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1 Abstract: Visual traffic surveillance systems play important roles in intelligent transport systems
2= nowadays. A visual traffic surveillance system usually needs to correctly detect objects from images
s orvideos and classify them into different categories (e.g. car, truck, bus). This paper aims to introduce a
«  new vehicle type classification scheme on the images pictured by multi-view visual traffic surveillance
s sensors. Most image classification algorithms focus on maximizing the percentage of the correct
s  predictions, which have a deficiency that images from minority categories are prone to be misclassified
»  as the dominant categories. To address this challenge of classifying imbalanced data acquired from
s visual traffic surveillance sensors, we propose a method which integrates deep neural networks
o with balanced sampling in this paper. The proposed method consists of two main stages. In
1 the first stage, balanced sampling is applied to alleviate the unbalanced data set problem. In the
1 second stage, an ensemble of convolutional neural network models with different architectures
1z is constructed with parameters learned on the augmented training data set. Experiments on the
1z MIO-TCD classification challenge dataset demonstrate that the proposed method is able to improve
12 the performance compared with the baseline algorithms.

15 Keywords: traffic data; traffic surveillance systems; intelligent transport systems; image classification;
s ensemble learning; imbalanced data

1z 0. Introduction

s In the last decade, we have seen a worldwide rise of using visual traffic surveillance systems, due
1o to the rapidly growth of storage power, computation speed and the innovations in video compression
20 standards. For the first step, a visual traffic surveillance system usually needs to correctly detect objects
xn  from images or videos and classify them into different categories (e.g. car, truck, bus). Efficient and
22 robust classification can lead to many semantic results, such as "pedestrian no.1 is moving, car no.3

-

23 stopped" or some more advanced results such as "van no.8 is turning right, bicycle no.5 is moving at
22 a speed of 10 kilometers per hour." However, such high-level information is possible only if we can
= correctly detect and classify the objects .

26 With the increasing amount of available data, image processing has emerged to be a hot spot in
2z the field of artificial intelligence and image classification is one of fundamental tasks. As is shown in
2s  Figure 1, the goal of image classification is to assign a predefined category label to an image. Image
20 classification has a wide application in the field of artificial intelligence, including self-driving, augment
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s reality, etc [1-3]. Recently, image classification have attracted more and more research interest. Though
a1 image classification has been widely studied in the academia and deployed in the industry, it is is
:2 not a trivial task, still a challenging task. For example, many practical image classification data are
s imbalanced, i.e., some of the categories are represented by only a few samples, while some others
s make up the majority.

35 In the field of traffic surveillance, a visual traffic surveillance system needs to detect vehicles
s or pedestrains and classify them if possible. In the practical application, Pedestrains, Bicycles and
sz Motorcycles often make up minority of the data set, in contrast with Cars and Buses. Consequently, to
ss  avoid the misclassification of images from majority categories as rare classes, it is also not appropriate
30 to assume misclassification errors cost for all samples are equal. If misclassification errors cost are
« implicitly assumed to be equal, images from minority categories are prone to be misclassified to be
a1 the dominant categories. However, image classification plays an important part in visual intelligent
.2 transport systems. It is a prerequisite for semantic results of visual traffic surveillance systems.
«3  Therefore, to effectively reduce the number of fatalities, it is reasonable to focus on enhancing the mean
s precision of all categories, in the condition of high overall accuracy.

a5 In the field of machine learning, learning from imbalanced data has been studied actively for
s about two decades. It’s been the subject of many papers, workshops, special sessions, and dissertations
«z  [4-7,7-9] and data manipulation techniques [10-14]. However, there is no definite answer for What
s is the best machine learning algorithm for imbalanced data classification? it depends on the data. The
4 approaches to tackle the problem of extremely imbalanced data can be mainly generalized into two
so main kinds. One is based on cost sensitive learning[15]. At first, misclassification of the minority class
51 is assigned a high cost. Then, try to minimize the overall train error. The other way is to employ a
s2 sampling tactic. Most research has been focused on this approach based on balanced sampling. There
ss  are three common sampling approaches, including oversample the minority class, undersampling the
s« majority class, and Synthesizing new minority classes. The easiest approaches to balance the training
ss set are oversampling and undersampling, which require little change to the processing steps, and
ss simply involve adjusting the example sets until the example classes contained in the training set are
s balanced. Oversampling randomly replicates minority instances to increase their population. Learning
ss from imbalanced classes continues to be an ongoing area of research in machine learning with new
so algorithms introduced every year.

