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a b s t r a c t 

Recently, autonomous driving has been extensively studied and has shown considerable 

promise. Vision-based dangerous object detection is a crucial technology of autonomous 

driving. In previous work, dangerous object detection is generally formulated as a typi- 

cal object detection problem and a distance-based danger assessment problem, separately. 

These two problems are usually dealt with using two independent models. In fact, vision- 

based object detection and distance prediction present prominent visual relationship. The 

objects with different distance to the camera have different attributes (pose, size and def- 

inition), which are very worthy to be exploited for dangerous object detection. However, 

these characteristics are usually ignored in previous work. In this paper, we propose a 

novel multi-task learning (MTL) method to jointly model object detection and distance 

prediction with a Cartesian product-based multi-task combination strategy. Furthermore, 

we mathematically prove that the proposed Cartesian product-based combination strategy 

is more optimal than the linear multi-task combination strategy that is usually used in 

MTL models, when the multi-task itself is not independent. Systematic experiments show 

that the proposed approach consistently achieves better object detection and distance pre- 

diction performances compared to both the single-task and multi-task dangerous object 

detection methods. 

© 2017 Published by Elsevier Inc. 

 

 

 

 

 

1. Introduction 

In the real-world transportation system, the host car is usually surrounded by lots of moving vehicles and pedestrians.

They obstruct free driving of the host and even cause potential dangers of collision. Accurately and promptly detecting

dangerous objects is extremely important for preventing traffic accidents in autonomous driving. It has been widely studied

by many researchers recently. 

Dangerous object detection aims to identify the potentially dangerous objects for drivers. Major dangerous objects include

vehicles and pedestrians within the vehicle safety distance, which may cause a collision with the host vehicle. Based on dif-
� Fully documented templates are available in the elsarticle package on CTAN. 
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ferent input signals, the common dangerous object detection methods are classified into two types: general sensor-based and

vision-based dangerous object detection methods. Sensor-based dangerous object detection systems generally use a variety 

of sensors, such as radars [30] , lasers and sonars [39] , to detect surrounding obstacles. Owing to the great environmental

perception capabilities of sensors, the sensor-based dangerous object detection systems achieve excellent performance and 

have been widely applied in autonomous driving [12,15,29] . For example, Google Car and Baidu Car use a rotating light

detection, ranging (LIDAR) scanners [4] and several radars to obtain the surrounding environment information [9,26] . Sheu

et al. [32] uses smart antennas to collect surrounding information and build a distance awareness system for warning drivers

dangerous objects. However, laser and radar sensors are too expensive to realize large-scale applications, and they have a

limited capacity to recognize object categories. Therefore, visual information is essential for practical autonomous driving

systems. Inspired by human visual perception, vision-based dangerous object detection system uses images captured by an

on-board camera to directly detect dangerous objects [40] . In contrast to laser and radar sensors, cameras are not only

cheap but also able to capture more traffic information including object categories, object distance, traffic signs and signals

[6,8] . At present, vision-based dangerous object detection is drawing more and more attentions and has shown considerable

promise in practicability. In this paper, we focus on vision-based dangerous object detection, especially on the detection and

distance prediction of vehicles and pedestrians. 

In previous work, vision-based dangerous object detection is usually formulated as a typical object detection problem and

a distance-based danger assessment problem [22,31,33,41] . They are separately dealt with using two independent models.

The distance-based danger assessment problem is solved by some distance measurement sensors such as RGB-D cameras

[31,41] , LIDARs [3] and radars [8] . The object detection problem is commonly solved by machine learning methods, among

which a typical method is usually composed of proposing regions, extracting features of the proposed regions, and object

recognition [7,11,23,38,45] . Liu et al. [21] and Redmon et al. [28] propose a kind of end-to-end object detection methods

to improve detection speed. It integrates the proposing regions, extracting features and recognizing objects into a model

to directly detect objects. These methods, whether end-to-end or traditional methods, can be naturally used for detecting

objects in autonomous driving, which have been verified on the actual autonomous driving dataset, such as KITTI [10] . 

In fact, vision-based object detection and distance prediction present prominent visual relationship due to the sight

distance. For instance, small detected objects are generally distributed in the far field of view as shown in Fig. 1 (b), while

the object closer to the camera usually occupies more visual fields, which means that it covers more pixels of an image as

Fig. 1 (a) shows. In addition, the objects in an image show different poses due to the camera angle as Fig. 1 (c) and (d) shows.

Therefore, the object distance to the camera will affect its attributes (pose, size and definition). Obviously, these object

attributes are quite valuable to recognize object. However, they are much ignored in previous work that separately deals

with object detection and distance prediction tasks. Therefore, simultaneously modeling the object detection and distance

prediction tasks in one model will probably improve the performance of dangerous object detection. 

