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Abstract - There is a growing need for machines/agents to be able to identify their surroundings and make better decisions. Self-driving 

cars, cameras, driving assistance mechanisms, robots, etc. need a robust way in which they can detect and intelligently identify what is 

present in their surroundings and decide accordingly. In this paper, we propose a system which mainly focused on the detection of major 

objects of traffic scene in a single framework. We do not propose any mechanism for decision making. This paper entirely focused on 

only detection phase of Multi-Traffic scene perception (M-TSP) and does not involve recognition and tracing phase of TSP. We 

proposed a system which uses You Look Only Once (YOLO) V3 framework to identify major classes of objects. Cars, Two-Wheelers, 

Pedestrians, and Traffic Signs are the main focused classes we are detecting. We used COCO dataset for training and validation. MIT 

traffic dataset which has the 25fps traffic video is used for testing purpose and demonstration. 

Index Terms: Object detection, Traffic scene perception, YOLO, traffic detection. 

I. INTRODUCTION 

Multi-Traffic scene perception (M-TSP) aims to extract accurate real-time on road environment information, which involves three 

phases: detection of objects of interest, recognition of detected objects, and tracking of objects in motion. MultiTraffic scene perception 

(M-TSP) is one of many fast-emerging areas in the intelligent transportation system [1]. Detection of an object is the first stage of TSP 

which uses Convolution Neural Network (CNN). Recognition and Tracking which is second and third phase resp. of the TSP often 

depends on the results from detection; the ability to detect objects of interest effectively plays an important role in TSP. The purpose of 

the object detection is to provide a single framework which can detect real-time objects in a traffic scene. In this paper, we focus on 

important classes of objects such as traffic signs, cars, Two Wheelers, Pedestrians etc. 

  

It is a difficult task to detect the objects in motion due to different viewpoints and occlusion patterns. Prior approaches [2] [3], based on 

a sliding window method is showing great result with human face detection but it fails to detect cars due to different viewpoints [4]. 

Objects in motion can be detected with a background subtraction algorithm with a fixed camera which only considers object and ignore 

the background but in the self-driving car we must consider the background to make a proper decision.  

YOLO [5] which is targeted for real-time processing shows the significant improvement to detect the real-time moving objects. Unlike 

other object detection methods, YOLO does not consider any region proposal network, but it scans entire image only once by dividing 

it into SxS grids and then detects and bound it with boundary boxes using box confidence score and predicts the conditional class 

probabilities. Each grid cell detects the object and predicts the conditional class probability which then used to predict the entire object. 

The major concept of YOLO is to build a CNN network to predict a tensor. 

II. RELATED WORK 

An Object detection methodology includes image processing, feature extraction, classifier training and bounding box regression. An 

object detection system based on mixtures of multiscale deformable part models (DPM) proposed by Felzenszwalb et al. [6] shows 

significant improvement while detecting object which is partially occluded. They use a histogram of oriented gradient (HOG) feature 

with trained SVM to form a gradient model of objects. Many Machine Learning methods such as SVM, Neural Network [7] show good 

performance in detection on a stationary object but they show the poor result for objects in motion. Many researchers were designing 

reliable features for supervised learning models that have quite shallow architectures.  

Due to vast data and top-notch resources, deep learning methods have been widely preferred which yields to the highest detection 

accuracy, as they have strong characterization and modelling capability to learn hierarchical feature representation by supervised or 

unsupervised manner automatically. Convolution Neural network (CNN)based detection system shows massive improvement over the 
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traditional methods with the well-known success of deep neural network in image classification [8], researchers have focused to learn 

deep feature description. But the problem with CNN is that the objects might have different spatial locations within the image and 

different aspect ratio which leads to a large number of regions. To overcome this problem, Ross Girshick et al. [9] proposed a method 

called R-CNN which uses a selective search algorithm to extract just 2000 regions from the image called region proposals. As expected, 

R-CNN improves the performance of model, but it cannot be implemented for real-time. To overcome the disadvantages of R-CNN, 

Girshick et al. [10] proposed Fast R-CNN which adopts a Region-of-Interest (RoI) pooling layer and multi-task loss to estimate object 

classes and predict the bounding box positions. Faster R-CNN [11] employs a region proposal network (RPN) that shares full-image 

convolutional features with the detection network, thus tackles the bottleneck of speed in the stage of region proposal which consumes 

a lot of time throughout detection process. All of the above object detection methods use regions to localize the object within the image. 

The network does not scan the entire image. Instead, parts of the image which has high probabilities of containing the object. You Only 

Look Once (YOLO) is an object detection algorithm which uses a single convolution network to predict the bounding boxes and class 

probabilities. 

