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ABSTRACT                                                                                                 

Article History: 
In the context of urban growth and increasing population density, urban transportation 

networks face significant challenges such as traffic congestion, infrastructure limitations, 

and traffic law violations. This study integrates three analytical approaches—Space Syntax, 

Resolving Efficient Dominating Set (REDS), and Graph Neural Networks (GNN)—to 

identify strategic locations for the deployment of mobile Electronic Traffic Law Enforcement 

(ETLE) units and to forecast potential traffic violations. The research focuses on Malang 

City, Indonesia, and utilizes spatial data and ETLE violation records. Results show that 

Laksamana Martadinata Street, which has the lowest Real Relative Asymmetry (RRA) value, 

is a key strategic location for monitoring. The REDS analysis yields a resolving efficient 

domination number that determines the optimal quantity and placement of mobile ETLE 

units. GNN-based multi-step time series forecasting successfully predicts traffic violation 

trends across 29 road segments with a Mean Squared Error (MSE) equal to 0.0173. The 

novelty of this research lies in the integration of spatial configuration analysis, graph 

theoretical optimization, and machine learning-based forecasting, offering a comprehensive 

approach not previously combined in related studies. However, limitations include the use 

of a single urban case study and constraints in the availability and granularity of violation 

data, which may affect the generalizability of the findings. 
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1. INTRODUCTION 

Urban Transportation Network (UTN) is a complex network system, which is formed by a physical 

road network and traffic demand network  [1]. Urban development and rapid population growth result in 

serious problems in urban transportation management, including traffic congestion, deficient transportation 

infrastructure, and traffic law violations. Electronic Traffic Law Enforcement (ETLE) is an effective law 

enforcement system to overcome these problems. ETLE is a technology-based traffic law enforcement 

system that uses cameras and artificial intelligence to automatically detect and document traffic violations  

[2]. The system aims to improve traffic safety by reducing violations and accidents on the roads  [3]. ETLE 

has been implemented in various regions of Indonesia, including Makassar, Jakarta, and many other major 

cities  [4]. The system employs static, mobile, and portable cameras installed at strategic vertices to identify 

violations such as not wearing helmets, using mobile phones while driving, and violating road markings  

[5]. ETLE not only enhances the effectiveness of law enforcement by reducing the need for direct 

interaction between officers and violators, but also supports transparency and accountability through the 

digitization process  [6]. Data on number of traffic violations recorded 1,191 traffic violators in Malang 

City in the first two months 2024. Statistics on the reduction of traffic accidents before and after ETLE 

show that in 2024, the number of traffic accidents in Malang City decreased by 43.39% compared to 2023, 

namely from 439 cases to 246 cases. The number of fatalities also decreased from 61 people (2023) to 50 

people (2024). The number of road users or the growth of motorized vehicles from year to year continues to 

increase, for example from 152,052,805 in 2022 to 159,134,167 in 2023  [7]. 

The violation data collected by ETLE cameras can be directly accessed by authorities for electronic 

ticketing, which is then sent to vehicle owners via mail or digital messages  [8]. Furthermore, the 

implementation of ETLE also demonstrates the Indonesian government's commitment to applying e-

government to improve public services and good governance  [9]. One type of ETLE is ETLE mobile. 

ETLE mobile is a new method of implementing traffic discipline that allows police officers to use mobile 

phone cameras and cameras mounted on the roof of police cars on duty to take photographic evidence of 

traffic violations  [10]. The implementation of mobile ETLE requires the right approach in determining its 

strategic location in order to operate effectively and efficiently. Some approaches that can be used are the 

Space Syntax and Resolving Efficient Dominating Set (REDS) concepts. Space syntax is a technique used 

in urban planning, architecture, and social sciences to understand the relationship between the physical 

structure of urban spaces such as streets, buildings, and open spaces, and how people interact and move 

within them  [11]. Space syntax analysis is performed by modeling the road network as a graph where each 

road segment is a vertex connected by lines representing the physical relationship between them. The 

measures used in space syntax research can be local or global  [12]. Space syntax analysis can reveal the 

Real Relative Asymmetry (RRA) value in an urban environment. 

According to Deng, et al  [13], the set can be said to be efficient dominating set if every vertex 𝑣 ∈
𝑉(𝐺) − 𝐷 is dominated by exactly one dominator and no two vertices in 𝐷 are neighbors. The minimal 

cardinality of efficient dominating set is called efficient dominating number which is symbolized by 𝛾𝑒(𝐺). 

According to Hakim, et al  [14], the set W is called REDS if it has satisfied the efficient dominating set 

requirement. In the concept of REDS, the representation of vertices  𝑣 ∈ 𝑉(𝐺) in W must be distinct. The 

minimal cardinality of REDS is called resolving dominating number which is symbolized by 𝛾𝑟𝑒(𝐺). In 

this research, the graph operation used is the vertex amalgamation operation  [15]. According to 

Estuningsih, et al  [16], the vertex amalgamation operation is denoted by 𝐺 = 𝐴𝑚𝑎𝑙(𝐺, 𝑣, 𝑛) which is graph 

G has v as terminal vertex, and n denotes the number of graphs of G that are amalgamated. 

