpour et al. 2018, Naghipour et al. 

2020a). These factors made the model suitable for urban 

infrastructure management and transportation planning 

applications. The CNN model’s performance, with an MSE 

of 0.025, R² of 0.85, RMSE of 0.158, and MAE of 0.12, 

confirms its accuracy and reliability in detecting roads from 

multi-spectral RS imagery (Khanouki et al. 2016, Shah et 

al. 2016a, b, Dong, Xu et al. 2018, Shariati et al. 2018, 

Naghipour et al. 2020b). The CNN-XGBoost hybrid 

models, such as those by Raichura et al. and Thongsuwan et 

al., demonstrated improved classification accuracy and 

robustness (Raichura et al. 2021, Thongsuwan et al. 2021). 

Other studies also achieved high accuracy and effectiveness 

in various image recognition tasks (Samma et al. 2021, 

Parsa et al. 2020). 
 

 

4. Conclusions 
 

This study aimed to develop an advanced road detection 

framework using a hybrid model combining CNN and 

XGBoost. Multi-spectral RS imagery of urban 

environments was utilized to enhance the accuracy and 

efficiency of road target identification. The novelty of this 

study lies in integrating quantum sensors to improve spatial 

resolution and sensitivity, using comprehensive high-

resolution datasets, and applying advanced feature 

extraction techniques such as spectral signature, texture, 

and spatial analyses. These innovations contributed to a 

more precise and efficient road detection system. The CNN 

model trained on the "mini deep globe" dataset for road 

detection demonstrates high performance with an accuracy 

of 92%, precision of 88%, recall of 90%, and f1-score of 

89%, underscoring its robustness and reliability in real-

world scenarios. Data augmentation and a carefully 

designed architecture contributed to its effectiveness. 

Comparatively, hybrid models like CNN-XGBoost have 

also shown impressive results in various image 

classification tasks, highlighting the potential of combining 

different machine learning techniques for enhanced 

performance. These findings confirm the CNN model’s 

efficacy in urban infrastructure management and 

transportation planning applications. Using quantum 

sensors significantly enhances road detection models by 

providing high-precision, low-noise, and high-resolution 

data. This leads to improved model performance with 

higher accuracy, precision, recall, and f1-score, making 

them more effective for practical urban infrastructure 

management and transportation planning applications. 
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