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Vision-based target tracking is one of the core parts of intelligent traffic video surveillance 
systems due to its assistance in reducing risks of traffic accidents and traffic jams on roads. 
This paper proposes a new tracking-by-detection method in the domain of traffic applications by 
using the powerful ability of deep learning based object detection technique into vision-based 
tracking for vehicles. The proposed method uses transfer learning technique to achieve state-of-
the-art tracking performance but building upon a powerful object detector while only requiring 
few hundreds of images data for training. The experimental results not only validates the 
performance of the proposed transfer learning technique and also shows that tracking can be 
achieved using this approach.    Furthermore, qualitative and quantitative results on challenging 
dataset show that the proposed tracking method achieves competitive performance with the 
state-of-the-art    methods.  
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1. Introduction 

 

Vision-based target tracking is an integral part of intelligent traffic video surveillance 

systems that assist to reduce the risks of accidents and traffic jams [1] [2], when the 

vehicles are moving on roads. That is due to its capability of computer vision enhanced 

cameras and the low-cost advantage [3]. The application of vision-based tracking also plays 

an intrinsic role in many applications such as robotics, navigation and medical imaging [4] 

[5]. Despite the prominent advances of trackers performance in recent years, it’s still a 

difficult task to develop a robust and efficient vision-based target tracking framework for 

vehicles in traffic applications due to challenging problems such as non-stationary-

environment (NSE) because of constant movement of vehicles, presence of background 

clutters, scale variation, appearance change, occlusion, camera movement, object 

deformation, illumination variations and plane rotation. 

In recent few years great progress in the field of object detection [6] [7] [8] has been 

made due to the emergence of biologically-inspired deep Convolutional Neural Networks 

(CNNs) [9] [10] [11] [12] that has led to the development of tracking-by-detection methods 

[13] [14] [15]. That is due to their strong ability of learning feature representations and 

these features have high level dimensions. The application of deep CNNs are not only 

limited to object detection but showed great success in various other computer vision 

problems such as, image classification [12] and saliency detection [16] [17]. The object 

detection term refers to find an object in an image while object tracking means to follow an 

object of interest within a group of frames in a video. Traditional vision based tracking 

methods [18] [19] [20] distinguishes the target object from the background but one major 

drawback of these methods is dependency on low-level handcrafted features which are 

incapable to capture meaningful information of the targets that are not robust to crucial 
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appearance changes. This has given rise to incorporate image features learned by deep 

learning models into the tracking framework in which CNNs are more prominent [21] [22] 

[23]. The superiority of deep learning is due to its ability of automatic feature extraction 

through the multi-level learning and mapping. These features carry rich high-level semantic 

information and are robust to data corruption [24] [25]. However these techniques have not 

been fully extended to the vision-based object tracking framework since offline classifiers 

are not convenient for vision-based tracking and online learning based on deep learning is 

not straightforward due to large network size. 

This paper proposes a tracking-by-detection method in the domain of traffic applications 

by using the strength of deep learning based object detection technique for vision-based 

tracking of vehicles. We use deep object detector via transferring the useful features for 

achieving state-of-the-art vision-based tracking by using the minimal data for training. 

Furthermore, the qualitative and quantitative results on challenging dataset validate the 

performance of the proposed tracking method. 

 

2.  Related Work 

 

Most of the modern vision-based tracking methods usually contain two parts: an 

appearance model and a scheme to find the most likely target objects location. The 

generative methods focus to search the regions that are most suitable for the target model, 

these methods includes sparse representation [26] [27] [28], density estimation [29] and 

incremental subspace learning [30]. On the other hand discriminative methods, also referred 

as tracking-by-detection separates the target object foreground from the background, 

methods like structured output SVM [31], bayes classifier [32], P-N learning [33] and 

multiple instance learning [18]. Some methods also exploit the correlation between the 

consecutive frames by using correlation filters due to their impressive performance in terms 

of speed such as, minimum output sum of squared error (MOSSE) [34], kernelized 

correlation filters (KCF) [19] and Multi-Score Tracker (MUSTer) [35]. These methods are 

more appropriate for the real-time tracking in different domain specified problems. Despite 

the fact that these methods perform satisfactory but the major shortcoming of these methods 

is to rely on low-level hand-crafted features. 