Multi-task learning (MTL) is one of the most well-known techniques for simultaneously dealing with multiple tasks,

which can exploit the shared information of multiple related tasks and improve the performance of each other [1] . This

statement has been proven both empirically and theoretically [2,25] . For computer vision, MTL techniques have many im-

portant and realistic applications, such as pose estimation [42] , action recognition [46] , face detection [43] , facial landmark

localization [44] , and achieve great successes. A typical MTL method linearly combines the objectives of multiple tasks to

jointly model them. Although the linear combination way can exploit the shared information of the related tasks from the

input data, it much ignores the correlations of multi-task itself. 

In this paper, we propose a convolutional neural network (CNN)-based MTL method to jointly model object detection

and distance prediction. In order to facilitate the distance prediction task, we transform the distance regression problem

into a classification problem by discretizing continuous distance. We further propose a joint optimization objective for the

proposed model according to the Cartesian product of object categories and distance classes. A CNN similar to single shot

multiBox detector (SSD) is used to optimize the proposed objective that simultaneously takes both object detection and

distance classification into consideration. In addition, we mathematically prove that the proposed Cartesian product-based

multi-task combination outperforms the linear multi-task combination when multi-task itself is not independent. 

The main contributions of the paper are as following: 

• First, we present the MTL mechanism for dangerous object detection, which can capture the visual relationship between

object detection and distance prediction. To the best of our knowledge, it is the first attempt to use a MTL model to

simultaneously deal with object detection and distance prediction tasks. Systematic experiments on the KITTI dataset

show that the proposed MTL model achieves the improved performance of 2.27% over the representative single shot

Multi-box detection (SSD) [21] , which is the state-of-the-art model for fast object detections. 

• We propose a novel Cartesian product-based multi-task combination strategy (CP-MTL) for MTL to jointly model the

object detection and distance prediction tasks. The proposed CP-MTL further improves the detection performance (3.01%

improvement over SSD). 

• We mathematically prove that the Cartesian product-based multi-task combination strategy outperforms the linear multi- 

task combination that is usually used in MTL models. The linear multi-task combination strategy is a special example of

the Cartesian product-based multi-task combination strategy under the condition that multiple tasks are independent.
The Cartesian product-based multi-task combination strategy considers the dependent of multiple tasks. 
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(c) (d)
Fig. 1. The cars with different distances and poses. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The paper is organized as follows. Section 2 gives a brief review of related studies. In Section 3 , we give the problem

formulation and introduce two objective combination strategies of multi-task learning. Section 4 describes the structure of

the proposed model. In Section 5 , systematic experiments are compared and discussed. Finally, a conclusion and acknowl-

edgments are given. 

2. Related work 

In autonomous driving, vision-based dangerous object detection is usually formulated as a typical object detection prob-

lem and a distance-based danger assessment problem. Multi-sensor fusion is a common method, by fusion the distance

information measured by lidar sensors and visual information captured by cameras. Fusion multimodal data from different

sensors is a challenge [16] . Liu et al. studies the fusion of tactile sense and visual sense for object recognition [18–20] . 

For dangerous object detection, the distance-based danger assessment problem can be solved by distance prediction

methods. There are two kinds of approaches to predict distance: direct methods [27,35,37] and indirect methods. The direct

method uses sensors to achieve distances of objects directly. For example, [37] uses lidars to directly achieve distance, stereo

vision sensors to detect objects, then fuses the two kind of multimodal data form lidars and cameras. The directly achieved

distance methods are simple but add cost. The indirect method predicts distance using vision-based methods. For example,

Mobileye [36] uses geometric relationship of the road and vehicles in images to predict distances of vehicles. It works well

for objects at front and rear, but does not work well for the cluttered road situations such as high-curvature roads [14] . Liu

et al. [17] uses CNN and continuous conditional random field to predict depth of a single image along with large computing.

In this paper, we study multi-task learning (MTL) for the vision-based distance predict method, which aims to improve the

precision and increase the predict speed. MTL aims to learn related problems together by sharing information. 

In computer vision community, many researchers have attempted to adopt multi-task learning methods. Yim et al.

[42] proposes a multi-task model for face recognition, Zhang et al. [44] also uses the multi-task learning for facial land

mark detection, and Zhou et al. [46] recognizes action by sharing information among multiple related tasks. In this paper,
Please cite this article as: Y. Chen et al., Multi-task learning for dangerous object detection in autonomous driving, Infor- 
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Fig. 2. The structure of the traditional LC-MTL and the proposed CP-MTL. (a) is the traditional LC-MTL structure based on linear multi-task combination. 

(b) is the structure of the proposed CP-MTL with Cartesian product-based multi-task combination. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

we propose a novel multi-task model by a Cartesian product-based multi-target combination strategy. The proposed model

differs in that it can consider the dependence among related tasks. 