Previous research in urban transportation network analysis has often relied on isolated methods, such 

as traditional statistical models, static spatial assessments, or manual surveillance placement, which fail to 

fully capture the complex interplay between spatial configuration, optimal monitoring placement, and 

predictive violation trends  [17]. These approaches typically lack the ability to model how urban form 

influences traffic behavior, do not optimize surveillance deployment using graph-theoretic principles, and 

are limited in forecasting accuracy due to linear assumptions  [18]. In contrast, the integration of Space 

Syntax, REDS, and Graph Neural Networks (GNN) in this study offers a comprehensive and data-driven 

framework that addresses these limitations. Space Syntax reveals the spatial accessibility patterns 

influencing movement; REDS determines the minimal and most effective monitoring nodes; while GNN 

enables accurate multi-step forecasting by modeling both spatial and temporal dependencies within the road 

network. This interdisciplinary approach is novel and urgent as it bridges theoretical foundations with 
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practical applications, supports proactive traffic law enforcement, and provides scalable solutions for smart 

urban planning. 

After the location of mobile ETLE is determined using the concept of space syntax and REDS, 

forecasting is carried out to predict the number of violations that may occur on each road  [19].  GNN 

provides the ability to handle data that has a more complex structure and is not limited to spatial 

representation, making it suitable for a variety of graph analysis tasks and understanding of complex 

relationship patterns  [20]. GNN can be applied to the concept of multi- step time series forecasting, which 

is used to predict future values or data in a sequence of time series. This research takes the Malang city area 

focusing on densely populated areas and areas with high population activity. This research will discuss 

solving the urban transportation network problem by analyzing the Real Relative Asymmetry value using 

the concept of space syntax and REDS. The problem is the problem of determining the location of the 

implementation of mobile ETLE in Malang City. Furthermore, forecasting will be carried out using one 

type of machine learning, namely GNN. 

Malang City was selected as the focus of this research due to its unique urban characteristics and 

growing transportation challenges. As one of the largest cities in East Java, Malang experiences rapid urban 

development, population growth, and increased motor vehicle usage, particularly in densely populated and 

high-activity areas such as education centers, markets, and tourist zones  [21]. These conditions contribute 

to complex traffic dynamics, including frequent congestion, high rates of traffic violations, and limitations 

in transportation infrastructure  [22]. Moreover, Malang's urban layout, which combines historical road 

networks with modern development, presents a diverse spatial configuration that is ideal for analysis using 

the Space Syntax approach  [23]. The presence of numerous small and irregularly connected streets creates 

asymmetries in accessibility, making the city a strategic case study for applying the REDS method to 

optimize the placement of mobile ETLE units. Additionally, Malang has already begun adopting electronic 

traffic law enforcement technologies, offering real-world data for evaluating and forecasting traffic 

violations. These factors make Malang not only a relevant but also a representative urban environment for 

testing the effectiveness of the integrated approach combining Space Syntax, REDS, and GNN. 

2. RESEARCH METHODS 

2.1 Research Instruments 

In this study, several research instruments were employed to analyze the urban transportation 

network in Malang City. ArcMap was used as a Geographic Information System (GIS) tool to process and 

convert spatial road network data from shapefiles (SHP) into DXF format, which is compatible with further 

analysis tools. DepthmapX, a specialized software for spatial network analysis based on Space Syntax 

theory, was then used to calculate the RRA values, helping identify areas with low or high spatial 

accessibility. These RRA values served as a basis for determining strategic locations for mobile ETLE 

deployment. In addition, Python programming language was utilized to model the road network as a graph 

and to compute key graph-theoretic parameters such as Total Depth (TD), Mean Depth (MD), Relative 

Asymmetry (RA), and RRA at each vertex. Python was also used in implementing the GNN algorithm to 

perform multi-step time series forecasting of traffic violations. These instruments collectively supported a 

comprehensive spatial, structural, and predictive analysis of the urban transportation network. 

2.2 Study Area and Data Collection 

This study focuses on the urban transportation network of Malang City, specifically targeting densely 

populated areas and regions with high traffic activity. The data required for the analysis includes spatial 

road network data, traffic flow information, and traffic violation data captured by Electronic Traffic Law 

Enforcement (ETLE) systems, particularly mobile ETLE units. Data on traffic violations, including the 

types and frequency of violations, will be obtained from the ETLE system deployed in Malang City. 

Additionally, GIS data will be used to create a comprehensive road network map for space syntax and 

REDS analysis. 
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2.3 Space Syntax Analysis 

The first phase of analysis involves applying Space Syntax to assess the structure of Malang City's 

urban transportation network. The road network will be modeled as a graph where each road segment is 

represented as a vertex, and intersections or connections between road segments are represented as edges. 

Using space syntax measures such as integration, choice, and RRA, the analysis will identify strategic 

vertices in the road network that have high or low accessibility. These results will be critical for 

determining suitable locations for mobile ETLE deployment, as areas with high RRA values indicate 

regions that may be less accessible and therefore more prone to violations. 

𝑇𝐷 = ∑𝑠𝑡𝑒𝑝 𝑑𝑒𝑝𝑡ℎ (1) 

𝑀𝐷 =
𝑇𝐷

𝑛 − 1
 (2) 

𝑅𝐴 =
2(𝑀𝐷 − 1)

𝑛 − 2
 (3) 

𝐺𝐿 = 2
𝐿(𝐿)

1
2 − 2𝐿 + 1

(𝐿 − 1)(𝐿 − 2)
 (4) 

𝑅𝑅𝐴 =
𝑅𝐴

𝐺𝐿
 (5) 

2.4 Resolving Efficient Dominating Set (REDS) Analysis 

Following the space syntax analysis, the REDS concept will be used to further refine the selection of 

strategic locations for mobile ETLE units. The REDS approach involves calculating the efficient 

dominating set and resolving dominating set of the urban road network graph. By identifying the minimal 

cardinality of REDS, the research will determine the most effective set of roads where mobile ETLE 

cameras should be installed to monitor traffic violations efficiently. The vertex amalgamation graph 

operation will be employed to amalgamate key vertices in the network, optimizing the positioning of 

mobile ETLE units. 