The first deep learning based tracker was proposed in [23] via transfer learning, where a 

stacked denoising auto-encoder is trained to learn generic image features that are more 

robust against variations. But due to lack of sufficient data for training it causes blurry 

features. In [36] authors proposed convolutional neural network (CNN) structure instead of 

stacked autoencoder (SAE) in structured output deep learning tracker (SO-DLT) with the 

idea of "offline pre-train and online fine-tune", demonstrated good results than DLT but in 

some cases it causes drift due to background clutters and occlusion. Among different deep 

learning models CNNs have more strong capabilities of image recognition. In [22] 

proposed deep convolutional network using the network's internal representation as features 

[37] [38] to fine-tune multiple layers of the network. In [39] proposed fully convolutional 

siamese network (SiameFC) tracker that learns a deep feature extractor during training to 

match the object template and current search region, it performs better in term of speed and 

more suitable for real-time tracking. In [14] proposed a multi-domain learning network 

(MDNet) via transfer learning, where the network is pre-trained offline and the fully 

connected layers including a single domain-specific layer are fine-tuned online. MDNet 

adopts a strategy of hard negative mining and bounding-box regression from the detection 
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task to avoid over fitting. A deep appearance model proposed in [40], to learn a 

discriminative appearance from large training that uses handshake between tracklets and 

detections. In [41] trained an offline convolutional deep neural network (ADNet) for object 

detection and an action-driven method for temporal tracking. In [42] authors presented 

Structure Aware Network (SANet) for tracking that utilizes recurrent neural network 

(RNN) to model object structure and incorporate it into CNN to improve its robustness in 

the presence of similar distracters. SANet uses multiple RNNs to model object structure in 

different levels respectively that skips concatenation strategy to fuse CNN and RNN feature 

maps, which further improves the performance of the proposed model. In [43], authors 

proposed a deep tracking method based on recurrent neural networks in 2D laser data for 

robotics applications. In [44] proposed CNN model similar to faster R-CNN to generate 

object proposals and then the proposals are incorporate into an online structured SVM [45] 

to determine the object state. 

 

3. Proposed Methodology for Real-time Vehicle Tracking via Deep Learning 

 

In this section we present the proposed vision-based tracking framework for vehicles in 

the traffic applications. We explain the deep learning architecture in the proposed tracker, 

pre-training process and then later we present details of the tracking framework. 

 

3.1 Network Overview 

 
Most of the deep learning based object detection methods are extensions of image 

classification [46]. With the introduction of CNN features in deep models, it’s still very rare 

for the purpose of visual tracking. Currently there are two types of deep learning based 

detection methods i.e. region proposal based methods and regression based methods. 

Region proposal based methods inserts CNN’s to perform convolution products on small 

patches of the input map of the layer to extract the features carrying information about local 

patterns [47]. These methods compute the region proposal using selective search [48] to 

predict the bounding boxes after obtaining the confidences of primitive object categories. 

Methods like R-CNN [49], Faster R-CNN [6], Fast R-CNN [7], SPP-net [50], FPN [51], 

Mask R-CNN [52] and R-FCN [8] are popular region proposal based methods. The major 

drawback of these methods as it is too slow to implement in real-time applications. While 

regression based methods directly predict boxes for an image in one step that are faster 

compared to its predecessor, these methods includes YOLO [53], G-CNN [54], DSOD [55], 

YOLOv2 [56] and SSD [57]. 

YOLO is one of the faster object detection algorithm and more suitable for real-time 

applications. The current version is YOLOv3 [58] more accurate and capable of detecting 

smaller objects. The key to its accuracy improvement is ResNet-alike and FPN-alike 

structures. The ResNet structure is used for feature learning that consists of successive 3x3 

and 1x1convolutional layers with some shortcut connections. It originally have a 53 layer 

network trained on Imagenet [46] called Darknet-53. For detection task it has 53 more 

layers that are stacked onto it, giving a total of a 106 layer fully convolutional architecture. 

