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Artur ZACNIEWSKI 

IMPROVING ACCURACY OF DETECTING DANGEROUS OBJECTS  

WITH DEEP LEARNING 

 

In this article, the problem of detecting dangerous objects with deep learning is presented. Convolutional Neural Networks 

are created with Python language ecosystem (Theano and Keras libraries), and then trained with different number of layers 

and different parameters. Accuracy of detection dangerous objects for artificial Neural Network with smaller number of layers 

is computed and obtained result is improved with deep learning. CIFAR-10 dataset is used due to useful classes included. 

 

INTRODUCTION 

During traffic movement every driver must pay attention to road 
signs, speed limits, other vehicles, pedestrians etc. To help drivers 
many systems of automatic identification have been created. For 
example in [5] real-time road signs detections system based on 
Support Vector Machines (SVM) and Histogram of Oriented Gradi-
ents (HOG) has been proposed. Review of traffic signs detection 
systems has been shown in [8]. 

Automatic identification of objects can be difficult due to many 
reasons - multiple number of permutations of positions, lightning 
and other objects. Neural Networks (NN) and especially Convolu-
tional Neural Networks (CNN) with increasing popularity of Deep 
Learning (DL) are one of the possible ways helping to solve this 
problem. 

1. MATERIALS AND METHODS  

1.1. Convolutional Neural Networks and Deep Learning 

Deep Learning is a one of the fields of Machine Learning, and it 
is concerned with algorithms inspired by the functions and structure 
of human brain called Artificial Neural Networks (ANN). In most 
common ANN neurons are typically organized in layers, such that 
the neurons within a single layer process the outputs of the previous 
layer. The most potent of such architectures (a multilayer percep-
tron or MLP) fully connects all outputs of a layer to all the neurons in 
the following layer, as illustrated on figure 1. 

 

Fig. 1. Example of Neural Network [2] [3] 
 
Convolutional Neural Networks are very similar to ordinary 

Neural Networks. Each neuron receives some inputs, performs 
a dot product and optionally follows it with a non-linearity. The dif-
ference is that the CNN architectures make the explicit assumption 

that the inputs are images, which allows to encode certain proper-
ties into the architecture [2] [3].   

In particular, unlike a regular NN, the layers of a CNN have 
neurons arranged in 3 dimensions: width, height, depth (depth here 
refers to the third dimension of an activation volume, not to the 
depth of a full NN, which can refer to the total number of layers in 
a network). On figure 2a typical NN is presented [6].  

A corresponding CNN presented on figure 2b arranges its neu-
rons in three dimensions (width, height, depth), as visualized in one 
of the layers. Every layer of a CNN transforms the 3D input volume 
to a 3D output volume of neuron activations. In this example, the 
red input layer holds the image, so its width and height would be the 
dimensions of the image, and the depth would be 3 (Red, Green, 
Blue channels) [3]. 

 
a) 

 
b) 

 
Fig. 2. Dimensions of CNN [6]  
a) regular 3-layer NN, b) corresponding CNN  

 
There are three types of layers in a CNN [1]: 

– Convolutional Layers, which are comprised of filters (neurons of 
the layer, which have both weighted inputs and generate an 
output value like a neuron) and feature maps (which are the 
outputs of  filters applied to the previous layer), 
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– Pooling Layers (their task is to down-sample the previous layers 
feature map, they follow a sequence of one or more convolu-
tional layers and are intended to consolidate the features 
learned and expressed in the previous layers feature map), 

– Fully-Connected Layers (they are used at the end of the net-
work after feature extraction and consolidation has been per-
formed by the convolutional and pooling layers. They are used 
to create final nonlinear combinations of features and for making 
predictions by the network) [1]. 

Actually Deep Learning means using CNN which are „deeper”, i.e. 
Convolutional Neural Network that consists of more layers.  

1.2. CIFAR-10 

A standard Computer Vision and Deep Learning dataset for 
problem of identifying objects was developed by the Canadian 
Institute for Advanced Research (CIFAR). This dataset consists of 
60.000 photos divided into 10 classes (hence the name CIFAR-10). 
50.000 images are used to train a model and remaining 10.000 
photos are used to evaluate the performance. Among others there 
are few classes that could be potentially identified as a dangerous 
objects from the traffic movement point of view, for example ‘auto-
mobile’, ‘deer’, or ‘truck’. It makes this dataset very useful for pur-
poses of research in area of detecting objects related to roads and 
road vehicles. Every color image has size 32 x 32 pixels. Exemplary 
slice from CIFAR-10 dataset is presented on figure 3 [7]. 

 

Fig. 3. CIFAR-10 dataset [3] [4] 

1.3. Keras and Theano 

The Python language and its ecosystem have been chosen for 
the purposes of experiments in aforementioned problem. Python is 
a fully featured programming language allowing one to use the 
same libraries and code for model development as one can use in 
production. Unlike Java, Python has the SciPy stack for scientific 
computing and scikit-learn which is a professional grade machine 
library [1]. 