3. Multi-task learning 

3.1. Problem formulation 

Dangerous object detection in autonomous driving consists of object detection and distance prediction. Object detection

is usually expressed as a classification task, namely we can detect objects by classifying the proposed regions. In vision-

based dangerous object detection, the distance prediction can be expressed as a regression problem. Due to the non-linear

variation of the sight distance, it is very difficult to accurately predict continuous distance. In this paper, we transform

the distance prediction problem into a classification problem, through discretizing continuous distance variables. The object

detection problem and distance prediction problem are respectively denoted as c and d . For an image, the goal of dangerous

object detection is to minimize the loss of all tasks, including c and d . MTL is one of the most popular techniques for dealing

with related multiple tasks. MTL can exploit the shared information of the input image to jointly optimize multiple tasks,

improving the performance of each other. In this paper, we propose a novel multi-task learning method to jointly model

object detection and distance classification. 

3.2. Linear multi-task combination 

The common MTL methods generally use a linear multi-task combination (LC-MTL) strategy, which is a weighted linear

combination of the multiple objective functions, to jointly model the multiple tasks [44] , as follows: 

L c+ d = α · L c + (1 − α) · L d , (1) 

where L c and L d are the objective functions of task c and d , respectively. And α specifies the relative importance of each

task which can be experimentally chosen. 

Convolutional Neural Network (CNN) is a widely-embraced representation learning technique, which has a powerful abil-

ity to exploit the shared feature representation of multiple tasks. At present, CNN has been widely used in multi-task learn-

ing and achieved satisfied performance. For the object recognition c and object distance classification d , CNN can be used to

jointly model them, as shown in Fig. 2 (a). Given an input image x ∈ � 

m ×n 
+ , through the shared model parameters, CNN can

simultaneously compute the probabilities of object recognition and distance classification. 

We define y c as a category of an object and y c ∈ { c 1 , c 2 , . . . , c p } 1 ×p , where p is the number of object categories. Then the

probability p(y c = c i | x ) of the image x belonging to the i th category can be calculated by a softmax function: 

p( y c = c i | x ) = softmax ( z c ) = 

exp ( z i c ) ∑ p 
j=1 

exp ( z j c ) 
, (2) 

where z c is the output of the last fully connected layer in CNN for the task c and its j th element is denoted as z 
j 
c . 

z c = cnnfw (x ) , z c ∈ � 

p×1 

where cnnfw denotes multiple convolution operations. For the classification with multiple categories, a typical objective 

function is the cross entropy loss: 

L c = y c · log (p( y c = c | x )) . (3) 
i 
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In the same way, we denote y d ∈ { d 1 , d 2 , . . . , d p } 1 ×q as a category of an object distance, where q is the number of object

distance categories. The probability of the image x belonging to the j th category is p(y d = d j | x ) = softmax ( z d ) . And its

objective function is formulated as: 

L d = y d · log (p( y d = d j | x )) . (4)

In dangerous object detection, the object detection and the distance prediction tasks are all very important. We set they

have the same importance: α = 0 . 5 . Then we rewrite Eq. (1) as: 

L c+ d = 0 . 5(L c + L d ) , (5)

where the coefficient 0.5 does not affect the optimal solution of the loss function L c+ d . So we can ignore it and get L c+ d =
L c + L d . The equation can be rewritten as the following by combining Eqs. (3) and (4) . 

L c+ d = y c · log (p( y c | x )) + y d · log (p( y d | x )) (6)

With the linear multi-task combination, CNN has the capability of exploiting the shared information from the input images

for the related tasks. However, it totally ignores the dependence between the multiple targets. 

3.3. Cartesian product-based multi-task combination 

To consider the dependence between the targets, we use a Cartesian product-based multi-task combination strategy (CP-

MTL) to jointly model object detection and distance prediction of the proposed regions, shown as Fig. 2 (b). The combined

task is denoted as M = c � d, where � denotes the Cartesian product operator. Concretely, we define y c�d = y c � y d as a cat-

egory of the combined task and y c�d ∈ { c 1 d 1 , c 1 d 2 , . . . c 1 d q , . . . , c i d j , . . . , c p d q } 1 ×pq 
, where pq is the number of the combined

task category. Through the Cartesian product-based multi-target combination strategy, we can translate two classification

tasks with q categories and p categories into one classification with pq categories. 