Soft max layer is replaced by 1x1 convolutional to perform multi-class detection by using 

logistic regression and a threshold is used to predict multiple labels for an object. Classes 

with high scores than the threshold are assigned to the box.  

The network predicts 4 bounding boxes at each cell i.e. ��, ��, �� and �� with 4 co-

ordinates for each bounding box ��, ��, �� and ��. The top left corner of the image is 
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denoted by ��, �� and the bounding box prior width and height is denoted by 	�, 	�, then the 

bounding box prediction is given by Eq. (1).  

                             �� = � (��) + �� 

                             �� = � (��) + �� 

                                   �� = 	����       (1) 

                            �� = 	���� 
While training the sum of squared error is used. The ground truth of some predicted co-

ordinates is �̂�, the gradient is computed from ground truth minus the prediction, �̂� − ��. 

The ground truth can be computed by substituting Eq. (1). The network predicts objectness 

score for each bounding box using logistic regression. This should be 1 if the bounding box 

prior overlaps the ground truth object by mother bounding box prior. And if bounding box 

prior is not best but it does overlap the ground truth object by more than predefined threshold 

then the prediction is ignored. If the bounding box prior is not assigned to a ground truth 

object it is assumed that no loss for co-ordinate or class prediction rather than only 

objectness. 

 

Figure 1 Bounding box with dimension priors and location prediction. 

 

Darknet-53 predicts bounding box at three scales with FPN-alike structure. Several 

convolutional layers are added to the base feature extractor where last of these layers do the 

prediction of bounding box, objectness and class. The further features are utilized by up 

sampling the feature map by 2X and merge it with current feature map by concatenation 

that allows current feature map to see its features in future layers to do accurate prediction. 

That makes the network more capable to capture the object's information, from all the prior 

computation as well as fine grained features from earlier network. Darknet-53 architecture 

is more powerful in feature extraction that is more efficient than ResNet-101 and ResNet-

152. The complete architecture of Darknet-53 is shown in figure 2. With all the above 

strong abilities of Darknet-53, we used into the vision-based tracking-by-detection 

framework for real time vehicle tracking for traffic applications. 

 

3.2 Objectness Pretraining 

 
Due to large architecture of CNN, it is important to train it on large-scale dataset to learn 

generic object features. We pre-trained the Darknet neural network on COCO dataset [59] 

which have 80 classes, to learn generic objects features. The COCO dataset comprises large 

set of images containing contextual relationships and non-iconic object views taken from 
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different point of views. Dataset also contains good quantity of images containing vehicles 

such as Car, Truck, Bus, Suv etc. shown in figure 3. 

 
 

Figure 2 Structure of Darknet-53 Network Architecture used as the backbone of the 

tracking framework. 

 

 

Figure 3 Images of vehicles present in COCO Dataset. 

 

3.3 Vehicle Tracking 

 

The pre-trained CNN to learn generic objects features cannot be used directly for 

tracking as the COCO dataset is different from the data observed during real-time vehicle 
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tracking. If we do not fine-tune the model with our dataset then it will cause over-fitting 

and drifting problems and it fire on all the vehicles that appear in a video frame instead of 

vehicle being tracked. So, it is necessary to fine-tune the pre-trained CNN using our own 

dataset so the model can adapt to the target being tracked. We used labellmg tool to label 

the ground truth bounding boxes annotations for fine-tuning with our dataset. We used 20% 

of the images from every video sequence selected randomly for fine-tuning the network. 

The learning rate during the fine-tuning was set to 10-5 and we fine-tune for 100 epochs and 

warm-up epochs were set to 3. The batch size was set to 16 and Adam was selected as 

optimizer. 

