
Deep Learning as an Alternative Tool to Analyze Video Footage for 
Classified Turning Movement Vehicle Counting at a 3-way Intersection 

Abstract: Continuous traffic monitoring is vital for implementing dynamic traffic management 
measures. Manual traffic counting is almost impossible for such continuous counting, thus an 
alternative method like video recording becomes unavoidable. This study was done to propose 
a new data collection methodology to collect classified turning movement vehicle counts at 3-
way intersections using deep learning (DL) techniques. The captured video footage has 
processed through a pre-trained deep learning model and compared the results with manually 
collected data.  
According to the pre-trained DL model results, the overall DL model accuracy for one of the 
turning movements is 78.2% while the accuracy of field manual turning movement count is 
82.2%. By finetuning the DL algorithm with all vehicle categories in the Sri Lankan Road 
network, the model accuracy can be further improved to eliminate the misclassification of 
vehicle moving in the opposite direction and misclassification of vehicle categories. 

Keywords: Classified turning movement, traffic data collection, deep learning, convolutional 
neural network (CNN), vehicle classification 

1. INTRODUCTION

The transport regulators need to address the areas such as the road network's capacity, ensuring 
safety for all the road users, maintaining the standards of constructions, future demand, level of 
service, environmental impacts, and so on when providing services (Kumarage, 2004). Due to 
the growing vehicle population in urban areas in Sri Lanka, continuous traffic monitoring and 
dynamic traffic management measures are essential. Manual traffic counting is almost 
impossible for such continuous counting, thus an alternative method like video recording 
becomes vital for such tasks. 

In addition to building road infrastructure, intelligent technologies can manage and 
control road traffic problems such as congestion and safety more efficiently (Chai & Wong, 
2013). Vehicle count, vehicle type classification, estimation of vehicle speed, and lane usage 
monitoring are important statistics for policymakers and transport regulators. Those statistics 
can be obtained through video-based traffic data monitoring (Arinaldi et al., 2018). An effective 
and efficient approach for vehicle classification will also be useful for security and crime 
investigation, intelligent parking, electronic toll collection, and logistics access management 
systems (Zakria et al., 2019). In addition to the above, computer vision-based vehicle 
monitoring systems can observe the driver discipline and other important details of vehicles in 
a city to implement transport rules and regulations accordingly (Yu, Wu, Li, Song, & Zeng, 
2017). 
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As in many other countries, traffic congestion is a real threat in Sri Lanka as well. 
Therefore, transport professionals are continuously monitoring the traffic variations using 
different data collection methods, and turning movement survey is one of them. In the Sri 
Lankan context, almost all these data collection processes are carrying out using manual 
approaches. The studies on traffic monitoring and controlling using deep learning techniques 
are still primitive and not yet fully developed for the application. However, several studies have 
started during the last few years to achieve automation in various traffic data collection 
methods. The researchers have started developing deep learning models for vehicle 
classification. Herath & Sivakumar (2020) have experimented with a deep learning model to 
use as an alternative for manual classified traffic data collection and further studies are carrying 
out to improve the results of their initial research.  

The Road Development Authority (RDA) is the main responsible organization in Sri 
Lanka to accumulate more accurate and reliable traffic data. In addition, various consultancy 
companies, transport professionals, and academic researchers are conducting traffic surveys to 
accumulate required traffic data for their studies. The classified turning movement surveys are 
useful for different transport planning activities related to intersections. The accuracy of traffic 
data is an important aspect of transport planning to avoid investing in uneconomical and 
unnecessary road infrastructure developments.  

The existing turning movement data collection methods can be explained as follows.   
(1) Manual data collection by using survey forms and tally counters. (2) Manual data 

collection by using classified vehicle counters. (3) Record the vehicle flow at the junction using 
cameras and manual data entering by referring to collected video footage. (4) Record the vehicle 
flow at the junction using cameras and automated vehicle counting, referring to collected video 
footage.  

Artificial intelligence (AI) applications such as machine learning algorithms in data 
analysis have become popular. The availability of big data, wide usage of the Internet of Things 
(IoT), and computational power have created a favorable environment for AI techniques to 
develop and spread. Overcoming the limitations of machine learning is one of the main reasons 
to emerge the concept of deep learning. Object detection and classification are areas where deep 
learning techniques perform well and provide accurate results more quickly than existing 
methods. However, not many researchers in the past have focused on applying deep learning 
techniques in classified turning movement vehicle counts at intersections.  