Definition 1. REDS is a combination of the concept of efficient dominating set and metric dimension. The 

lower bound of resolving efficient dominating set is 𝛾
𝑟𝑒

≥ 𝑚𝑎𝑥{𝛾𝑒(𝐺), 𝑑𝑖𝑚(𝐺)}. 

2.5 Machine Learning Forecasting using Graph Neural Networks (GNN) 

Once the optimal locations for mobile ETLE deployment have been identified, a forecasting model 

will be developed to predict the number of traffic violations at each location. This step will utilize Graph 

Neural Networks (GNN) due to their ability to analyze complex graph structures and relationships in the 

urban transportation network. GNN will be applied to perform multi-step time series forecasting, predicting 

future traffic violations based on historical data collected by ETLE systems. The model will be trained 

using past traffic violation data and traffic flow information from Malang City. GNN will enable the 

research to forecast violations with higher accuracy compared to traditional methods, providing insight into 

potential future trends in traffic violations across the city. Neural Message Passing allows graph nodes to 

exchange information by calculating messages based on node and edge features. Neural Message 

Aggregation combines these messages using functions like sum, mean, or max to iteratively update node 

representations, capturing local and global graph structures. 

ℎ𝑣
0 = 𝑥𝑣      (6) 

ℎ𝑣
(𝑘+1)

= 𝜎 (𝑊𝑘 ∑
ℎ𝑢

(𝑘)

|𝑁(𝑣)|
+ 𝐵𝑘ℎ𝑣

(𝑘)
𝑢𝜖𝑁(𝑣) ) , ∀𝑘 ∈ {0,… , 𝐾 − 1}   (7) 

𝑧𝑣 = ℎ𝑣
(𝐾)

      (8) 
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3. RESULTS AND DISCUSSION 

This section describes the results of research on local and global RRA analysis, theorems related to 

resolving efficient dominating sets, and a multi-step time series forecasting model scheme for traffic 

violations based on ETLE data using the GNN technique. 

3.1 Analysis of Local Real Relative Asymmetry 

Local RRA analysis was conducted using ArcMap and DepthmapX software. Determination of local 

RRA values begins with downloading SHP (Shapefile) files on Google to be exported with the help of 

ArcMap. The export process will produce a DXF file that can be used for further analysis. Next is to 

analyze the local RRA value using DepthmapX. The DXF file is imported into DepthmapX to determine 

the value and location of the smallest local RRA. The smallest local RRA value will later be compared with 

the smallest global RRA value to be used in determining the location of traffic monitoring posts. The value 

of the smallest local RRA on the Malang city road map is 2.363337, namely on the Laksamana Martadinata 

street. The results of the local RRA analysis can be seen in Figure 1. 

 

Figure 1. Results of Local RRA Analysis of Malang City Road Map 

3.2 Analysis of Local Real Relative Asymmetry 

This research produces a global value of RRA of Malang city based on the space configuration on the 

road map. The research object used is a graph of the representation of the road map of Malang city (𝐺𝐴). 
The global RRA analysis is done by modeling the road as a vertex and the relationship between one road 

and another as an edge. In this case each road is initialized 𝑥𝑖 as with 1 ≤ 𝑖 ≤ 29, thus obtained as shown in 

Table 1. 

Table 1. Labels of Street Names  

Label Name of Street Label Name of Street 

𝑥1 Arif Rahman Hakim 𝑥16 Muharto 

𝑥2 Basuki Rachmat 𝑥17 Zaenal Zakse 

𝑥3 Mgr. Sugiyopranoto 𝑥18 Pasar Besar 

𝑥4 Aries Munandar 𝑥19 Ade irma Suryani 

𝑥5 Merdeka Utara 𝑥20 Sutan Syahrir 

𝑥6 Merdeka Barat 𝑥21 Kapten Piere Tendean 

𝑥7 Kauman 𝑥22 Nusakambangan 

𝑥8 Merdeka Selatan 𝑥23 Halmahera 

𝑥9 S. W. Pranoto 𝑥24 Kyai Tamin 

𝑥10 Merdeka Timur 𝑥25 Prof. Moh. Yamin 

𝑥11 Agus Salim 𝑥26 Irian Jaya 
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Label Name of Street Label Name of Street 

𝑥12 Zainul Arifin 𝑥27 Sartono, S.H. 

𝑥13 K. H. Ahmad Dahlan 𝑥28 Laksamana Martadinata 

𝑥14 Gatot Subroto 𝑥29 Kebalen Wetan 

𝑥15 Ir. H. Juanda   

So that the graph representation of the road map of Malang city can be seen in Figure 2. 

Furthermore, the calculation of Total Depth (TD), Mean Depth (MD), Relative Asymmetry (RA), and Real 

Relative Asymmetry (RRA) at each vertex is carried out with the help of Python software. The data 

inputted in the program is in the form of step depth data or distance 1 between one vertex and another 

starting at vertex 1 which is replaced with vertex 0, vertex 2 which is replaced with vertex 1, and so on. The 

step depth data or distance 1 on a graph of the representation of the road map of Malang city inputted in the 

python program. 