The image features learned by the deep convolutional layers were passed on to a 

classifier and regressor to make the detection and prediction of the bounding boxes. Our 

architecture totally uses 9 anchor boxes, the first attempt to reduce these boxes are reduced 

by filtering them by a score threshold. After filtering, we perform Non-Maximum 

Suppression (NMS) on the remaining overlapping boxes to discard all boxes with low 

confidence score. Later we perform Intersection over Union (IOU) with the remaining 

boxes to predict the final box. This process will be repeated until we get the bounding box 

for the vehicle being tracked. 

 

4. Experimental Results and Discussion 

 

4.1 Dataset  

 

We validated our proposed approach on challenging video dataset having various 

demanding problems publicly available in benchmark dataset. We used labellmg tool to 

label the ground truth bounding boxes annotations for training dataset. The dataset 

sequences are BlurCar1, BlurCar4, Car1, Car4, CarDark, CarScale and Suv. These 

sequences contains one or more than one of the attributes such as Illumination Variation, 

Occlusion, Scale Variation, Deformation, Motion Blur, Background Clutters, In-Plane and 

Out-of-Plane Rotation. 

 

4.2 Implementation Details 

 

The experimental platform details are presented in Table 1. The confidence score (pc) and 

IOU threshold were set to 0.4 and 0.5 respectively. All parameters in the proposed 

algorithm are fixed for all the experiments for fair comparisons. 

 

Table 1 Experimental Platform for Proposed Algorithm. 

Computing platform Linux Ubuntu 16.04  

Processing Platform  Intel (R) corei7-4702  CPU@2.20GHz 2.20 Hz 

GPU Card GTX 1080 Ti X2 

Cuda Version 8.0 cuDNN 7.5 

RAM 8 GB 

Computing Architecture 64 Bits 

Implementing platform  Python 3.6 
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4.3 Experimental Results 

The proposed scheme is compared with modern existing state-of-the-art tracking 

methods, DCFNet [60], DeepSRDCF [38], FCNT [22], MIL [18] and STRUCK [31] for a 

more thorough comparison with the help of publicly available datasets [61]. All the 

sequences used for evaluation comprises of challenging problems mentioned above. The 

evaluation criterion verifies a proposed method that highlights its positives and negatives as 

compared to aforementioned state-of-the-art tracking methods. On the whole, the proposed 

tracking-by-detection method performs better in most of the cases in comparison with the 

state-of-the-art. Consider the example in the CarScale sequence, most of the trackers 

couldn’t track the target car due to scale variation and in-plane and out-of-plane rotation, 

except the proposed method. The reason behind is due to its advantage to learn and detect 

the target at three different scales but other trackers failed. Also it is interesting to note that 

the MIL [18] also performed better than other schemes due to its ability to learn multiple 

instances of the target within each frame, essentially encoding several scales of the target 

into the model. That is due to the reason that CNN’s are only as good as its training data, by 

adding more training samples with such failure cases could improve the performance 

further to beat MIL [18]. The proposed method performed well to tackle the fast motion 

and background clutters that is present in the Car1, CarDark, BlurCar1, BlurCar4 and Suv 

sequences. The tracking results are shown in figure 4 and average precision scores are 

summarized in table 2. The average speed of the proposed method is 20-24 frames per 

second. 

 

(a) 

 

(b) 

 

(c) 
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(d) 

 

(e) 

 

(f) 

 

(g) 

DCFNet DeepSRDCF FCNT   MIL 

STRUCK   Proposed 

Figure 4 Tracking results on (a) BlurCar1 (b) BlurCar4 (c) Car1 (d) Car4 

(e) CarDark (f) CarScale (g) Suv. (Best viewed in color) 

5. Conclusion 

 

In this Paper we proposed a tracking-by-detection method in the domain of traffic 

applications by using the strength of deep learning based object detection technique for 

vision-based tracking for vehicles that comprises of object detector via transferring the 

useful features for achieving state-of-the-art vision-based tracking using minimal data for 
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training. Furthermore, the qualitative and quantitative result on challenging dataset 

validates the performance of the proposed tracking method.  

 

Table 2 Quantitative comparison of proposed method. The results are reported in 

Average Precision Scores. (First best in green and second best is in blue) 
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