60 To tackle the imbalanced problem for traffic data acquired from visual traffic surveillance sensors,
e we propose an CNN-based deep learning framework to increase mean precision in this paper. We
ez focus on integrating deep neural networks with balanced sampling. As is shown in Fig.2, the proposed
es approach consists of two stages. In the first stage, balanced sampling is applied to alleviate the
s« unbalanced data set problem. In the second stage, an ensemble of convolutional neural network
es models with different architectures is constructed with 8 parameters learned on the augmented
es training data set.

o7 The outline of this paper is organized as follows. Section 1 surveys related work . The detailed of
es the proposed method is presented in Section 2. Experimental results and comparison are provided in
e Section 3. Finally, the conclusion of this paper is in Section 4.

7o 1. Related work

= 1.1. Imbalanced Data Classification

72 In recent years, there has a spate of interest in learning from imbalanced data in data mining
»s and machine learning. A vast number of techniques have been tried, and the previous work to tackle
7a the class imbalanced problem can be mainly categorized into the algorithm oriented approaches
7 [4-9,16] and data manipulation techniques [10-14]. The former category aims to study and modify
76 the training algorithms to achieve better performance in imbalanced data classification, by adjusting
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Figure 1. MIO-TCD classification challenge dataset acquired from visual traffic surveillance sensors.

7z misclassification costs. The latter category, instead of manipulating samples at the algorithmic level,
7e Operates at the data level by data re-sampling. A comprehensive review is presented in [13].

70 There are several types of data manipulation techniques, which can be mainly divided into two
s groups: oversampling and undersampling. In the last two decades, data manipulation techniques
e based on oversampling and undersampling have been widely studied to counter the effect of
e imbalanced data sets[17]. Different variants of oversampling and undersampling techniques have
es been tested for imbalanced data sets in the literature [18]. In oversampling, minority instances are
ss generated by certain algorithms to make the data set balanced. The easiest approaches for resampling
es is to randomly replicates minority instances to increase their population, or to randomly downsample
s the majority class. The positive consequence for replication-based random oversampling is that it
ez duplicates the number of errors for minority instances: if minority instances on the data set is replicated
ss four times, the classifier will make five errors on the new set. Although oversampling results in more
e data, it is not superior versus undersampling which throwing away data. Replicating data is not
%0 without consequence, since it results in duplicate data, which makes variables appear to have lower
o1 variance than they do. That is to say, replication-based random oversampling has a tendency to
o2 overfit, because it does not actually increase any information actually. To address this, Chawla et al.
o3 [10] proposed synthetic minority over-sampling technique(SMOTE), generating new non-replicated
e« minority examples. Several improved variants of SMOTE are presented in [12,13,19]. However, these
os method can potentially lead to overfitting, since their broaden decision regions are still error-prone
9s by synthesizing noisy and borderline instances. On the other hand, downsampling is to throw away
oz a part of majority samples to make the data set balanced. Downsampling is very efficient, since the
es new data set is only a subset of the imbalanced data set. The main disadvantage is that potentially
9o valuable information may be removed by throwing away a part of the majority samples. However,
100 undersampling is often preferred to oversampling [11], although it may result in loss of information.
101 To avoid the disadvantages of re-sampling based techniques, there are many studies focusing
102 on algorithm oriented approaches. Liu et al. proposed two algorithms named EasyEnsemble and
103 BalanceCascade respectively [20]. Sun et al.[21] proposed a taxonomy to organize all proposed strategies
10a following the training and the test phases in text classification tasks, using Support Vector Machines.
15 EasyEnsemble samples some subsets from the dominant classes, trains a classifier using each of the
106 subset, and then combine the outputs of the trained classifiers. BalanceCascade trains the models
107 sequentially, and removes correctly classified major class examples of the trained classifiers from
1s further consideration in each step of the training. Tang et.al [9] make classic SVM cost-sensitive to
10 improve classification on highly skewed datasets. Zadrozny [4] proposed a family of methods for
1o converting classifier learning algorithms and classification theory into cost-sensitive algorithms and
1 theory, based on cost-proportionate weighting of the training examples. This method achieves better
12 predictive performance, while drastically reducing the computation required by other baseline methods.
13 To combat imbalance, Ting [16] studied how to improve our understanding of various cost-sensitive
ua boosting algorithms and how variations in the boosting procedure affect misclassification cost and
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us  high cost error. Chen et al. [8] proposed two methods to to overcome the imbalanced data classification
ue problem utilizing random forest. One is based on cost sensitive learning, and the other is based on a
1z sampling technique. The two proposed methods are less vulnerable to noise than boosting.