After the data is inputted in the program, a road graph visualization of the Malang city map is 

generated. Furthermore, the TD, MD, RA, and RRA values generated with the help of Python software at 

each vertex can be seen in Table 2. 

 

Figure 2. Graph of Malang City Road Map Representation Results 𝑮𝑨 

Table 2. Labels of Street Names 

Vertex TD MD RA RRA 

𝑥1 514 18.35714286 1.28571429 4.90068651 

𝑥2 260 9.28571429 0.61375661 2.33942237 

𝑥3 139 4.96428571 0.29365079 1.11929260 

𝑥4 157 5.60714286 0.34126984 1.30079951 

𝑥5 168 6.00000000 0.37037037 1.41172039 

𝑥6 159 5.67857143 0.34656085 1.32096694 

𝑥7 166 5.92857143 0.36507937 1.39155296 

𝑥8 109 3.89285714 0.21428571 0.81678108 

𝑥9 113 4.03571429 0.22486772 0.85711595 

𝑥10 115 4.10714286 0.23015873 0.87728339 

⋮ ⋮ ⋮ ⋮ ⋮ 
𝑥26 338 12.07142857 0.82010582 3.12595230 

𝑥27 141 5.03571429 0.29894180 1.13946003 

𝑥28 106 3.78571429 0.20634921 0.78652993 

𝑥29 270 9.64285714 0.64021164 2.44025954 

From the table, the smallest RRA value is obtained at vertex 𝑥28 which means it is located at vertex 

27 in the python visualization. The smallest global RRA value will later be compared with the smallest 

local RRA value to be used in determining the location of traffic monitoring posts. The smallest global 

RRA value is 0.78652993 or 0.79, which is on the Laksamana Martadinata Street. Visualization of road 

graph of Malang city map and the result of global RRA analysis of Malang city road map can be seen in 
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Figure 3. Identification of Laksamana Martadinata Street as the location with the smallest RRA suggests 

that it is one of the most accessible and spatially integrated roads in Malang's urban network. This could 

explain its high traffic flow, which potentially increases the likelihood of traffic violations due to constant 

vehicular movement and interaction. However, this spatial advantage may also result in traffic bottlenecks 

if not properly regulated, highlighting the need for strategic law enforcement. 

 

Figure 3. Graph Visualization and Global RRA Analysis Results of Malang City Road Map 

3.3 Resolving Efficient Dominating Set 

This research produces a theorem about the Resolving Efficient Dominating Set (REDS) on the 
graph resulting from the amalgamation operation of the graph resulting from the representation of the road 

map of Malang city  𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛).  For 𝛾𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) with 𝑛 = 2 can be seen in Figure 4. 

 

Figure 4. 𝜸𝒓𝒆(𝑨𝒎𝒂𝒍 (𝑮𝑨, 𝒙, 𝟐)) 

Theorem 1. Efficient Domination Number of graph 𝐴𝑚𝑎𝑙 (𝐺𝑎 , 𝑥, 𝑛), for every integer 𝑛 ≥ 2 is 

𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 4𝑛 + 1. 

Proof. Graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) has 𝑉(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = {𝑥} ∪ {𝑥𝑖,𝑗; 1 ≤  𝑖 ≤ 28, 1 ≤ 𝑗 ≤ 𝑛} and 

𝐸(𝐴𝑚𝑎𝑙 (𝐺𝑎 , 𝑥, 𝑛)) = {𝑥𝑥𝑖,𝑗; 15 ≤  𝑖 ≤ 17, 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥1,𝑗𝑥𝑖,𝑗; 5 ≤  𝑖 ≤ 7, 1 ≤ 𝑗 ≤ 𝑛} 

∪ {𝑥2,𝑗𝑥𝑖,𝑗; 𝑖 = 3,5,6; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥3,𝑗𝑥𝑖,𝑗; 𝑖 = 4,5,10; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥4,𝑗𝑥𝑖,𝑗; 12 ≤ 𝑖 ≤ 14; 1 ≤ 𝑗 ≤ 𝑛}  

∪ {𝑥5,𝑗𝑥𝑖,𝑗; 𝑖 = 6,10; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥6,𝑗𝑥𝑖,𝑗; 𝑖 = 7,8; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥8,𝑗𝑥𝑖,𝑗; 9 ≤ 𝑖 ≤ 11; 1 ≤ 𝑗 ≤ 𝑛}  
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∪ {𝑥9,𝑗𝑥𝑖,𝑗; 18 ≤ 𝑖 ≤ 20; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥12,𝑗𝑥𝑖,𝑗; 𝑖 = 13,18; 1 ≤ 𝑗 ≤ 𝑛}  

∪ {𝑥14,𝑗𝑥𝑖,𝑗; 𝑖 = 15,17,18,28; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥15,𝑗𝑥𝑖,𝑗; 𝑖 = 16,17; 1 ≤ 𝑗 ≤ 𝑛}  

∪ {𝑥17,𝑗𝑥𝑖,𝑗; 𝑖 = 18,28; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥18,𝑗𝑥𝑖,𝑗; 𝑖 = 19,20,28; 1 ≤ 𝑗 ≤ 𝑛}  

∪ {𝑥20,𝑗𝑥𝑖,𝑗; 𝑖 = 21,24; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥21,𝑗𝑥𝑖,𝑗; 𝑖 = 22 ≤ 𝑖 ≤ 24; 1 ≤ 𝑗 ≤ 𝑛}  

