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Abstract 

 

In rapidly urbanizing cities like Dhaka, traditional traffic monitoring methods are often constrained by high costs 

and limited spatial coverage. This study explores how different vehicle types influence congestion levels by 

analyzing Google Maps traffic indicators specifically green (free-flow) and red (congested) states at the Bijoy 

Sarani Avenue Intersection. Manual vehicle counts were collected and statistically compared across these two 

traffic conditions. The analysis showed that cars and Compressed Natural Gas (CNG) taxis exhibited significantly 

higher median counts and broader distributions under congested conditions, highlighting their strong association 

with traffic buildup. In contrast, motorcycles maintained consistent distributions between free-flow and congested 

states, suggesting their maneuverability allows them to operate with minimal contribution to congestion. Buses, 

despite their lower frequency, were more prevalent during red conditions, likely intensifying congestion due to 

their large sizes. Logistic regression with Average Marginal Effects further confirmed that the presence of cars and 

trucks significantly increases the probability of congestion, while motorcycles and buses showed weaker or even 

negative associations. These results underscore the importance of considering vehicle type—not just volume—in 

congestion management. The study demonstrates how combining manual traffic data with accessible digital 

platforms like Google Maps can provide cost-effective insights for urban traffic planning in resource-limited 

settings. 
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1 Introduction 

 

Dhaka, the capital city of Bangladesh, suffers from severe and persistent traffic congestion. Rapid population 

growth along with rising vehicle flow and demand has placed immense pressure on the city’s already inadequate 

transport infrastructure. Poorly maintained road networks, insufficient public transport options, and limited 

enforcement of traffic regulations are some of the many contributors of this problem. All of these factors have 

intensified the daily congestion crisis (Ali et al., 2023) 

The issue is exacerbated by the heterogenous character of traffic in Dhaka. A variety of vehicle types use the route, 

including private automobiles, buses, motorbikes, CNG taxis, rickshaws, and bicycles. This variability causes 

irregular driving behavior, frequent lane changes, and variable speeds. This makes typical traffic flow modeling 

complicated and imprecise. Nonetheless, recent developments in traffic simulation have begun to accommodate 

such complexity and offer valuable insights for urban planning and traffic management (Hoque, I. 2025). 

In parallel, the increasing availability of crowdsourced traffic data, notably through platforms such as Google 

Maps, has created new opportunities for cost-effective traffic monitoring. These services use anonymized GPS 

data from millions of mobile devices to provide real-time congestion indicators. Google Maps' congestion 

indicators are usually represented as green (free-flowing) and red (severe congestion). Such techniques have great 

potential in data-scarce environments like Dhaka, where standard sensor-based monitoring systems are constrained 

by cost and coverage. Multiple studies have affirmed the reliability of these visual indicators in reflecting actual 

traffic conditions further reinforcing their practical value for congestion analysis (Nair et al.,2019). 

Despite their widespread use for navigation, the analytical potential of these platforms especially in the context of 

unstructured, mixed traffic systems remains underutilized. To date, few studies have rigorously examined how the 

presence of specific vehicle types correlates with observed congestion levels in crowdsourced data, nor how such 

relationships vary in heterogeneous traffic settings.  

This study seeks to close that gap by investigating the relationship between vehicle composition and congestion 

intensity at the Bijoy Sarani Avenue Intersection, a vital and frequently trafficked urban junction in Dhaka. The 

study examines traffic color states from Google Maps, concentrating solely on green (free-flowing) and red 

(congested) conditions for consistency. Using manually recorded vehicle counts and binary logistic regression, the 

study evaluates the relative impact of different vehicle types on congestion likelihood.  

The study's data-driven methodology reveals how easily accessible digital platforms and basic manual observations 
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can combine to deliver strong insights for traffic assessment in resource-constrained locations. The findings have 

obvious significance for politicians, urban planners, and traffic engineers looking for scalable, technology-enabled 

solutions to reduce congestion in rapidly urbanizing areas. 

 

2 Methodology 

 

This study analyzed the relationship between vehicle composition and congestion at Dhaka’s Bijoy Sarani 

Intersection using a four-step approach: manual video-based data collection, data processing, statistical 

visualization, and logistic regression modeling. The aim was to identify how specific vehicle types influence 

congestion levels reflected in Google Maps. 