For a given input image x ∈ � 

m ×n 
+ , CNN computes the probability of the image x belonging to c i d j th category of the

combined task: 

p( y c�d = c i d j | x ) = softmax ( z c�d ) = 

exp (z i j 

c�d 
) 

∑ pq 

k =1 
exp (z k 

c�d 
) 
. (7)

The loss function of the combined task is formulated as: 

L c�d = y c�d · log (p( y c�d = c i d j | x )) . (8)

Then the loss function can be rewritten in a matrix form: 

L c�d = [ c 1 d 1 , c 1 d 2 , . . . , c p d q ] log (P ( y c�d ))) , (9)

where P ( y c �d ) is the probability matrix of categories: 

P ( y c�d ) = 

⎡ 

⎢ ⎢ ⎣ 

p(y c�d = c 1 d 1 | x ) 
p(y c�d = c 1 d 2 | x ) 

. . . 
p(y c�d = c p d q | x ) 

⎤ 

⎥ ⎥ ⎦ 

. (10)

Eq. (9) is a matrix multiplication, the first term is a matrix with size 1 × pq and the second term is a matrix with size

pq × 1. pq entries of the first matrix are multiplied with the corresponding pq entries of the second matrix, and summed to

produce an entry, as follows: 

L c�d = c 1 d 1 · log (p( y c�d = c 1 d 1 | x )) + c 1 d 2 · log (p( y c�d = c 1 d 2 | x )) 

+ · · · + c p d q · log (p( y c�d = c p d q | x )) . (11)

Eq. (11) is the sum of pq entries, and each entry contains a probability p( y c�d = c i d j | x ) , which means the input image x

is belong to c i of task c and d j of task d . If the task c and d are completely independent, we can get: 

p(y c�d = c i d j | x ) = p(y c = c i | x ) · p(y d = d j | x ) . (12)

Then bring Eq. (12) into Eq. (11) to derive: 

L c�d = c 1 d 1 · log (p( y c = c 1 | x ) · p( y d = d 1 | x )) 

+ c 1 d 2 · log (p( y c = c 1 | x ) · p( y d = d 2 | x )) 

+ · · · + c 1 d q · log (p( y c = c 1 | x ) · p( y d = d q | x )) 

+ · · · + c p d q · log (p( y c = c p | x ) · p( y d = d q | x )) . (13)
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Each entry of Eq. (13) contains a log(p(y c = c i | x ) · p(y d = d j | x )) , which can be rewritten as log(p(y c = c i | x ) + log (p(y d =
d j | x )) . Then the loss function of the combined task can be rewritten as: 

L c�d = c 1 d 1 · log (p(y c = c 1 | x ) + c 1 d 1 · log (p(y d = d 1 | x )) 

+ c 1 d 2 · log (p(y c = c 1 | x ) + c 1 d 2 · log (p(y d = d 2 | x )) 

+ · · · + c 1 d q · log (p(y c = c 1 | x ) + c 1 d q · log (p(y d = d q | x )) 

+ · · · + c p d q · log (p(y c = c p | x ) + c p d q · log (p(y d = d q | x )) . (14) 

We find like terms which contain the same variable log ( p ( y )). For example, there are p terms containing log(p(y c = c i | x ) and

the coefficients of these like terms are c i d 1 , c i d 2 , . . . , c i d p . The sum of these coefficients is equal to c i . We find all the like

terms, and sum these coefficients of the like terms, shown as: 

L c�d = ( c 1 d 1 + c 1 d 2 + · · · + c 1 d q ) · log (p( y c = c 1 | x )) 

+( c 2 d 1 + c 2 d 2 + · · · + c 2 d q ) · log (p( y c = c 2 | x )) + 

. . . 

+( c p d 1 + c p d 2 + · · · + c p d q ) · log (p( y c = c p | x )) 

+( c 1 d 1 + c 2 d 1 + · · · + c p d 1 ) · log (p( y d = d 1 | x )) 

+( c 1 d 2 + c 2 d 2 + · · · + c p d 2 ) · log (p( y d = d 2 | x )) 

. . . 

+( c 1 d q + c 2 d q + · · · + c p d q ) · log (p( y d = d q | x )) 

= c 1 · log (p( y c = c 1 | x )) + c 2 · log (p( y c = c 2 | x i )) + · · ·
+ c p · log (p( y c = c p | x )) + · · · + d q · log (p( y d = d q | x )) . (15) 

Then we find that the sum of the first p terms is the objective function of task c and the remaining q terms constitute the

objective function of task d . Therefore, we can obtain the loss function of the combined task: 

L c�d = L c + L d = L c + d . (16) 

Through formula derivation, we prove that the linear multi-task combination is equivalent to the Cartesian product-

based multi-task combination if the two tasks are independent. Otherwise, the proposed Cartesian product-based multi-

task combination outperforms the linear multi-task combination since the proposed method takes the dependency between

multiple tasks into account. For dangerous object detection, the object detection task and object distance classification task

are probably not independent, which may be more suitable for being modeled by the proposed model. 