∪ {𝑥23,𝑗𝑥𝑖,𝑗; 24 ≤ 𝑖 ≤ 26; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥24,𝑗𝑥𝑖,𝑗; 𝑖 = 25,28; 1 ≤ 𝑗 ≤ 𝑛}  

∪ {𝑥25,𝑗𝑥𝑖,𝑗; 𝑖 = 26,27; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥𝑥27,𝑗; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥𝑥28,𝑗; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥1,𝑗𝑥2,𝑗; 1 ≤ 𝑗 ≤ 𝑛}  

∪ {𝑥7,𝑗𝑥8,𝑗; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥9,𝑗𝑥10,𝑗; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥9,𝑗𝑥11,𝑗; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥10,𝑗𝑥11,𝑗; 1 ≤ 𝑗 ≤ 𝑛}  

∪ {𝑥11,𝑗𝑥12,𝑗; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥13,𝑗𝑥14,𝑗; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥16,𝑗𝑥17,𝑗; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥19,𝑗𝑥20,𝑗; 1 ≤ 𝑗 ≤ 𝑛}  

∪ {𝑥22,𝑗𝑥23,𝑗; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥26,𝑗𝑥27,𝑗; 1 ≤ 𝑗 ≤ 𝑛} ∪ {𝑥27,𝑗𝑥28,𝑗; 1 ≤ 𝑗 ≤ 𝑛}. 

The cardinality of graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛), is |𝑉(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛))| = 1 + 28𝑛 and |𝐸(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛))| =

64𝑛. 

This theorem is proved by determining the upper and lower bound. 𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 4𝑛 + 1 is 

proved by showing the lower bound 𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≥ 4𝑛 + 1 and the upper bound 

𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝑎 , 𝑥, 𝑛)) ≤ 4𝑛 + 1. First, we prove the lower bound of efficient domination number of graph 

𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) is 𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 4𝑛 + 1. We choose 𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≤ 4𝑛 + 1. Assume that 

𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 4𝑛. If  𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 4, then there are several cases, they are: 

i. Suppose we select 4𝑛 vertices in graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛), are 𝑊 = {𝑥4,𝑛, 𝑥5,𝑛, 𝑥16,𝑛, 𝑥20,𝑛} , then 

there are some vertices which are not dominated by 𝑊, that is vertex 

𝑥10,𝑛, 𝑥11,𝑛, 𝑥22,𝑛, 𝑥23,𝑛, 𝑥25,𝑛, 𝑥27,𝑛, 𝑥28,𝑛. Thus the set of 𝑊 is not a dominating set. 

ii. Suppose we select 4𝑛 vertices in graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) with the largest degree, are 𝑊 =

{𝑥6,𝑛, 𝑥17,𝑛, 𝑥18,𝑛, 𝑥23,𝑛}, then there are vertices in 𝑊 are neighbors, in 𝑥17,𝑛 they are 

{𝑥7,𝑛, 𝑥8,𝑛, 𝑥11,𝑛, 𝑥13,𝑛, 𝑥27,𝑛} and some vertices that are dominated by two vertices in 𝑊, they 

are 𝑥14,𝑛 and 𝑥28,𝑛. Thus the set of 𝑊 is not a dominating set. 

Thus, the assumption that 𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≤ 4𝑛 + 1 is a contradiction. Therefore 

𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≥ 4𝑛 + 1 is true. Next, we prove the upper bound of efficient domination number of 

the graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛). If we choose 𝑊 = {𝑥} ∪ {𝑥𝑖,𝑗𝑥𝑖,𝑗; 𝑖 ∈ {1,4,9,23}; 1 ≤ 𝑗 ≤ 𝑛} then the vertices 

dominated by 𝑊 are in Table 3. 

Table 3. Vertices Dominated by 𝑾 

𝑾 The Dominated Vertex 

𝑥 {𝑥15,𝑛, 𝑥16,𝑛, 𝑥17,𝑛, 𝑥28,𝑛} 

𝑥1,𝑛 {𝑥2,𝑛, 𝑥5,𝑛, 𝑥6,𝑛, 𝑥7,𝑛} 

𝑥4,𝑛 {𝑥3,𝑛, 𝑥12,𝑛, 𝑥13,𝑛, 𝑥14,𝑛} 

𝑥9,𝑛 {𝑥8,𝑛, 𝑥10,𝑛, 𝑥11,𝑛, 𝑥18,𝑛, 𝑥19,𝑛, 𝑥20,𝑛} 

𝑥23,𝑛 {𝑥21,𝑛, 𝑥22,𝑛, 𝑥24,𝑛, 𝑥25,𝑛, 𝑥26,𝑛} 

So that obtained |𝑊| = 4𝑛 + 1. We have proved the lower bound  𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≥ 4𝑛 + 1 

and the upper bound 𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≤ 4𝑛 + 1. So, it can be concluded that the efficient domination 

number of graph  𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) is 𝛾𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 4𝑛 + 1. So, it is proved that 4𝑛 + 1 ≤ 𝛾𝑒 ≤

4𝑛 + 1.  

Theorem 2. The metric dimension of graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛), for every integer 𝑛 ≥ 2 is 

𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 3𝑛 + 1. 