YOLO scans entire image only once by dividing it into SxS grids and then detects and bound it with boundary boxes using box 

confidence score and predicts the conditional class probabilities. Despite the better performance in real-time YOLOv1 tends to miss the 

objects which are very close to each other. YOLO has higher localization errors, and the recall is lower which forced researchers to 

introduce a new version of YOLO called YOLOv2. The main objective of YOLOv2 is to increase accuracy and reduce localization 

errors. YOLOv2 uses batch normalization for accuracy improvement which removes the need for dropouts and boost mAP up to 2%. 

YOLO9000 [12] which is the extension of YOLO can detect objects over 9000 classes using hierarchical classification with a 9418 

node WordTree.YOLO9000 gets 19.7 mAP overall with 16.0 mAP on those 156 categories. Joseph Redmon, creator of YOLO claims, 

at 320 × 320 YOLOv3 runs in 22 ms at 28.2 mAP, as accurate as SSD but three times faster. When we look at the old 0.5 IOU mAP 

detection metric YOLOv3 is quite good. 

III. PROPOSED SYSTEM 

We researched and examined different emerging technologies to detect objects in motion [13][14][15]. Many of these yields excellent 

result for non-moving objects, but our focus is to detect an object in traffic scene which requires accuracy and speed with minimum 

latency. In this paper, we proposed the system using YOLOv3 with Darknet as backend. Darknet-53 is the neural network framework 

written in C and CUDA which is fast, efficient and supports GUP and CUP. It has 53 convolutional layers, each followed by batch 

normalization layer and Leaky ReLU activation. Pooling is avoided, and a convolutional layer with stride 2 is applied which helps in 

preventing loss of low-level features which are responsible for pooling. In YOLOv3 single neural network is applied to the entire image 

and then divides images into small regions and predicts bounding boxes and probabilities for the same. It considers object detection as 

a single regression problem [16], straight from image pixels to bounding box coordinates and class probabilities. 

 

A convolutional network can predict multiple bounding boxes and class probabilities for those boxes at the same time. YOLO trains on 

entire images and directly optimizes detection performance. The system divides the input image into an S × S grid. If the centre of an 

object falls into a grid cell, that grid cell is responsible for detecting that object. Each grid cell can predict B bounding boxes (which 

consists of 5 predictions: x, y, w, h, and confidence) and confidence scores for those boxes. The x and y are the co-ordinated which 

represent the center of the box and weight (w) and height (h) predict the actual image. These confidence scores show how confident the 

model is. It also reflects the confidence that the box contains an object and how accurate it thinks the box is that it predicts. Confidence 

is calculated by, 

Confidence = Probability (Object) * IOU 

 

Where IOU is intersection over union, if no object is detected in that cell, then confidence becomes zero otherwise it is equal the 

intersection over union (IOU) between the predicted box and the ground truth. Each grid cell predicts C conditional class probabilities. 

These probabilities are conditioned on the grid cell containing an object. We only predict one set of class probabilities per grid cell, 

regardless of the number of boxes. 

3.1 Dataset generation: 

In YOLOv3 object detector, for each .jpg file requires a .txt file with the same name. Each line of the text file is of the following 

format: 

{<class-name> <x_center> <y_center> <width> <height>} 

 

Here class-name is the name of the relevant object class x-centre and y-centre are the co-ordinates of the centre of the bounding box 

rectangle. Even though yolo is invariant to the size of input it is recommended to use constant input size. We set weight and height to 

416. Each image file must be in this format so as to feed this data while training. We used Yolo_mark [17] to generate annotation for 

each image file and making bounding boxes around each object in an image. Yolo_mark is the open-source GUI based tool used for 

generating bounding boxes. Using this tool, we convert dataset labels into the required format and then split an entire dataset into train 

and test dataset. Training dataset contains 90% images of the actual dataset. Once splitting is done we configure the obj.names and 

obj.data files in order to train our custom object classes. 

3.2 Training: 

Before the actual training, we compile the Darknet using Cmake GUI based tool and customize the configuration (yolov3.cfg) 

file to detect traffic objects. While compiling we set GPU, CUDNN and OPENCV options as enabled which will help to train with GPU 

and allow to use OpenCV. In the configuration file, we keep most of the hyper-parameter to a default value and change the filters 
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parameter, max_batches parameter and the classes parameter. Based on the total number of classes, filter value and max_batches value 

can be calculated with the formula given by  

 

filters = ( Number of classes + 5) * 3 

max_batches = (Number of classes) * 2000 

 

For training YOLO model, we require high-end GUP, due to lack of resources we train the model on the Google colab. Before training, 

we configure the colab notepad and enabled the GPU mode, connected colab with drive and checked for CUDA and cuDNN and upload 

the dataset to the drive. We load the project into colab and train the model for custom classes. Based on the number of class and size of 

dataset the training time varies significantly. 