4. CP-MTL SSD method 

Dangerous object detection contains object detection and assessing of danger with the object distance. Owing to CNN

having the strong capability of learning feature representation, CNN-based object detection methods have achieved satis-

fied performance. Among these methods, single shot multiBox detection (SSD) is one of the state-of-the-art object detec-

tion methods. It directly predicts object bounding boxes and classifies object categories, avoiding complex object detection

pipeline. Compared with other methods, SSD achieves faster detection speed and higher detection accurate. In this paper,

we furthermore improve SSD by incorporating the proposed CP-MTL (Cartesian product-based combination multi-target) 

into the optimization objective. The CP-MTL SSD is capable of simultaneously dealing with the object detection and distance

classification tasks. 

4.1. Model architecture 

Fig. 3 gives an overview of the proposed CP-MTL SSD model. It is composed of multiple hierarchical convolutional layers,

a number of default bounding boxes with different sizes and aspect ratios, and a lot of detections. By convolution operations,

the hierarchical convolution layers can produce a lot of feature maps of different scales and resolutions for an input image.

Each feature map has some default bounding boxes. For a default bounding box, the model regresses the bounding box

and classifies object categories simultaneously, through a detection which contains a full-connected classification layer and

regression layer. 

Multiple hierarchical convolutional layers: Owing to the ability of CNN in transfer learning, especially the transfer of learn-

ing feature, the early convolutional layers usually inherit the trained CNN model in a large scale image dataset, such as VGG

[34] . That means the parameters of the early convolutional layers are initialized with those of a trained high-performance

CNN in advance. The following convolutional feature layers gradually reduce their size for producing different scale feature

maps. For an input image, the multiple hierarchical convolutional layers can produce a lot of feature maps with different

scales. A detection region of a feature map is responsive to a specific area of the input image. Different detection regions in
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Fig. 3. The architecture of CP-MTL SSD. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

multi-scale feature maps are corresponding to different scale areas of the input image. Combining all the detections in the

multi-scale feature maps can cover various object sizes of input images. 

Default bounding boxes: Considering the different shapes of objects, there are a set of default bounding boxes with differ-

ent aspect ratios in each position of a feature map. For a feature map with the size of w × h , if there are k default bounding

boxes in each position, the feature map has w × h × k default bounding boxes in all. A default bounding box with a specific

aspect ratio can be responsive to the area with the same specific aspect ratio of the input image. All the detections for

w × h × k default bounding boxes can cover various shape objects of input images. 

Detections: In the model, each default bounding box is followed by a detection, which consists of a full-connected clas-

sification layer and a regression layer. The classification layer computes probabilities of object categories, namely scores.

While the regression layer predicts offsets between default bounding boxes and ground truth boxes, simultaneously. The

full-connected classification layer and the regression layer share input representations (regions of feature maps surrounded

by default boxes). Due to the larger number of default bounding boxes, the model can produce many detection boxes.

Through non-maximum suppression [24] , the model will predict the final boxes. 

CP-MTL SSD is a variant of SSD. Although they seem to be similar, they have an essential difference. The key difference is

that CP-MTL optimizes the combination targets of object recognition and object distance classification based on the Cartesian

product, while SSD just only optimizes the target of object recognition. 

4.2. Cartesian product-based combination targets 

In order to optimize object detection and object distance prediction simultaneously, we propose a Cartesian product-

based combination of object detection task and distance classification task. In autonomous driving, we focus on the detection

of vehicles and pedestrians. Based on the sizes and shapes of objects, we classify objects into three categories: cars, vans and

pedestrians, denoted as { c 1 , c 2 , c 3 }. Due to the relationship between the distance and the object attributes (pose, size and

definition), we consider the distance category task from two dimensions: the vertical distance and the horizontal distance. 

In driving, vehicles in the same lane or the adjacent lane with the host car have the opportunity to become potential

dangerous objects. So the vertical distance d v from the host car is the main factor used to assess the danger of objects. At

the same time, the vertical distance can affect the sizes and definitions of vehicles and the horizontal distance d h can affect

the poses of vehicles, as shown in Fig. 4 . The variety of object attributes (size, definition and pose) increases the difficulty

of object recognition. So it benefits object recognition to divide a category of objects into different categories according to

their sizes, definitions and poses. 

In this paper, we discuss the distance classification task from two dimensions. We part the image into four regions ac-

cording to the vertical distance and part the space into three regions according to the horizontal distance shown in Fig. 5 (a).