us 1.2. Deep Learning

110 So far, we have given a brief summary of the classification techniques in the field of tackling the
120 imbalanced problem. However, there are many researches on classification in other fields deserving
11 our attention in the literature. In the last decade, deep neural networks have led to a series of
122 breakthrough results on a variety of machine learning tasks, such as computer vision, text analysis
123 and voice recognition, etc. One of the essential components bringing about these breakthrough results
12« has been a special kind of neural network architecture called a convolutional neural network (CNN),
125 which can be thought of as a kind of neural network that uses many identical copies of the same
126 neuron. Since AlexNet was proposed by Krizhevsky et al [22], deep learning methods have shown
127 superior performance for image classification, compared with conventional "shallow learning" models.
128 AlexNet has been successfully applied in a variety of compute vision tasks, such as object detection
120 [23], video classification[24], and segmentation [25], etc. These successes spurred a new line of research
130 that focused on devising higher performance convolutional neural networks. The quality of network
131 architectures has been significantly improved by utilizing deeper and wider networks, since 2014. Lin
1:2 et al. proposed Network-in-Network [26], indicating how the introduction of residual connections
133 leads to dramatically improved training speed for the Inception architecture. Simonyan et al. proposed
13¢ VGGNet [27], facilitating further research on the use of deep visual representations in computer vision.
135 Szegedy et al. presented GoogLeNet codenamed Inception [28], setting the new state of the art for
16 classification and detection in the ImageNet Large-Scale Visual Recognition Challenge 2014 '. However,
137 deeper neural networks are more difficult to train. When deeper networks are able to start converging,
13 a degradation problem has been exposed: with the network depth increasing, accuracy gets saturated
13s  (which might be unsurprising) and then degrades rapidly. To tackle with the degradation problem in
1s0 the stage of training for very deep neural networks, He et al. presented a residual learning framework
1 named ResNet [29] that are substantially deeper than those employed previously. Their submissions
12 based on ResNets won the 1st places on the tasks of ImageNet detection, ImageNet localization, COCO
s detection, and COCO segmentation in the ILSVRC & COCO 2015 competitions?.

148 Although deep learning has been shown as a successful machine learning method for a variety
s Of tasks, to our best knowledge, only a few works [6,7,30-32] tackle with the problem of imbalanced
s Classification utilizing deep learning in the literature. Most of them rely on shallow models and
17 hand-crafted features. Khan et al. [31] proposed a cost-sensitive deep neural network to automatically
e learn robust feature representations for both the dominant and rare classes. To handle the problem
1e0  Of classifying imbalanced data, Jeatrakul et al. [30] proposed a method combined Synthetic Minority
10 Over-sampling Technique (SMOTE) and Complementary Neural Network (CMTNN). To learn
11 discriminative representation for imbalanced classification, Huang et al. [7] proposed a deep learning
12 framework through quintuplet instance sampling and the associated triple-header hinge loss. Yan et
13 al. [32] proposed a learning framework to improve multimedia data classification, in which CNNs are
1« integrated with a bootstrapping sampling algorithm which creates a set of balanced training batches,
155 each with a few positive instances. Most of these methods can be classified as natural extensions to
16 traditional algorithms to handle imbalanced data classification. In this paper, we focus on tackling the
157 problem of imbalanced data classification based on ensemble learning, combined with deep learning.

http:/ /image-net.org/challenges/LSVRC/2014/
2 http://image-net.org/challenges/LSVRC/2015/ and

http://mscoco.org/dataset/#detections-challenge2015
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e 1.3. Ensemble Learning

150 Ensemble Learning is a hot topic in machine learning. In machine learning, an ensemble contains
160 a number of learners which are commonly called base learners. Base learners are also referred as
11 "week learners”, for they are usually slightly better than random guess. Ensemble learning utilize a set
162 Of learning algorithms to obtain better classification results than could be obtained from any of the
163 constituent learning algorithms alone. During the train period, multiple classifiers are employed to
1es learn the original dataset respectively in ensemble classification learning to solve the same problem.
165 The results from the trained ensemble will be combined and then used to classify the unknown data.
1es  The functions of single model have high classification performance but have a problem in terms of a
1z fixed a set of parameters, which causes the bias. Reduction of such bias can be obtained through the
16 ensemble learning. A comprehensive review of ensemble learning can be found in [33].