Less human resources, thus fewer human errors, efficiency, cost-effectiveness, and a 
higher level of accuracy, are major advantages of implementing deep learning techniques. 
Therefore, this research attempted to address the above gap and find a new data collection 
methodology to collect classified turning movement data at a 3-way intersection based on deep 
learning techniques. This study has applied an open-source pre-trained deep learning model 
Ozlu (2018) that had been developed to collect classified vehicle counts using the deep learning 
technique to estimate the classified traffic count in a 3-leg intersection for the first time in Sri 
Lanka.  
 
 
2. LITERATURE REVIEW 
 
With the growth of using video surveillance cameras in traffic monitoring and controlling 
processes, scientists have researched various vehicle detection methodologies based on 
computer vision techniques. However, areas like object detection speed and classification 
accuracy are critical when selecting object detection and classification algorithms in computer 
vision-based studies (Seo, 2019).  
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 Chai & Wong (2013) introduced a vehicle classification and tracking method based on a 
projective transformation of video frames that is more suitable at signalized intersections than 
feature-based algorithms. However, it is not based on any of the deep learning techniques. 
Arinaldi et al. (2018) state that, Region-based Convolutional Neural Network (RCNN) is the 
recently popular deep learning architecture for the detection and classification of objects in 
images. According to the results of their analysis, they argue that the faster RCNN method is 
well-qualified for vehicle detection and classification in dynamic traffic flow and has the 
capability to classify vehicle categories more effectively based on the physical features of 
vehicles.   
 Kavitha & Chandrappa (2021) mentioned that the accuracy of deep learning techniques 
used with real-time vehicle detection and classification systems has decreased due to its 
background, illumination variation, occlusion, and different vehicle sizes in video frames.  They 
have proposed a model by overcoming some of the above issues and have achieved a 97.85% 
mean avg. precision. Liu et al. (2017) state that new deep learning models should have the 
ability to overcome the problem of vehicle misclassification, which is causing due to the 
recognition of minor categories as dominant categories.  
 Zhou et al. (2016) have done research using rearview images of vehicles. According to 
the findings, they highlighted that vehicles' rear views are less discriminative in object 
recognition compared to side views and front views of vehicles. They achieved 95.6% vehicle 
detection accuracy in vehicle detection experiments.  
 Bautista et al. (2016) have done a study to detect and classify vehicles based on the 
convolutional neural network using low-resolution videos of traffic flows. Having a lower 
execution time for vehicle detection and classification is a benefit of using low-resolution traffic 
flow videos. Their proposed method achieved 95.82% of accuracy with three hidden layers in 
the CNN, 96.47% of accuracy with 3 stage feature extractor method, and the mean accuracy of 
95.12% with different filter sizes and feature maps.   
 Lee & Chung, (2017) found the inter-class similarity of some of the vehicle categories, 
various camera poses, lighting conditions of the ambient, weather conditions, and image 
resolutions as the limitations of their study which was carried out to evaluate different deep 
neural networks for the image classification of large-scale traffic scenarios. They state that 
using a large-scale dataset to train a deep learning structure is a significant advantage for the 
accurate vehicle classification process. To avoid the classification of non-vehicle regions as 
vehicles, the model needs to train with a set of images with non-vehicle regions.  
Zhang et al. (2016) have done a study to improve vehicle recognition performance, and 
according to the findings, the mean error of the model and the rate of vehicle misclassification 
are decreasing progressively when increasing the number of iterations. Moreover, they state 
that the advantage of using deep neural networks is significant with a large dataset.  
 Maungmai & Nuthong, (2019) have done a study based on a convolutional neural network 
to improve the accuracy of the existing models for vehicle type classification and vehicle color 
recognition. The proposed method achieves 81.62% accuracy in the vehicle type classification, 
and the accuracy of color recognition is remaining at 70.09%. They state that using appropriate 
convolution neural network parameters will improve the accuracy and keep the model more 
stable.  

Roecker et al. (2018) proposed a vehicle classification method for low-resolution input 
images based on the convolutional neural network. According to their analysis, the model has 
achieved an accuracy of 93.9%. They state that the usage of data augmentation techniques and 
model regularization have helped to overcome the issue of overfitting and to minimize the error 
of the model. Even though the researchers have already developed few models for vehicle 
classification in low-resolution images, Wei Jian SAN, Marcus Guozong LIM stated that the 
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quality of images will assist in extracting more features from the images which form a more 
detailed classification process.  
 Yu et al. (2017) proposed a vehicle detection and classification method based on the 
Faster Region-based Convolutional Neural Network (RCNN). They have managed to achieve 
85% of model accuracy in the proposed vehicle detection and classification method. 