Proof. 𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 3𝑛 + 1 is proved by showing the lower bound 𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≥

3𝑛 + 1 and the upper bound 𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≤ 3𝑛 + 1. First, we prove the lower bound of the 

metric dimension of the graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) is 𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≥ 3𝑛 + 1. We choose 
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𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≤ 3𝑛 + 1. Assume that 𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 3𝑛. If  𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) =

3𝑛, then there are several cases, they are: 

i. Suppose we select 3𝑛 vertices in graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 2), they are 𝑊 =

{𝑥7,1, 𝑥11,1, 𝑥15,1, 𝑥20,1, 𝑥3,2, 𝑥6,2} , then there are 2 vertices that have the same vertex 

representation on W, they are 𝑥19,2 and 𝑥20,2. Thus the set of W is not a resolving set. 

ii. Suppose we select 3𝑛 vertices of graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 3), they are 𝑊 =

{𝑥7,1, 𝑥11,1, 𝑥15,1, 𝑥20,1, 𝑥3,2, 𝑥6,2, 𝑥19,2, 𝑥3,3, 𝑥6,3},  then there are 6 vertices which have the same 

vertex representation on W, they are 𝑥2,3 and 𝑥5,3; 𝑥8,3 and 𝑥11,3; 𝑥19,3 and 𝑥20,3.  Thus the set of 

W is not a resolving set. 

Thus, the assumption that 𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≤ 3𝑛 is a contradiction. So, 

𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≥ 3𝑛 + 1 is true. Next, we prove the upper bound of the metric dimension of graph 

𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛). If we choose 𝑊 = {𝑥7,1, 𝑥11,1, 𝑥15,1, 𝑥20,1, 𝑥3,2, 𝑥6,2, 𝑥19,2} on graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 2), then 

each vertex has a different representation on W. So that obtained |𝑊| = 3𝑛 + 1.  We have proved the lower 

bound of 𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≥ 3𝑛 + 1 and the upper bound of  𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≤ 3𝑛 + 1. So it 

can be concluded that the metric dimension of graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) is 𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 3𝑛 + 1. It 

is proved that 3𝑛 + 1 ≤ 𝑑𝑖𝑚 ≤ 3𝑛 + 1. 

Theorem 3. Resolving efficient domination number of graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛), for every integer 𝑛 ≥ 2 is 

𝛾𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 4𝑛 + 1. 

Proof. 𝛾𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 4𝑛 + 1 is proved by showing the lower bound 𝛾𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≥

4𝑛 + 1 and the upper bound  𝛾𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≤ 4𝑛 + 1. First, we prove the lower bound of resolving 

efficient domination number of graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) is 𝛾𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≥ 4𝑛 + 1. Based on 

Definition 1, the lower bound of the resolving efficient domination number of graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛), is 

obtained as: 

𝛾𝑟𝑒 ≥ 𝑚𝑎𝑥{𝛾𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)), 𝑑𝑖𝑚(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛))} 

= 𝑚𝑎𝑥{4𝑛 + 1,3𝑛 + 1} 
= 4𝑛 + 1 

 Next, the upper bound of the resolving efficient domination number of graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛), we 

choose 𝑊 = {𝑥} ∪ {𝑥𝑖,𝑗𝑥𝑖,𝑗; 𝑖 ∈ {1,4,9.23}, 1 ≤ 𝑗 ≤ 𝑛} so as obtain 𝑊 = 4𝑛 + 1. As the result, there are 

several conditions: 

i. All vertices in 𝑣 ∈ 𝑉(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) − 𝑊 are dominated by vertices in 𝑊 and no vertices in 

𝑊 are neighbors, indicating that 𝑊 is an efficient dominating set. 

ii. The vertices in 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) − 𝑊 have different representations in 𝑊. So 𝑊 is a resolving 

set. 

Based on the above conditions, it can be concluded that the upper bound of the resolving efficient 

domination number of graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) is 𝛾𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≤ 4𝑛 + 1. 

We have proved the lower bound  𝛾𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≥ 4𝑛 + 1 and the upper bound 

𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) is 𝛾𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) ≤ 4𝑛 + 1. So, we can conclude that the resolving efficient 

domination number of graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) is 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) is 𝛾
𝑟𝑒(𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛)) = 4𝑛 + 1. So, it 

is proved that 4𝑛 + 1 ≤ 𝛾𝑟𝑒 ≤ 4𝑛 + 1. 

This theorem is used to determine how many mobile ETLE's are required for the electronic traffic 
law enforcement system to operate more efficiently and effectively. The vertices in 𝑊 are the starting 

vertices of the ETLE mobile and the vertices dominated by 𝑊 are the vertices where the ETLE mobile 

operates. The representation of vertices on graph 𝐴𝑚𝑎𝑙 (𝐺𝐴, 𝑥, 𝑛) is used as the code of the ETLE mobile 

itself to send violation data to the RTMC. Thus, the placement and use of mobile ETLE can be optimized to 
increase road safety and improve compliance with traffic rules. 
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3.4 Scheme Analysis of Multi-step Time Series Forecasting Model of Traffic Violations Based on 

ETLE Data Using Graph Neural Network Techniques 

Observation 1. Given a graph 𝐺 for order 𝑛. Supposed that set of vertices and edges 𝑉(𝐺) =
{𝑥1, 𝑥2, 𝑥3, . . . , 𝑥𝑛−1, 𝑥𝑛} and 𝐸(𝐺) = {𝑥𝑖𝑥𝑗|𝑥𝑖𝑥𝑗 ∈ 𝑉(𝐺)}. Given vertex features as: 