169 As mentioned above, the generalization ability of an ensemble is usually much stronger than that
170 of base learners. Ensemble learning is able to boost week learners to strong learners which can make
i1 very accurate predictions. Thus, ensemble learning is appealing in machine learning. An ensemble is a
12 supervised learning algorithm essentially, for it can be trained and then used to make prediction for
173 unknown data. The performance of ensemble learning depends on the precision of the constituent
1a  classifiers. Although most theoretical analyses work on weak learners, it is notable that base learners
175 used in practice are not necessarily weak since using not-so-weak base learners often results in better
e prediction performance.

177 Ensemble Learning can be mainly categorized into three types as follows:

178 e Bagging

179 Bagging is the abbreviation of "bootstrap aggregating”, which was proposed by Leo Breiman[34]
180 to improve the classification by combining prediction results of models trained independently on
181 randomly generated training sets. That is to say, bagging is a special case of the model averaging
182 approach, involves having each model in the ensemble vote with equal weight.. In order to
163 improve the stability and accuracy, bagging usually trains each model in the ensemble using
184 a randomly drawn subset of the training set. Moreover, the random selection of training set
185 can also reduces variance and helps to avoid overfitting. As an example, the random forest
186 [35] algorithm combines a collection of random decision trees with bagging to achieve high
187 classification accuracy.

188 e Boosting

189 Boosting is a machine learning ensemble meta-algorithm, based on the question: Can a set of
190 weak learners create a single strong learner [36]. It involves incrementally building an ensemble
191 by iteratively training a new model instance to emphasize the training samples which previous
192 models misclassified. Most boosting algorithms consist of iteratively learning weak classifiers
103 with respect to a sampling distribution of the training instances, and adding them to form a
108 final strong classifier. When they are added, they are typically weighted in some way that is
195 usually related to the weak learners” accuracy. To stress the training samples which previous
106 models misclassified, after a weak learner is added, training instances that are misclassified gain
107 weight and training instances that are classified correctly lose weight. Then training instances
198 that previous models misclassified are more prone to be drawn during the period of training
100 for the next weak learner to be added into the ensemble. Although many newer algorithms are
200 reported to yield better results, the most usual implementation of boosting is still Adaboost [37]
201 by far.

202 o Bucket of models

203 A "bucket of models" is a ensemble learning technique in which a model selection algorithm is
204 utilized to choose the best model in a set for each problem. On average, when evaluated across
205 a large of problems, it will typically yield much better results than any model in the bucket.

206 The most common implementation of model selection is Cross-Validation Selection. In order to
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Figure 2. The proposed image classification framework for images acquired from visual traffic
surveillance senso.

207 choose the best model, Cross-Validation Selection try all models int the set with the training data,
208 and pick the one that has the best performance for problems. However, when a set of models
200 is used with a large set of problems, it may be desirable to avoid training some of the models
210 that take a long time to train. To avoid the time consuming training, a meta-learning approach
211 named Landmark learning [38] is often utilized. It involves training only the fast algorithms
212 in the bucket, and then using the performance of these imprecise algorithms to help determine
213 which slow algorithm is most likely to do best for a large set of problems.

214 2. The proposed scheme

215 In this section, we presented the proposed deep learning framework for vehicle type classification
zs  on visual traffic surveillance sensors and the whole framework is showed in Figure 2. First, a balanced
x2z  sampling data augmentation strategy is used to increase the number of samples of rare classes in the
21s  original dataset, which can reduce classification bias and use as much data as possible for training.
210 Then, a set of convolutional neural networks models are trained on the balanced data set, all started
220 from a good initialization (pretrained on ImageNet). Finally, outputs of multiple models are combined
2 together by maximum voting policy according to the predictions of single models. The details of the
222 framework is presented as follows.