Due to the symmetry of vehicles, the vehicles in the left region are similar to the right ones. So the space can be classified

into 8 categories denoted as { d 1 , d 2 , . . . , d 8 } . And the red one denotes the shortest vertical distance and the most dangerous

category, followed by the yellow one, the green one, and the blue one. 
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Fig. 4. The change of attributes (size, definition and pose) with the distance. (a) shows the change with the horizontal distance, and (b) shows the change 

with the vertical distance. We build the coordinate system relative to the host vehicle. The origin is the camera on the host, the horizontal axis shows the 

horizontal distance to the host vehicle d h , and the vertical axis stands the vertical distance d v . And we divide the space into three regions according to d h 
coordinate and also divide the space into 2 regions according to d v coordinate: the center region ( −a < d h < a meters) where vehicles locate in the front of 

the host), the left region ( d h < −a meters) where vehicles locate in the left of the host and show the right profiles; the right region ( a < d h meters) where 

vehicles locate in the right of the host and show the left profiles, the far region ( d v > b meters), where the vehicle is far from the host and not clear with 

a small size, and the near region ( d v < b meters), where the one is close to the host and clear with a big size. 

Fig. 5. The object categories of the dangerous object detection task based on the Cartesian product combination. (a) The image geographic division accord- 

ing to the distance and the visual angle. (b) The categories of the Cartesian product-based combination target, where (a) is mapped to the two dimensional 

plane (b). (For interpretation of the references to color in this figure, the reader is referred to the web version of this article.) 

Please cite this article as: Y. Chen et al., Multi-task learning for dangerous object detection in autonomous driving, Infor- 

mation Sciences (2017), http://dx.doi.org/10.1016/j.ins.2017.08.035 

http://dx.doi.org/10.1016/j.ins.2017.08.035


Y. Chen et al. / Information Sciences 0 0 0 (2017) 1–13 9 

ARTICLE IN PRESS 

JID: INS [m3Gsc; August 16, 2017;10:53 ] 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Through the Cartesian product-based combination targets, we transform c with 3 categories and d with 8 categories into

one task M c �d , which has 24 categories shown in Fig. 5 (b). Fig. 5 (b) is a two dimensional plane mapped from (a). In Fig. 5 (b),

each divided region is a distance category, and contains all the categories c 1 , c 2 , c 3 of object recognition c . Recognizing the

objects during a given distance category is much easier than recognizing them at all the range of distance. So the new

combined task M c �d means to classify the two difficult classification tasks into a simple classification task. 

4.3. Optimization objectives 

The objective of the combined classification task based on the Cartesian product is shown in Eq. (8) . We extend the

objective to adapt traditional objective of SSD. The loss function of the CP-MTL SSD is a sum of the object localization loss

L loc and the combined classification loss L conf : 

L = L loc + L con f = L loc + L c�d , (17)

where the L loc is the loss function of predicting bounding boxes. L conf is equal to L c �d , which is the objective combination of

the object recognition and distance classification based on the Cartesian product. The overall objective function contains the

objective function of c and d . Therefore CP-MTL can learning object recognition and distance prediction through optimizing

the overall objective function L . 

5. Experiments 

In this section, we comprehensively evaluate the proposed CP-MTL method on dangerous object detection task in au-

tonomous driving. First, we systematically analyze and compare the performances of the multi-task learning and single

task learning methods on dangerous object detection. In addition, we validate the effectiveness of the proposed Cartesian

product-based multi-task combination strategy for MTL through comparison with the linear multi-task combination strategy.

5.1. Dataset 

For an objective evaluation, we use a publicly available dataset, KITTI [10] . It contains more than 40,0 0 0 real trans-

portation images captured by a car driving in European cities. In these images, there are about 16,0 0 0 images containing

categories and position information of objects, which can be used for dangerous object detection. Objects categories cover 8

daily common objects, including cars, vans, trucks, pedestrians, person_sittings, trams, cyclists and misc. But for dangerous

object detection in autonomous driving, we only focus on the detections of cars, vans and pedestrians, and regard other

objects in images as background. Among these objects, there are 56,028 cars, 15,957 pedestrians, and 6214 vans, but the

objects with the size smaller than 25 × 25 pixels will be ignored in our experiments. Obviously, there is a serious imbalance

between these object categories, which increases the difficulty of the detection. 

In experiments, we randomly divide the 16,0 0 0 images into 3 parts: training set, testing set and validating set. Among

them, the training set contains 12,0 0 0 images, the testing sets contains 30 0 0 images and the validating set contains 10 0 0

images. All experimental configures are experimentally chosen according to the performances on the validating set. 

5.2. Evaluation metrics 

We take the average precision (AP) of object detection as the evaluation metric [13] . AP measures the comprehensive

performance, including the recall rate and precision rate of object detection. It is calculated by the area under the precision–

recall curve, and the higher value means the better object detection performance. In addition, we calculate the mean average

precision (mAP) to evaluate the overall performances of different methods. The mAP is the mean value of the APs of different

object categories. 