Hence the researchers have identified the factors mentioned above as strengths and 
weaknesses of deep learning models for vehicle classification, which may guide future 
researchers to build more powerful and accurate models.  
 
 
3. DATA COLLECTION 
 
In order to simplify the video capturing and to use minimum no of cameras, the study identified 
a 3-leg intersection with at least one channelized turning movement as the study region - Ja-Ela 
junction, Sri Lanka (Figure 1).  

The video recording was done for 2 hours, and manual data collection was carried out 
concurrently with the video recording. The cameras used for the data collection have the 
capability to record 1080 pixels video clips with 30 frames per second rate. The study was done 
considering only two vehicle movements out of the six-vehicle movements at the Ja-Ela 
junction.  

Figure 1. Configuration of survey location for the data collection 
 
Camera No.1 captured the classified vehicle counts (Y2) towards the Colombo direction. 

It includes two movements at the junction, namely through movements from Negombo to 
Colombo and left-turn movements from Ekala to Colombo. Camera No.2 captured the 
classified vehicle counts from Ekala to Colombo (a). Using the counts (Y2) and (a) from the 
model, the vehicle counts from Negombo to Colombo (Y2  a) can be calculated manually by 
subtracting (a) from (Y2). Similarly, all six movements of the 3-way intersection can be 
calculated only using four cameras as shown in Figure 2. However, we only used Camera No.1 
and Camera No.2 for this study.  
 
 

Negombo 

Colombo 

Ekala 

Camera No.1 (Y2) 

Camera No.2 (a) 
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4. THE PROPOSED DATA COLLECTION METHODOLOGY 

Figure 2. Interpretation of the proposed methodology 
 
Cameras 1, 3, and 4 should be fixed in a way that can capture both in  and out  vehicle flows 
of each leg. All the (a), X1, Y1, X2, Y2, X3, and Y3 values can be obtained after running the 
model with four video footages separately. Using those known values, we can calculate the 
classified vehicle counts for all the six-vehicle turns at a 3-way intersection according to the 
below-stated sequence.  
 

Xij i: Leg number, j: Movement (L-Left, R-Right, and T-Through) 
X1L  
X1R   
X2T X1R  
X2R X2T   
X3L X2R  
X3T X3L  
 

 
at the 3-way intersection is the main requirement of this data collection methodology to become 
a fully automated traffic data collection. 
 
4.1 The pre-trained model for vehicle detection, classification, and counting 
 
The deep learning model used in this study has been developed by Ozlu (2018) using 
TensorFlow Object Counting API. The TensorFlow object counting API is an open-source deep 
learning framework that is built on top of TensorFlow and Keras. It is more beneficial to use 
TensorFlow object counting API to build object counting systems. In addition to the vehicle 
classification and counting, this deep learning model has the capability to recognize the 
approximate color of the vehicle and to predict the vehicle moving speed. 
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Figure 3. The system architecture of the pre-trained deep learning model 
 

The OpenCV programming library is used to read recorded video footage frame by frame. 

on the TensorFlow framework. It is a continuous process that ends with the last image frame of 
the video footage. Moreover, the size of the detected vehicle image area is used to classify the 
vehicles. 

Single Shot Multi-Box Detector which is known as SSD, is a deep learning architecture 
that is built to overcome the bottlenecks of the region-based convolutional neural networks (R-
CNN) (Forson, 2017). The deep neural network structure of the SSD model which is used in 
the pre-trained vehicle counting model can illustrate as in the following Figure 4. 

Figure 4. SSD with Mobilenet model 
 
 
5. DATA ANALYSIS 
 
The accuracy of the manual data collection method and the deep learning model are compared 
using the actual vehicle counts. The actual vehicle counts are considered as the count made at 
the laboratory by stop and play the recorded video clips. Only two classes of vehicles were 
considered in this study namely car and truck. The Car category includes all four-wheel 
passenger vehicles with a seating capacity of up to 8. The Truck category includes light goods 
vehicles, medium goods vehicles, and heavy goods vehicles.  
 