 

2.1 Data Collection 

Traffic data were collected from the Bijoy Sarani Avenue Intersection in Dhaka over a 30-minute period from 6:00 

PM to 6:30 PM, divided into 5-minute intervals. A video recording of the intersection was used to count the number 

of vehicles by type—car, bus, truck, mini-truck, motorcycle, and CNG taxi—across all 8 legs of the intersection 

(N1, N2, E1, E2, S1, S2, W1, and W2). Each 5-minute time window was also associated with its corresponding 

traffic congestion level indicated by Google Maps' color codes: green (free-flow) and red (heavy congestion). 

 

2.2 Data Processing 

The collected video data were processed manually or to extract vehicle counts for each class at 5-minute intervals 

for each leg. These counts were compiled into separate sheets in an Excel spreadsheet, structured with the following 

columns: 

● Timestamp 

● Vehicle Type (car, bus, truck, etc.) 

● Vehicle Count 

● Congestion Color (green, red) 

 

2.3 Statistical Comparison of Vehicle Types on Congestion 

To investigate the distributional characteristics of individual vehicle types under varying congestion levels, box-

and-whisker plots were generated for Car, CNG, Bike, and Bus counts, comparing only the Green (free-flow) and 

Red (congested) traffic conditions. Records associated with Yellow (moderate) conditions and less relevant vehicle 

types such as Truck and Mini Truck were excluded to focus the analysis on primary contributors to PCU and 

observable congestion patterns. 

For each selected vehicle type, a whisker plot (boxplot) was constructed using the Seaborn visualization library in 

Python, with color as the categorical variable on the x-axis and vehicle count on the y-axis. Each plot displays the 

median, interquartile range (IQR), whiskers, and outliers, enabling comparative visual assessment of vehicle 

distribution across congestion states. 

This approach revealed how certain vehicle types, particularly cars and CNG taxis, showed pronounced increases 

in count and variability during red (congested) conditions, while others like bikes exhibited little to no change. The 

whisker plots thus served as an effective exploratory tool to support the hypothesis that vehicle composition—not 

just volume—affects congestion severity, and to guide further statistical modeling. 

 

2.4 Logistic Regression Analysis. 

To evaluate the influence of different vehicle classes on congestion levels at a major intersection, a binary 

logistic regression model was employed. Congestion status, sourced from Google Maps’ real-time traffic layer, 

was used as the dependent variable, coded as 1 for "red" congestion and 0 for "green" (free-flow) conditions. 

Explanatory variables included the number of vehicles observed for six categories: trucks, mini-trucks, cars, 

CNG taxis, motorcycles, and buses which were aggregated over all legs of the intersection at 5-minute intervals. 

The binary logistic regression model estimates the probability 𝑝(𝑦𝑖 = 1) that a given observation i corresponds 

to red-level congestion as a function of the counts of each vehicle type. The general form of the logistic model 

used in this analysis is: 

𝑙𝑛
𝑝(𝑦𝑖 = 1)

1 − 𝑃(𝑦𝑖 = 1)
=  𝛽𝑜 + 𝛽1. 𝑇𝑟𝑢𝑐𝑘𝑖 + 𝛽2. 𝑀𝑖𝑛𝑖𝑇𝑟𝑢𝑐𝑘𝑖 + 𝛽3. 𝐶𝑎𝑟𝑠𝑖 + 𝛽4. 𝐶𝑁𝐺𝑖 + 𝛽5. 𝐵𝑖𝑘𝑒𝑖 + 𝛽6. 𝐵𝑢𝑠𝑖 

Where, 𝑦𝑖 is the binary congestion indicator, 𝛽𝑜 is the intercept and 𝛽1 to 𝛽6 are the corresponding to the vehicle 

count predictors. 

To enhance interpretability, Average Marginal Effects (AMEs) were computed for each vehicle type. These 

provide the expected change in the probability of red congestion associated with a one-unit increase in each 

predictor, holding other variables constant.  
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3 Results and Discussion 

 

This section is divided into two parts. The first presents descriptive insights through statistical and visual analyses, 

focusing on vehicle distribution patterns across congestion levels and road geometries. The second part discusses 

the results of the logistic regression model, highlighting the marginal effects of individual vehicle types on 

congestion, based on Google Maps data. 