Input:

an original imbalanced data set D;

rare classes C = {c1,¢p,-** ,Cm};

train data of rare classes D, = {D1,Dy, -+ ,Dy};
train data of rare classes after sampling D, = @;

an threshold #n;
Output:

an training data set after balanced sampling D’;
fori =0tomdo
223 D; =0
s = size(D;)
s = randperm(n)
forj=0tondo
ind = s[j] mod s
D; = Concat(D;, Dj(ind))
end for
D, = Concat(D,, D,)
end for

D' = (D_Dr)UD;

Algorithm 1: Balanced Sampling
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Figure 3. Balanced sampling

22 2.1. Data augmentation with balanced sampling

To ease problems caused by extreme imbalanced data distribution, we use over sampling with
random shuffling. That is, the size of the minority class is increased randomly by over-sampling.
Nevertheless, since this method replicates existing examples in the minority class, over-fitting is more
likely to occur. To avoid over-fitting, the size of the minority class is increased to a small number,
compared with the size of the majority class in practical application. The details of the proposed
balanced sampling scheme is shown in Fig.3, let Tr = n be a threshold that denotes the size each rare
class will be increased to. For the rare class ¢, firstly a random permutation S = (5[0}, S[1], - - - , S[n])is
generated. Then, we get the actual identity for S[j] with the following equation:

ind = S[j] modn, @

225 where mod denotes the modulo operation. After selecting samples by a random permutation and
22 modulo operations, we get the expanded D; for the rare class c; based on the original data set D;. At
227 last, the samples of all rare classes and the other classes are concatenated and reshuffled. The details of
226 the proposed balanced sampling scheme is presented in Algorithm 1.

20 2.2. Revisiting ResNets

In this subsection, we briefly introduce the ResNets used in this paper. To ease the training of
framework that are substantially deeper than those employed previously, He et al. [29] proposed
a residual learning framework named ResNets. Deep residual networks consist of many stacked
Residual Units as shown in Figure 4. Each unit can be expressed in a general form [39]:

y1 = h(x;) + F(x;, W),

()
xi1 = f(y1),

230 where x; and x; 1 are input and output of the /-th unit, and F is a residual function. In [29], f is a
2 ReLU [40] function, and h(x;) = x; is an identity mapping.

232 For ResNets with units in Figure 4(b) is much easier to train and has a better generalization than
233 the original ResNets in [29], we use ResNets in [39] in this paper.
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Figure 4. (a) Residual Unit in [29]; (b) Residual Unit in [39].
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Figure 5. The framework of our deep CNN ensemble model.
23a 2.3. Deep ensemble model
235 To tackle the imbalanced classification problem for Vehicle Type Classification, we proposed an

23s  deep CNN ensemble model. The deep CNN ensemble contains ResNet-50, ResNet-101 and ResNet-152.
237 Asis shown in 5, the proposed ensemble model comprises three key stages: starting CNN models from
23e good initial parameters, fine tuning network parameters and averaging models. Concretely, firstly
230 all of CNN models in the ensemble are pretrained on ImageNet. Next, the network parameters are
200 refined using MIO-TCD data set enhanced by data augmentation. Finally, the outputs of refined CNN
2a  models are combined together by averaging their predictions.

242 As mentioned above, the proposed ensemble model contains multiple deep learning models.
2a3  Therefore, the initial stage of the ensemble system generates many results for single a image to classify.
2es  The voting process is necessary to decide which class the image belongs to based on votes. In this paper,
2es Maximum majority voting is adopted to classify images based on initial predictions of single models.
245 For the number of models in our ensemble is odd, consequently it doesn’t have to be considered for
2a7  cases with same votes in this paper.
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Table 1. Number of training samples for each category in MIO-TCD Dataset
Category #
Articulated truck 10,346
Background 160,000
Bicycle 2,284
Bus 10,316
car 260,518
Motorcycle 1,982
Non-motorized vehicle 1,751
Pedestrian 6,262
Pickup truck 50,906
Single unit truck 5,120
Work van 9,679
Total 519,164
2es 3. Experiments and results
2e0  3.1. Details of the MIO-TCD classification challenge dataset
250 To demonstrate the effectiveness of our proposed framework, we use the MIO-TCD classification

251 challenge dataset® for testing, which is a large benchmark traffic camera data set with a highly
22 imbalanced data distribution. The dataset consists 648,959 samples in the classification dataset acquired
=3 at different times of the day and different periods of the year by traffic cameras deployed all over
zs  Canada and the United States. Those images have been selected to cover a wide range of challenges
265 and are representative of typical visual data captured in urban traffic scenarios.