 

Source: TensorFlow Object Counting API, 2018 

Source: TensorFlow Object Counting API, 2018 
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Table 1. Vehicle types included under Car and Truck categories 

 
We checked the vehicle classification accuracy in the Sri Lankan Road network with the 

previously mentioned pre-trained DL model and it provides CSV (Comma-separated values) 
files as the output after processing the video footages. The data analysis of this research was 
done by only using the details of vehicle class and the moving direction of those CSV output 
files. The used model has trained with vehicle images of another country where the vehicle mix 
is different from Sri Lanka. Moreover, it was essential to collect the required traffic data for 
this research with similar vehicle recording angles used in the model training of the pre-trained 
DL model. Various video recording angles have been tested during the pilot surveys to identify 

Vehicle 
category 

Included vehicle types Images 

 
 
 
 
 
 
 
 
 

Car 

All types of cars  

All types of jeeps  

Single & Double cab 
vehicles 

 
Micro vans and the vans 
with three seat rows 
including the front row 

 
 
 
 
 
 
 
 
 

Truck 

Light goods vehicles  
having two axles and 
four wheels 

 

Medium goods vehicles 
 having two axles and 

six wheels 

 
Heavy goods vehicles  
having three axles 

 
Articulated goods 
vehicles  vehicles with 
a trailer  
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the most appropriate vehicle flow recording angles. According to the results, the vehicle 
classification accuracy is high when it captures both front views and side views of the vehicles.  

Figure 5. Vehicle detection and classification process of the pre-trained DL model 
 
Table 2 includes the vehicle counts obtained from both the manual data collection process 

and the pre-trained deep learning model along with actual counts counted over a total time of 2 
hours.  

 
Table 2. Vehicle counts of pre-trained deep learning model and manual data collection 

 
By using these vehicle counts, the accuracies of these two data collection methods can be 

calculated as in Table 3. 
 

 Table 3. Vehicle classification and counting accuracy 

 
Comparing the counts from two different cameras, accuracy of measurement for car is 

always better than truck. That is because the variation in car is lesser compared to trucks 
specially in Sri Lanka as the case in many Asian countries. Though the manual data collection 
is still producing better accuracy than DL model, the acquired accuracy is not bad compared to 

Vehicle flow from Ekala to Colombo direction (a) 
Time  Manual Count DL Model Count Actual Count 

Car Truck Car Truck Car Truck 

13:30 - 15:30  377 227 540 355 458 277 

Total vehicle flow towards Colombo direction (Y2) 

Time  Manual Count DL Model Count Actual Count 

Car Truck Car Truck Car Truck 

13:30 - 15:30  1103 556 922 483 1264 675 

    Accuracy of the traffic data 
collection method 

Error percentage (%) 

Vehicle 
Count 

Vehicle 
Class 

Manual data 
collection 

Deep learning 
model 

Manual data 
collection 

Deep learning 
model 

a Car 82.3% 82.1% -17.7% +17.9% 

Truck 81.9% 71.8% -18.1% +28.2% 

Y2 Car 87.3% 72.9% -12.7% -27.1% 

Truck 82.4% 71.6% -17.6% -28.4% 
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the time and cost of on-site manual data collection. Extending this study with some additional 
training to better represent the variation in local vehicles, would outperform the manual counts.        
 
 
6. RESULTS AND DISCUSSIONS  
 
When taking both up and down vehicle flows using a single camera, the deep learning model's 
error percentage of accuracy is positive (+17.9% for Car and +28.2% for Truck) due to the 
misclassification of vehicle moving direction. However, when taking the vehicle flow in one 
direction using a single camera, the accuracy of the vehicle count remains around 72% because 
of not having misclassifications in the vehicle's moving direction. The misclassification of 
vehicles as the other vehicle categories is another issue in this pre-trained deep learning model. 
For instance, the used pre-trained model cannot classify vehicle categories such as van and 
three-wheeler since those vehicle types are not used in the model training process.  

Due to the camera angles used for model training and testing processes (that captures both 
front views and side views at once), the small-scale vehicles are covered by large vehicles in 
video frames. Therefore, the model should be trained with another suitable vehicle flow 
capturing angle, which does not disrupt the object detection process for any of the vehicles.  

All the 3-way intersections are not having a similar kind of geographical feature and 
connection angles. Therefore, it is not effective to develop a model based on a single video 
recording angle that can capture all the six vehicle-movements at the intersection. If the model 
is developed using a single video recording angle, then the model needs to be adjusted from 
junction to junction based on connection angles of road links. Other than that, the selected road 
junction should have a specific facility to fix the camera to record the vehicle flows. The 
proposed method has the ability to overcome the limitations mentioned above, and it can be 
applied to any of the 3-way intersections. 