3.3 Testing: 

Evaluating Object Detectors: In object detection, evaluation is non-trivial, because there are two distinct tasks to measure:  

1. Determining whether an object exists in the image (classification). 

2. Determining the location of the object (localization, a regression task). 

Furthermore, in a typical data set there will be many classes and their distribution is non-uniform (for example there might be many 

more dogs than ice cream cones). So a simple accuracy-based metric will introduce biases. It is also important to assess the risk of 

misclassifications. Thus, there is the need to associate a ―confidence score‖ or model score with each bounding box detected and to 

assess the model at various level of confidence.  

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

Where TP is True positive, TN is True Negative, FP is False Positive, FN is False Negative. 

 

To address these needs, the Average Precision (AP) was introduced. To understand the AP, it is necessary to understand the precision 

and recall of a classifier. For a more comprehensive explanation of these terms, the Wikipedia article is a nice place to start. Briefly, in 

this context, precision measures the ―false positive rate‖ or the ratio of true object detections to the total number of objects that the 

classifier predicted. If you have a precision score of close to 1.0 then there is a high likelihood that whatever the classifier predicts as a 

positive detection is in fact a correct prediction. Recall measures the ―false negative rate‖ or the ratio of true object detections to the 

total number of objects in the data set. If you have a recall score close to 1.0 then almost all objects that are in your dataset will be 

positively detected by the model.  

To calculate the AP, for a specific class (say a ―person‖) the precision-recall curve is computed from the model’s detection output, by 

varying the model score threshold that determines what is counted as a model-predicted positive detection of the class. The final step to 

calculating the AP score is to take the average value of the precision across all recall values. 

 

𝐴𝑃 =  
1

11
+  ∑ 𝑃𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛(𝑅𝑒𝑐𝑎𝑙𝑙𝑖)

𝑅𝑒𝑐𝑎𝑙𝑙𝑖

 

 

This becomes the single value summarizing the shape of the precision-recall curve. 

Localization and Intersection over Union:  

To evaluate the model on the task of object localization, we must first determine how well the model predicted the location of the object. 

Usually, this is done by drawing a bounding box around the object of interest. For all these cases, the localization task is typically 

evaluated on the Intersection over Union threshold (IoU). Model object detections are determined to be true or false depending upon 

the IoU threshold. This IoU threshold(s) for each competition vary, but in the COCO challenge, for example, 10 different IoU thresholds 

are considered, from 0.5 to 0.95 in steps of 0.05. 

Putting it all together: 

Now that we’ve defined Average Precision (AP) and seen how the IoU threshold affects it, the mean Average Precision or mAP score 

is calculated by taking the mean AP over all classes and/or over all IoU thresholds, depending on the competition. For example: 

PASCAL VOC2007 challenge only 1 IoU threshold was considered: 0.5 so the mAP was averaged over all 20 object classes.  

For the COCO 2017 challenge, the mAP was averaged over all 80 object categories and all 10 IoU thresholds.  

Averaging over the 10 IoU thresholds rather than only considering one generous threshold of IoU ≥ 0.5 tends to reward models that are 

better at precise localization. 

IV. RESULTS 

In the experiment, the COCO dataset, which is commonly used in autonomous driving research, and the PASCAL VOC dataset are 

used. The COCO dataset consists of 1.5 million object instances for 80 object categories. The PASCAL VOC dataset consists of 9,963 

images containing 24,640 annotated objects from 20 object categories. The trained model of the coco dataset gives the following results 

when tested on the machine (having GeForce 1050Ti): 

Using yolov3 configuration file we got 55.1% mAP@0.5 - 26 FPS. 

Using yolov3-tiny version configuration file we got 33.1% mAP@0.5 - 48 FPS. 
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Figure 1. This is the output when tested on the images not from the dataset, the object classes and the confidence score of each 

individual object are shown. 

Predicted in 137.080000 milli-seconds.  

car: 74%  

car: 100%  

truck: 76%  

car: 86%  

car: 87%  

car: 93%  

bus: 61% 

 

 

Figure 2. This is the output when tested on the images not from the dataset, the object classes and the confidence score of each 

individual object are shown. 

Predicted in 137.657000 milli-seconds.  

truck: 97% 

car: 99%  

car: 100%  

truck: 96%  

 

V. CONCLUSION 

In this paper, we proposed the object detection system using YOLO framework for custom classes. The proposed system is the 

customized version of YOLOv3 which specifically detects the object related to the traffic scene. The detection speed is fast since it 

scans an image only once. We can detect the relevant classes in the traffic video with good accuracy. In the situation where a cluster of 

the objects is very close to each other, this system shows poor performance to detect all objects from that cluster. We demonstrate the 

system with the different traffic video and system can detect irrespective of the brightness, saturation, and temperature of the video. 

This model requires high-end resources to train and test which eventually increase the cost of the overall system. Future work could 

include the improvisation of the system to detect all objects in the cluster. 
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