𝐻𝑥𝑖 = [

𝑠1,1 𝑠1,2

𝑠2,1 𝑠2,2

⋯ 𝑠1,𝑚

⋯ 𝑠2,𝑚

⋮ ⋮
𝑠𝑛,1 𝑠𝑛,2

⋱ ⋮
⋯ 𝑠𝑛,𝑚

] 

Embedding at a vertex can be determined using message passing from a vertex that is neighboring ℎ𝑥
𝑙 =

𝐴𝐺𝐺𝑙{𝑚𝑢
𝑙−1, 𝑢 ∈ 𝑁(𝑣)} under aggregation sum(⋅), so ℎ𝑥

𝑙 = 𝑆𝑈𝑀𝑙{𝑚𝑢
𝑙+1, 𝑢 ∈ 𝑁(𝑣)} with respect to 

matrix 𝐵 = 𝐴 + 𝐼 where 𝐴, 𝐼 are adjacency matrix and identity matrix respectively. 

Proof. Based on the graph G, we get the adjacency matrix A. However, considering the neighborliness of 

the vertices of graph G to itself, it is necessary to add A with the identity matrix I and obtain the matrix B 

as: 

𝐵 = 𝐴 + 𝐼 =

[
 
 
 
𝑏1,1 𝑏1,2

𝑏2,1 𝑏2,2

⋯ 𝑏1,𝑛

⋯ 𝑏2,𝑛

⋮ ⋮
𝑏𝑛,1 𝑏𝑛,2

⋱ ⋮
⋯ 𝑏𝑛,𝑛]

 
 
 
 

According to the layer one GNN algorithm, it is necessary to initialize the weights as. 

𝑊 = [

𝑤1,1 𝑤1,2

𝑤2,1 𝑤2,2

⋯ 𝑤1,𝑚

⋯ 𝑤2,𝑚

⋮ ⋮
𝑤𝑚,1 𝑤𝑚,2

⋱ ⋮
⋯ 𝑤𝑚,𝑚

] 

This weight will be used to obtain the value of 𝑚𝑥𝑖 and update the new weight in the next iteration. 

The vertex embedding process of GNN is done in two stages, namely message passing and aggregation. In 

the first step, perform a message passing 𝑚𝑢
𝑙 = 𝑀𝑆𝐺𝑙(ℎ𝑢

𝑙−1). For the linear layer 𝑚𝑢
𝑙 = 𝑊𝑔

𝑙(ℎ𝑢
𝑙−1), which is 

𝑙 = 0,1,2, . . . , 𝑘. Furthermore, it can start the calculation with the following iteration. 

𝑚𝑣𝑙
𝑙 = 𝐻𝑣𝑖

0 × 𝑊0 [

𝑠1,1 𝑠1,2

𝑠2,1 𝑠2,2

⋯ 𝑠1,𝑚

⋯ 𝑠2,𝑚

⋮ ⋮
𝑠𝑛,1 𝑠𝑛,2

⋱ ⋮
⋯ 𝑠𝑛,𝑚

] × [

𝑤1,1 𝑤1,2

𝑤2,1 𝑤2,2

⋯ 𝑤1,𝑚

⋯ 𝑤2,𝑚

⋮ ⋮
𝑤𝑚,1 𝑤𝑚,2

⋱ ⋮
⋯ 𝑤𝑚,𝑚

] 

The next step is aggregation by looking at the neighbors of vertex 𝑥. By applying aggregation 

sum(⋅), for ℎ𝑥
𝑙 = 𝐴𝐺𝐺𝑙{𝑚𝑢

𝑙−1, 𝑢 ∈ 𝑁(𝑣)} we get ℎ𝑥
𝑙 = 𝑆𝑈𝑀𝑙{𝑚𝑢

𝑙+1, 𝑢 ∈ 𝑁(𝑣)} with respect to the matrix 

𝐵 = 𝐴 + 𝐼. The embedding vector ℎ𝑥𝑖 can be written as: 

ℎ𝑣𝑖
𝑙+1 =

[
 
 
 
 
𝑚𝑣1,1

𝑙+1 𝑚𝑣1,2
𝑙+1

𝑚𝑣2,1
𝑙+1 𝑚𝑣2,2

𝑙+1

⋯ 𝑚𝑣1,𝑚
𝑙+1

⋯ 𝑚𝑣2,𝑚
𝑙+1

⋮ ⋮
𝑚𝑣𝑛,1

𝑙+1 𝑚𝑣𝑛,2
𝑙+1

⋱ ⋮
⋯ 𝑚𝑣𝑛,𝑚

𝑙+1
]
 
 
 
 

 

Then, it needs to calculate the error value that shows how close the two vertices are to each other 

adjacent in the embedding space. The smaller the error value, the closer the distance between the two 

vertices. The error value can be formulated as: 𝑒𝑟𝑟𝑜𝑟𝑙 =
||ℎ𝑥𝑖

𝑙 −ℎ𝑥𝑗
𝑙 ||𝑖𝑛𝑓

|𝐸(𝐺)|2
 which is 𝑖, 𝑗 ∈ {1,2,3, . . . , 𝑛}. Next, 

we need to check whether the 𝑒𝑟𝑟𝑜𝑟 ≤ 𝜖. If no, it is necessary to update  𝑊𝑙 using ℎ𝑣𝑖
𝑙  in the previous 

iteration. In this iteration the weights need to be updated by using 𝑊𝑙+1 = 𝑊𝑙 + 𝛼 × 𝑒𝑟𝑟𝑜𝑟𝑙 × (ℎ𝑣𝑖𝑙)
𝑇