Some road junctions have been designed with separate vehicle turning lanes by using 
medians and the classified vehicle count for that kind of vehicle-turn can be obtained from the 
deep learning model. However, suppose it is not possible to record a single vehicle-turn at any 
given 3-way intersection. In that case, a manual classified data collection should be carried out 
only for one vehicle-turn out of the six vehicle-turns.   

However, before implementing the proposed methodology to collect classified turning 
movement data at a 3-way intersection, a deep learning model should be trained with vehicle 
images collected in the Sri Lankan road network. Moreover, the model training should be done 
by considering the vehicle flow capturing angles. It means the vehicle flow capturing angle, 
which is going to use for model training should have the ability to use at any 3-way intersection 
without difficulties.  
 
6.1 Limitations and recommendations 
 
Electricity is an essential requirement for the video recording process when the survey is 
conducting for a long period. Therefore, it is important to make sure of the availability of 
electricity at the survey location. However, solar-powered cameras can be used to overcome 
that issue. Moreover, it was difficult to find positions with the required facilities to fix cameras 
according to the model trained angle for vehicle flow recording. Further, the deep learning 
model run time can be reduced by increasing the computational power of the computers. 

As of the given demonstration of Ozlu (2018) DL model, the model training and testing 
have been done with vehicle flow capturing angles that captured both front views and side views 
of the vehicles at once. It means, if a particular camera position captures only the front views 
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of the vehicles in the vehicle flow, the model's ability to classify vehicles is poor. Therefore, 
the cameras are fixed according to the Ozlu (2018) model during the data collection to fulfill 
the above requirement. Various camera positioning angles are tested in the pilot survey and the 
model classified vehicles only if it captures both front view and side view of the vehicles at 
once. 

When choosing camera positioning locations, it is necessary to choose locations that are 
much closer to the road junction. Then the impact of collector roads on the turning movement 
vehicle count can be eliminated. Moreover, the available poles on the roads, such as light poles 
can use to fix the cameras for data collection. Then the distractions for vehicle recordings due 
to large vehicles can be minimized.  
 
6.2 Future research ideas 
 
Since the study is carried out using a pre-trained model, the applicability of the proposed 
methodology can further examine with various deep learning models that are developed for 
vehicle classification and counting based on the convolutional neural network architecture.  

Also, a deep learning model with a higher level of accuracy can be trained with a large 
training dataset collected from the Sri Lankan Road network. However, the video recording 
angle for data collection should be applicable to any of the 3-way intersections. Moreover, 
further studies need to be done to extend the proposed methodology to get the classified vehicle 
counts at a 4-way intersection. The variations of the deep learning model's accuracy can 
examine with the test data collected under different weather conditions and at nighttime.  
 
 
7. CONCLUSION 
 
A new data collection methodology is proposed to obtain classified turning movement vehicle 
count at a 3-way intersection to overcome the issues of manual data collection methods. Any 
deep learning model built to obtain classified vehicle count can be used with the proposed 
methodology, and it is one of the main advantages of this study. Capturing one vehicle 
movement separately from the six-vehicle movements at the three-way intersection is one of 
the most important requirements of the proposed method to become a fully automated data 
collection method.  

According to the pre-trained deep learning model results, the total DL model accuracy 
for vehicle count from one camera is 78.2%. The misclassification of vehicle moving direction 
has resulted a positive error percentage for the accuracy of vehicle count. Moreover, the 
misclassification of vehicle categories such as three-wheelers and vans has also affected to 
reduce the accuracy of the pre-trained deep learning model.  

By referring to previous studies, researchers in computer science have already 
implemented deep learning models based on CNN to classify and count vehicles with higher 
vehicle classification accuracies. The objective of this study is not only the vehicle classification 
but also classifying vehicles at a 3-way intersection with separate vehicle counts for each 
vehicle turn (Through movement, right turn, left turn of each road-leg). Therefore, the accuracy 
of the results of this study can increase with proper model training and by changing deep 
learning model architecture or using DL models with a higher level of vehicle classification 
accuracy. However, those high accurate DL models are not commonly available for everybody 
and much expensive for this type of initial experiment. It means we did not have access to those 
DL models to check with our proposed data collection method. Therefore, we used an open-
source and freely available Ozlu (2018) model in our study. 
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Moreover, the training data of the selected model should include images of all the vehicle 
categories operating in the Sri Lankan Road network to improve results. The cost reduction and 
efficiency due to automation in the proposed turning movement data collection method can 
save a great amount of money to the country. Further, this methodology can be applied to any 
3-way intersection in any country with a properly trained DL model for vehicle classification 
in that region.  
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