256 The classification challenge dataset contains 648,959 images divided into 11 categories, including
a7 Articulated truck, Background, Bicycle, Bus, Car, Motorcycle, Non-motorized vehicle, Pedestrian, Pickup
zs  truck, Non-motorized vehicle, Single unit truck and Work van. The size of training samples is 519,164. The
20 number of training samples for each category is given in Table 1. As is shown in Table 1, number
20 Of samples for each category in MIO-TCD Dataset is in a range between 1,751 and 260,518. Bicycle,
261 Motorcycle and Vehicle categories only contain a small number of training samples, while Background
22 and Car make up the majority.

203 3.2. Evaluation criterion

264 The prime goal of this paper is to introduce a new vehicle type classification scheme on the images
2es acquired from multi-view Visual Traffic Surveillance Sensors. In order to objectively evaluating the
266 performance of the introduced method, we evaluate our approach by the following 6 metrics.

e Precision of each category
TP,

P = —
"= Tp 1+ FP,

o Recall of each category
TP

R D —
i = TP, + NF,

e Accuracy
TP

A pm—
e #o f TestingImages

e Mean Recall
mRe = mean(Rec;)

3 http:/ /tcd.miovision.com/challenge/dataset/
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Table 2. Comparisons of precision for each category on the MIO-TCD Dataset. AT denotes articulated
Truck, MC denotes Motorcycle, NV denotes Non-motorized Vehicle, PT denotes Pickup Truck, SUT
denotes Single Unit Truck, WV denotes Work Van, and BG denotes Background.

Model AT Bicycle | Bus Car MC NV | Pedestrian PT SUT WV BG
ResNet-50 0.8748 | 0.9903 | 0.8135 | 0.9712 | 0.9718 | 0.8971 0.6516 0.9007 | 0.8644 | 0.7158 | 0.9013
ResNet-50-BS | 0.8976 | 0.9930 | 0.8336 | 0.9754 | 0.9717 | 0.9180 0.5211 0.9048 | 0.8845 | 0.6814 | 0.9312
ResNet-101 0.8986 | 0.9923 | 0.8401 | 0.9772 | 0.9828 | 0.9320 0.7387 0.9313 | 0.8915 | 0.7450 | 0.9283
ResNet-101-BS | 0.9314 | 0.9926 | 0.8632 | 0.9809 | 0.9806 | 0.9421 0.6466 0.9469 | 0.9089 | 0.7271 | 0.9315
ResNet-152 0.9050 | 0.9935 | 0.8471 | 0.9781 | 0.9835 | 0.9100 0.7390 0.9336 | 0.8870 | 0.7624 | 0.9368
ResNet-152-BS | 0.9146 | 0.9939 | 0.8424 | 0.9850 | 0.9813 | 0.9287 0.6435 0.9421 | 0.9118 | 0.7403 | 0.9384
DCEM 0.8936 | 0.9923 | 0.8581 | 0.9765 | 0.9820 | 0.9439 0.7812 0.9392 | 0.9124 | 0.7844 | 0.9526
DCEM-BS 0.9115 | 0.9929 | 0.8269 | 0.9811 | 0.9830 | 0.9550 0.7538 0.9718 | 0.9445 | 0.8328 | 0.9679

Table 3. Comparisons of recall for each category on the MIO-TCD Dataset.