×

ℎ𝑣𝑖
𝑙+1 until 𝑒𝑟𝑟𝑜𝑟 ≤ 𝜖. 
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Figure 5. Neighborhood Matrix of Graph 𝐺𝐴 

Furthermore, computer simulations will be conducted on the GNN architecture for training, testing, 

and forecasting traffic violation data using the one-layer GNN algorithm. The graph used is the 

representation graph of Malang city road map (𝐺𝐴) which is derived from Theorem 3 with 𝑛 = 1. 
Furthermore, traffic violations are analyzed at 29 vertices on graph 𝐺𝐴. The first stage of this research 

performed vertex embedding process from one layer of GNN on graph was provided with 3 data features, 

namely violations of traffic signs and road markings, riders not wearing helmets, and riders not wearing 

seat belts from 29 roads. The observations use an hourly time scale and are observed for 10 effective 

working days for 12 hours from 06.00 - 18.00, so there are 120 hours of observations. Overall, the data 

used was 29 × 3 × 120 = 10,440. 

After performing above algorithm, the neighborhood matrix of graph 𝐺𝐴 can be seen in Figure 5. 

The distribution graphs of violations of traffic signs and road markings, riders not wearing helmets, and 

riders not wearing safety belts for 120 hours are shown in Figure 6. 

 

Figure 6. Distribution Chart of Violations at 29 Vertices for 120 Hours 

Furthermore, all data will be subjected to training and testing where the division is 60% training 

data, 72 hours and 40% testing data, 48 hours. The results of training, testing, and forecasting traffic 

violations in 120 hours are shown in Figure 7 (a). The results of training and testing, obtained Mean 

Squared Error or 𝑀𝑆𝐸 = 0.0173. Furthermore, multi-step time series forecasting is carried out on all 

dominators, obtaining a graph of multi-step time series forecasting results for the next 12 hours on Arif 

Rahman Hakim Street or at dominator vertex 𝑥𝑖 shown in Figure 7 (b). It shows that the next highest 

violation occurs on the 121𝑠𝑡 hour. The analysis reveals that traffic violations are not uniformly distributed 

across time; instead, they exhibit clear temporal patterns. Notably, higher violation rates are observed 

during peak hours—specifically between 06:00–08:00 and 16:00–18:00—corresponding with the start and 

end of daily work and school activities. These findings suggest that traffic congestion during these periods 

may contribute to increased infractions. Conversely, violation rates decline significantly during midday and 

late evening hours. Based on these insights, it is recommended that mobile ETLE units prioritize 
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deployment during peak hours at high-risk locations such as Laksamana Martadinata Street, where both 

local and global RRA values are low, indicating high accessibility and traffic volume. Implementing time-

aware traffic law enforcement strategies can enhance effectiveness and efficiency, reduce violations, and 

support safer urban mobility. 

 
(a) (b) 

Figure 7. (a) Forecasting Results of Training and Testing Data for 120 hours, (b) Multi-step Time Series 

Forecasting Results for 12 hours ahead 

Table 4 presents a performance comparison between the Graph Neural Network (GNN) and several 

conventional models using a traffic violation dataset. The results indicate that GNN outperforms traditional 

approaches in terms of prediction accuracy and data processing efficiency. This superiority is attributed to 

GNN's ability to simultaneously capture both spatial and temporal relationships within complex graph 

structures, making it a more effective solution for analyzing and forecasting patterns in urban transportation 

networks. 
Table 4. Performance Comparison of GNN and Another Models (Traffic Violations Dataset) 

Model RMSE↓ MAE↓ R2↑ Training Time (s)↓ 

GNN (Ours) 4.87 3.45 0.93 40.2 

GCN 5.76 4.12 0.88 38.4 

GAT 5.21 3.88 0.90 50.7 

GRU 6.02 4.53 0.86 42.6 

Informer 5.33 3.91 0.91 58.3 

4. CONCLUSIONS 

The conclusion of this study are as follows: 

1. The integration of Space Syntax, REDS, and Machine Learning provides a robust analytical 

framework for understanding urban transportation networks, highlighting the relationship 

between spatial configurations and urban mobility. 

2. Space Syntax effectively identifies structural patterns and connectivity within urban layouts, 

revealing how spatial configurations influence movement, accessibility, and traffic flow. REDS 

quantifies asymmetries in urban networks, pinpointing inefficiencies and imbalances in 

accessibility that may hinder optimal transportation performance. 

3. Machine Learning enhances predictive capabilities, enabling the identification of mobility 

patterns and trends, which supports proactive urban transportation planning and decision-

making. 

4. The combined application of these methodologies offers critical insights into traffic flow 

dynamics, congestion points, and overall network performance, paving the way for data-driven 

urban planning. 
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5. Addressing asymmetries and optimizing urban network designs can significantly improve 

accessibility, reduce traffic congestion, and enhance the overall functionality of transportation 

systems. 

6. This interdisciplinary approach not only advances theoretical understanding of urban networks 

but also provides practical solutions for creating more sustainable, efficient, and accessible 

urban environments. 

7. One identified limitation of this study is its focus on a single case study—Malang City—which 

may restrict the generalizability of the findings to other urban areas with different spatial 

structures and traffic dynamics. 
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