5.3. Experimental setup 

In this study, we take SSD as the baseline model. At present, SSD is one of the state-of-the-art models for object de-

tection. It is composed of 18 convolutional layers and 5 detectors. The early 13 convolutional layers are initialized using

the Oxford VGG network [34] trained on a large-scale image dataset, and the following 5 convolutional layers are randomly

initialized. The 5 detectors perform detections on the feature maps from the 10th, 15th, 16th, 17th, and 18th convolutional

layers, respectively. And five bounding boxes with different aspect ratios ( { 1 , 2 , 3 , 1 2 , 
1 
3 } ) are detected at each position of the

feature maps. Due to the detection with the multiple shapes, resolutions and scales, detectors can deal with various ob-

jects with different shapes and sizes. The proposed models, whether the CP-MTL or the LC-MTL, are variants of SSD. They

have the same network architectures and configures with SSD. But the key difference is the output target of the detector.

In addition, for the object detection, the proposed CP-MTL and the LC-MTL also take the object distance prediction into

account. Specifically, the CP-MTL uses the Cartesian product-based multi-task combination of object detection and distance

prediction, and the LC-MTL uses the linear multi-task combination. 
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Table 1 

The performances of each object category in each divided regions with the proposed CP-MTL by using hand-designed 

based division and data based division. 

Strategy Categories d 1 d 3 d 2 d 4 d 5 d 7 d 6 d 8 

Hand-designed division Cars 0.900 0.901 0.890 0.891 0.893 0.876 0.711 0.721 

Vans 0.878 0.812 0.772 0.885 0.858 0.899 0.766 0.784 

Pedestrians 0.790 0.703 0.491 0.20 

Data based division Cars 0.901 0.900 0.895 0.893 0.872 0.794 

Vans 0.883 0.900 0.768 0.865 

Pedestrians 0.793 0.622 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For the distance division, first, we divide the whole image into 12 regions as shown in Fig. 5 . Then, we give a distance

label d q to each object in each region according to the horizontal distance and the vertical distance to the camera. In

experiments, we add 8 distance labels (denoted as { d 1 , d 2 , . . . , d 8 } ) to each object category, but for pedestrians we merge

the horizontal divisions since pedestrians have no distinct differences of poses in regions with different horizontal distances.

Therefore, there are only 4 distance labels for pedestrians according to the vertical distance. Finally, we combine the object

categories and the distance labels with the Cartesian product, and obtain the Cartesian product-based multi-task for the

proposed CP-MTL model. 

For each model, we use the mini-batch gradient descent of 32 samples to optimize the networks, and the maximum

epoch is set to 100. A fixed learning rate of 0.001 is used for the first 50 epochs, after which the learning rate decreases with

a scale factor of 0.9. In order to speed up the training, the computation of network is paralleled on a graphics processing

unit. 

5.4. Comparison with different divisions 

This scenario aims to evaluate how the distance division affects the performance of the proposed CP-MTL. In experiments,

we divide the whole image into 12 regions as shown in Fig. 5 which contains 4 hyper-parameters ( a, b 1 , b 2 , and b 3 ). a is

related to the width of the center region and a larger a means a wider center region which affects poses of vehicles. b 1 ,

b 2 and b 3 specify the division according to the vertical distance which affect sizes and definitions of vehicles. Therefore,

a set of appropriate hyper-parameters ( a, b 1 , b 2 , and b 3 ) in a distance division is very important to the dangerous object

detection. In this paper, we choose two strategies of the distance division: a division based on hand-designed and a division

based on data analysis. 

In the hand-designed division, we set a = 2 m, b 1 = 10 m, b 2 = 20 m, and b 3 = 40 m by observing. Table 1 shows the de-

tection results of each object category in each divided region using the first strategy: hand-designed based division. We

find that the proposed CP-MTL has achieved satisfactory performances in most regions, especially in the regions near the

camera. However, in the regions far away from the camera, such as d 7 and d 8 , the performances of object detection are

severely degraded, especially for pedestrians. On one hand, objects far away from the camera cover a few pixels and have

a low resolution. It is very difficult to detect small objects. On the other hand, there are only a few objects in the regions

far away from the camera. It is very difficult to train a model using insufficient data. Moreover, the imbalance of data also

increases the difficulty of object detection. 

In order to alleviate the problem of unbalanced and insufficient data for further improving the performance of CP-TML,

we propose the second strategy: data-based division. We re-divide the input images according to the spatial distribution of

objects. Fig. 6 (b)–(d) shows the spatial distributions of cars, vans and pedestrians, respectively, and Fig. 6 (a) shows the spatial

distributions of all objects. In Fig. 6 , the axis d h indicates the horizontal distance to the camera, the axis d v indicates the

vertical distance to the camera, and the Num indicates to the number of objects in the corresponding region. We observe

that most of objects are concentrated in the regions within 40 m from the camera, and there is a sparse distribution of

objects in the regions far away from the camera. An over-division to the far regions would lead to the unbalanced and

insufficient object data, which probably increases the difficulty of object detection. Therefore, we merge some far regions

for obtaining a relatively uniform distribution of data. Specifically, for car detection, we merge the regions d 5 and d 7 , and

merge the regions d 6 and d 8 . After the merger, we reduce the distance labels of cars to 6. For van detection, we merge the

regions d 1 and d 3 , d 2 and d 4 , d 5 and d 7 as well as d 6 and d 8 , respectively. Finally, we obtain 4 distance labels for vans.