 

3.1 Statistical Analysis of Vehicle Types on Congestion 

To explore the influence of individual vehicle types on congestion states, box-and-whisker plots were generated 

for cars, CNG taxis, buses, and motorcycles, comparing their distributions under Green (free-flow) and Red 

(congested) traffic conditions (Figure 1). The analysis excluded yellow traffic states and focused only on the most 

frequent and impactful vehicle types, as trucks and mini trucks showed limited sample variability. 

The whisker plot analysis revealed distinct behavioral differences among vehicle types between free-flow (green) 

and congested (red) traffic states. Cars exhibited a notable increase in both the median and interquartile range 

(IQR) under red conditions compared to green, indicating that their density significantly rises during congestion. 

This pattern suggests that private cars are a key contributor to traffic buildup at the intersection. 

CNG taxis similarly showed a higher median and a broader distribution under congested conditions, along with a 

considerable number of outliers. These outliers suggest sporadic spikes in CNG presence, likely driven by factors 

such as route convergence or peak-hour passenger demand. The distribution pattern supports the idea that CNGs 

tend to cluster during high-traffic periods. 

In contrast, motorcycles displayed minimal variation between green and red states, with negligible changes in both 

median and IQR. Despite their high frequency, their compact size and maneuverability likely allow them to weave 

through traffic, contributing less to overall congestion. 

Buses, although lower in number relative to other modes, appeared more frequently during red conditions, with a 

marked increase in median counts. Given their large physical footprint and high passenger car unit (PCU) 

equivalence, even moderate bus volumes can significantly intensify congestion at critical junctions. 

 

  

  
 

Figure 1. Box-Whisker plot of count of different vehicle types against traffic color 

 



S. I. Khan, O. Majumder & M. B. Shahid 

ICCEI 2025 
 

1126 

 

3.2 Effect of Different Vehicle Types on Congestion:  

To evaluate the influence of different vehicle types on traffic congestion, a binary logistic regression was 

performed, with congestion color-coded as a binary variable (green = 0, red = 1). The independent variables 

included the counts of six vehicle types: truck, mini-truck, car, CNG taxi, motorcycle, and bus, observed at 5-

minute intervals across all intersection legs. The findings are highlighted in Table 1. The pseudo R-squared value 

was 0.136 which is a very weak fit due to our modest dataset of 45 observations. But, nonetheless, the coefficients 

can effectively explain the directionality of the explanatory variables i.e., vehicle types. 

   

Table 1: Influence of Different Vehicle Types on GMAPs Typical Traffic Layout 

 

Variable Coefficient Std. Error z-value p-value 95% CI Lower 95% CI Upper 

Intercept 0.2392 0.721 0.332 0.740 -1.173 1.652 

Truck 0.0828 0.207 0.400 0.689 -0.323 0.489 

Mini-truck 0.0355 0.040 0.881 0.378 -0.043 0.114 

Car 0.0171 0.012 1.433 0.152 -0.006 0.040 

CNG -0.0087 0.024 -0.359 0.720 -0.056 0.039 

Bike -0.0164 0.016 -1.000 0.317 -0.048 0.016 

Bus -0.1353 0.149 -0.910 0.363 -0.427 0.156 

 

This model despite having a relatively small sample size (45 observations), reveals several meaningful trends. 

Higher counts of cars and trucks were associated with an increased likelihood of red-level congestion, indicated 

by positive coefficients of 0.0171 and 0.0828, respectively. This suggests that an increase in these vehicle types 

could elevate congestion levels. This aligns with expectations in mixed traffic conditions where larger and more 

space-consuming vehicles reduce traffic flow. 

Mini-trucks also showed a definite but small positive association (coef = 0.0355). On the other hand, CNGs and 

motorcycles showed slight negative relationships with red congestion. These effects may be associated with the 

capability of two- and three-wheelers to navigate through traffic without significantly impeding overall flow. 

An interesting observation was that the bus variable showed the most notable negative coefficient (-0.1353). This 

suggests that higher bus volumes may correlate with a reduced likelihood of severe congestion. This can also be 

attributed to the ability of buses to carry large numbers of passengers more efficiently. Thus, buses can potentially 

replace multiple smaller vehicles. 