Model AT Bicycle Bus Car MC NV Pedestrian PT SUT WV BG
ResNet-50 0.8829 | 0.9939 | 0.8021 | 0.9411 | 0.9722 | 0.8808 0.3288 0.8754 | 0.8973 | 0.7063 | 0.7878
ResNet-50-BS | 0.8469 | 0.9924 | 0.8861 | 0.9383 | 0.9759 | 0.9272 0.5913 0.9048 | 0.8937 | 0.7805 | 0.7655
ResNet-101 0.9076 | 0.9961 | 0.8739 | 0.9636 | 0.9761 | 0.9131 0.4840 0.9093 | 0.9364 | 0.7852 | 0.8390
ResNet-101-BS | 0.8713 | 0.9962 | 0.8949 | 0.9581 | 0.9799 | 0.9212 0.5890 0.9233 | 0.9281 | 0.8266 | 0.8369
ResNet-152 0.9026 | 0.9956 | 0.8827 | 0.9686 | 0.9755 | 0.9192 0.4977 0.9157 | 0.9408 | 0.7898 | 0.8625
ResNet-152-BS | 0.8740 | 0.9955 | 0.8984 | 0.9647 | 0.9809 | 0.9212 0.6142 0.9157 | 0.9287 | 0.8219 | 0.8551
DCEM 0.9192 | 0.9968 | 0.8687 | 0.9655 | 0.9816 | 0.9172 0.4566 0.9176 | 0.9346 | 0.7758 | 0.8456
DCEM-BS 0.9312 | 0.9984 | 0.9037 | 0.9663 | 0.9889 | 0.9010 0.5594 0.9022 | 0.9402 | 0.7898 | 0.8468

e Mean Precision
mPre = mean(Pre;)

e Cohen Kappa Score

_ Po— Pe
1—-rpe
267 where p, is the empirical probability of agreement on the label assigned to any sample (the
268 observed agreement ratio), and p, is the expected agreement when both annotators assign labels
260 randomly [41].
20 3.3. Baselines
2m1 To indicate the effect of the proposed scheme, the state of art deep learning methods ResNet-50,

2z ResNet-101 and ResNet-152 [29] are used. The ResNet-50 trained with balance sampling is denoted as
23 ResNet-50-BS, by analogy to ResNet-101-BS and ResNet-152-BS. We name the proposed method with
2rza DCEM-BS. The comparison experiment results are presented as follows.

275 3.4. Results

276 Table 2 presents comparisons of precision for each category on the MIO-TCD classification
2z challenge dataset. Table 2 indicates that the proposed method DCEM-BS got the best performance
27s  in term of precision for each category as a whole, from comparisons with the baselines. Moreover,
270 networks with balanced sampling got better performances than the others. Table 2 shows that ensemble
20 learning and balanced sampling is effective to improve precision of vehicle classification.

201 Table 3 presents comparisons of precision for each category on the MIO-TCD classification
22 challenge dataset. It indicates that balanced sampling is able to improve the recall for vehicle
2e3  classification obviously, particularly for classes that is not dominant such as Pedestrian and Work
28 VAN

205 We got 0.8844 mean recall, 0.9776 classification accuracy, 0.9201 mean precision, and 0.9651 Cohen
2es Kappa Score on verification data. The performance comparison with other deep learning models
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Table 4. The overall results on the MIO-TCD Dataset

Model Mean Recall | Precision | Mean Precision | Cohen Kappa Score
ResNet-50 0.8244 0.9586 0.8684 0.9354
ResNet-50-BS 0.8639 0.9610 0.8648 0.9392
ResNet-101 0.8713 0.9691 0.8713 0.9520
ResNet-101-BS 0.8841 0.9705 0.8956 0.9540
ResNet-152 0.8773 0.9698 0.8978 0.9531
ResNet-152-BS 0.8882 0.9713 0.8929 0.9553
DCEM 0.8708 0.9723 0.9106 0.9568
DCEM-BS 0.8844 0.9776 0.9201 0.9651

2e7 are shown in 4, which demonstrate the proposed scheme is able to increase mean precision to some
20 extend, compared with the baseline algorithms. Concretely, the proposed DCEM-BS improves the
280 mean precision by more than 2% in contrast to the single models. Moreover, DCEM-BS is better than
200 DCEM in terms of performance, which indicates that our balanced sampling tactic is effective. More
201 results of the proposed scheme can be found in the classification challenge related web page. 4.

202 4. Conclusion

203 To correctly classify vehicle type on images acquired from visual traffic surveillance sensors,
20¢  'We proposed a image classification scheme based on ensemble deep learning. Experiments on the
205  MIO-TCD classification challenge dataset demonstrate that the proposed method is able to increase
206 IMean precision to some extend, compared with the baseline algorithms.
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