For pedestrian detection, the regions d 1 and d 3 are merged, and the regions d 2 , d 4 , d 5 , d 7 , d 6 and d 8 are merged, which

finally produce 2 merged regions. So there are 2 distance labels for pedestrians. Under the scheme of division, the number

of object categories to be detected by the CP-MTL becomes 12 from the previous 20. 

Table 1 also shows the detection results of each object category in each re-divided region by using the data based division.

Compared with the hand-designed based division strategy, the performances of object detection for the merged regions are

significantly improved with data based division. Table 2 shows the performances of each object category in the whole image

by using the hand-designed based division and the data based division. The data-based division outperforms the hand-

designed division. It mainly owes to the more objects and more uniform distribution of data in the merged regions. This

suggests that the proposed CP-MTL needs more data to be trained and more data would further improve its performance. 
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Fig. 6. The distribution of objects. The uneven data distributions show objects are mainly located in the regions close to the host car. 

Table 2 

The detection performances of each object category in the whole image with the 

proposed CP-MTL by using hand-designed based division and data based division. 

Strategy mAP AP (cars) AP (pedestrians) AP (vans) 

Hand-designed division 0.8261 0.8841 0.7069 0.8873 

Data based division 0.8405 0.8945 0.7292 0.8980 

Table 3 

The detection performances of CP-MTL, LC-MTL and SSD 

with the data-based division strategy. 

Method mAP Cars Vans Pedestrians 

SSD 0.8104 0.8779 0.6741 0.8790 

LC-MTL 0.8331 0.8933 0.8945 0.7113 

CP-MTL 0.8405 0.8945 0.8980 0.7292 

 

 

 

 

 

 

 

 

 

 

 

 

5.5. Comparison with SSD 

In this section, we compare the proposed MTL models (LC-MTL and CP-MTL) with SSD [21] to evaluate how object

attributes associated with distance affect the object detection performance. We choose the data-based division for MTL

models. Compared with the SSD, the proposed CP-MTL and LC-MTL not only deal with the object detection task but also

take the object distance prediction task into account. Table 3 reports the performances of the CP-MTL, LC-MTL and SSD on

KITTI dataset. It can be seen that the proposed MTL models of object detection and distance prediction consistently and

significantly outperforms SSD that only deals with object detection task. The improvement could be attributed to the MTL

being able to exploit the visual relationship between object detection and object distance. 

Although both CP-MTL and LC-MTL optimize the object detection task together with object distance prediction task,

they have a significant difference in the objective of multi-task learning. The LC-MTL uses the linear multi-task combina-

tion strategy to simultaneously handle two classification tasks and the CP-MTL uses the Cartesian product-based multi-task

combination strategy to integrate two tasks into a classification task. From Table 3 we observe a further performance im-

provement (mAP = 0.8331 vs. 0.8405) when using the proposed Cartesian product-based multi-task combination strategy for

MTL. It suggests that the Cartesian product-based strategy is more suitable for the joint modeling of object detection and

object distance. 
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Fig. 7. Snapshots from video detection with CP-MTL model. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Finally, we exhibit an example of real-time dangerous object detection using a video. Fig. 7 shows four snapshots of the

video at t = 1 s, t = 10 s, t = 20 s and t = 30 s, respectively. Compared with other object detection systems, the proposed CP-

MTL not only bounds the object in an image but also gives its danger level according to the predicted object distance, as the

a bounding boxes with different colors, shown in Fig. 7 . The detection system is implemented by MXNET [5] and runs on a

Lenovo computer with a Nvidia Titan X GPU, an Intel i76700k CPU (4.0 GHz) and 32GB RAM. The detection speed reaches

33 fps (frames per second), which is enough fast to deal with general videos with 24 fps. The demo is publicly available at

https://youtu.be/G5tf4O16Jf4 . 

6. Conclusion 

We propose the CP-MTL algorithm for dangerous object detection in autonomous driving. Through Cartesian product-

based multiple-task combination, CP-MTL can simultaneously optimize object detection and object distance prediction to 

exploit the relationship between them, namely the object attributes (pose, size and definition). We mathematically prove

that the proposed Cartesian product-based combination strategy is more optimal than the linear multi-task combination

strategy used in traditional MTL, when the two tasks are not independent. Also, we carry out systematic experiments to

verify that the proposed method outperforms the state-of-the-art SSD object detection method and the traditional MTL

method. 
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