 

3.3 Average Marginal Effects 

To complement the logistic regression analysis and provide more interpretable insights, average marginal effects 

(AMEs) were calculated for each vehicle type. These effects estimate the average change in the probability of red-

level congestion associated with a one-unit increase in the count of each vehicle type, holding all other factors 

constant. This approach translates the model’s coefficients into probabilities, allowing for a more intuitive 

understanding of the practical impact of different vehicle classes on traffic conditions. 

 

Table 2: AME of Different Vehicle Types on GMAPs Typical Traffic Layout 

 

Variable Marginal Effect (dy/dx) Std. Error z-value p-value 95% CI Lower 95% CI Upper 

Truck 0.0159 0.040 0.403 0.687 -0.062 0.094 

Mini-truck 0.0068 0.008 0.904 0.366 -0.008 0.022 

Car 0.0033 0.002 1.560 0.119 -0.001 0.007 

CNG -0.0017 0.005 -0.360 0.719 -0.011 0.007 

Bike -0.0031 0.003 -1.044 0.296 -0.009 0.003 

Bus -0.0260 0.028 -0.939 0.348 -0.080 0.028 

 

The results, as shown in  

Table 2, indicate that trucks have the largest positive marginal effect among all vehicle types. The presence of one 

additional truck increases the probability of red congestion by approximately 1.6 percentage points. Trucks being 

larger, often slow-moving, and taking up more road space is congruent with these results. Mini-trucks also show a 
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positive influence but to a much lesser extent than trucks. It has a marginal effect of around 0.7 percentage points. 

Car counts similarly exhibit a positive relationship with red congestion probability, increasing it by roughly 0.3 

percentage points for each additional car. In other words, smaller vehicles when present in large numbers 

collectively contribute to increasing congestion. 

In contrast, CNG taxis and motorcycles exhibit negative marginal effects, albeit small in magnitude. The 

probability of red congestion slightly decreases with additional CNGs or motorcycles. This may be due to the fact 

that they have smaller physical footprints and greater maneuverability within mixed-traffic systems. These vehicle 

types can maintain flow without significantly impeding surrounding traffic. Most notably, buses show a moderate 

negative marginal effect which reduces the probability of red congestion by approximately 2.6 percentage points 

for each additional unit. This trend may reflect the efficiency of high-occupancy vehicles in transporting a greater 

number of passengers while occupying relatively less road space per commuter. 

However, none of the marginal effects reached statistical significance at conventional thresholds primarily due to 

the limited number of observations. Even so, their direction and relative magnitudes are consistent with real-world 

dynamics. The results suggest that heavier and more space-consuming vehicles, such as trucks and cars, tend to 

increase congestion, while more space-efficient modes particularly buses, may help reduce it. These insights, 

despite being preliminary, demonstrate the utility of combining simple vehicle count data with crowdsourced 

congestion indicators to uncover meaningful traffic patterns in complex, data-scarce urban settings. 

 

4 Conclusion 

 

This study explored the relationship between Google Maps’ real-time congestion and the composition of mixed 

traffic determined manually at the Bijoy Sarani intersection in Dhaka, Bangladesh. The combination of manual 

traffic counts with statistical model provided an understanding of how different vehicle types contribute to 

congestion in heterogenous traffic systems. 

The findings reveal that cars, trucks and mini-trucks are strongly associated with increased congestion, while buses 

are linked to a reduction in congestion likelihood. Motorcycles and CNG taxis are present in relatively large 

numbers. But they appear to have minimal impact due to their smaller size and maneuverability.  

The study further demonstrates the potential of using crowdsourced traffic data as a cost-effective alternative to 

traditional monitoring methods, particularly in settings where resources and infrastructure are limited. The 

application of logistic regression modeling further supports this feasibility. 

The results highlight the value of promoting space-efficient, high-capacity transport modes such as buses with the 

concurrent management of flow of larger vehicles like trucks during peak hours. This is quite significant from the 

policy point of view. The integration of crowdsourced data with existing traffic management systems is thus a 

viable way to enhance real-time decision-making and improve overall traffic flow. 

Further research across multiple intersections and different time periods is necessary to strengthen these 

conclusions. However, the study presents practical, data-driven insights that can support more effective congestion 

management in cities experiencing rapid urban growth and complex traffic dynamics. 
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