Two of the top numerical platforms in Python that provide the 
basis for deep learning research and development are Theano 
developed by the University of Montreal and TensorFlow developed 
at Google. Both are very powerful libraries, but both can be difficult 
to use directly for creating deep learning models [1] [3] [6].  

The Keras library provides a clean and convenient way to cre-
ate a range of deep learning models on top of Theano or Tensor-
Flow [1]. For the purpose of this article the Theano backend has 
been chosen. 

Considering CNN, the input images in CIFAR-10 are an input 
volume of activations, and the volume has dimensions 32 x 32 x 3 

(width, height, depth respectively). The neurons in a layer will only 
be connected to a small region of the layer before it, instead of all of 
the neurons in a fully-connected manner. Moreover, the final output 
layer would for CIFAR-10 have dimensions 1 x 1 x 10, because by 
the end of the CNN architecture  the full image will be reduced into a 
single vector of class scores, arranged along the depth dimension 
[1] [3].  

On figure 4 an example input volume in red (e.g. a 32 x 32 x 3 
CIFAR-10 image), and an example volume of neurons in the first 
convolutional layer are presented. Each neuron in the convolutional 
layer is connected only to a local region in the input volume spatial-
ly, but to the full depth (i.e. all color channels). There are multiple 
neurons (5 in this example) along the depth, all looking at the same 
region in the input [3]. 

 

 
Fig. 4. Input volume and convolutional layer in CNN [3] 

2. EXPERIMENTS  

The purpose of research is to improve accuracy of detecting 
dangerous objects with deep learning. Results from simple CNN 
were compared with „deeper” version of CNN (with more layers). 

2.1. Input Data 

The dataset is stored as Python pickled training and test sets, 
ready for use in Keras. Each image is represented as a three di-
mensional matrix, with dimensions for red, green, blue, width and 
height. Sample of CIFAR-1 images is presented on figure 5.  

 
Fig. 5. Sample of CIFAR-10 images [3] [6] 

 
The images have been scaled up from their small 32 × 32 size, 

but one can clearly see trucks, horses and cars. One can also see 
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some distortion in the images that have been forced to the square 
aspect ratio [1] [3]. 

2.2. Simple CNN 

Structure with two convolutional layers followed by max pooling 
and a flattening out of the network to fully connected layers to make 
predictions was used in the first part of experiments [1]. Baseline 
network structure is presented on figure 6 and can be summarized 
as follows: 
1. Convolutional input layer, 32 feature maps with a size of 3 × 3, 

a rectifier activation function and a weight constraint of max 
norm set to 3. 

2. Dropout set to 20%. It’s a regularization layer and it is config-
ured to randomly exclude 20% of neurons in the layer in order to 
reduce overfitting. 

3. Convolutional layer, 32 feature maps with a size of 3 × 3, a 
rectifier activation function and a weight constraint of max norm 
set to 3. 

4. Max Pool layer with the size 2 × 2 (its function is to progressive-
ly reduce the spatial size of the representation to reduce the 
amount of parameters and computation in the network, and 
hence to also control overfitting). 

5. Flatten layer - converts the 2D matrix data to a vector called 
Flatten. It allows the output to be processed by standard fully 
connected layers. 

6. Fully connected layer with 512 units and a rectifier activation 
function. 

7. Dropout set to 50%. 
8. Fully connected output layer with 10 units and a softmax activa-

tion function [1] [3]. 
 

What makes it very useful is that the code written in Python is 
clear and almost self-explanatory.  

 
Fig. 6. Input volume and convolutional layer in CNN [1] [3] 

Part of the code necessary to create aforementioned CNN is 
shown on the figure 7. 

 # Create the model 
model = Sequential() 
model.add(Convolution2D(32, 3, 3, input_shape=(3, 32, 32),  
                 border_mode='same', 
             activation='relu',  
                 W_constraint=maxnorm(3))) 
model.add(Dropout(0.2)) 
model.add(Convolution2D(32, 3, 3, activation='relu', 
                  border_mode='same',  
                  W_constraint=maxnorm(3))) 
model.add(MaxPooling2D(pool_size=(2, 2))) 
model.add(Flatten()) 
model.add(Dense(512,  
                  activation='relu',  
                  W_constraint=maxnorm(3))) 
model.add(Dropout(0.5)) 
model.add(Dense(num_classes, activation='softmax')) 
... 

Fig. 7. Creation of CNN with Keras and Python [1] [3] 
 
After 25 epochs achieved accuracy was 69,45%, which was 

quite good result, but could be improved. 

2.3. Larger CNN (deep learning) 

Simple CNN performs poorly on this complex problem. It is 
needed to look at scaling up the size and complexity of trained 
model. An additional round of convolutions with many more feature 
maps can be introduced. One can use the same pattern of Convolu-
tional, Dropout, Convolutional and Max Pooling layers [1].  

This pattern was repeated 3 times with 32, 64, and 128 feature 
maps. The effect was an increasing number of feature maps with a 
smaller and smaller size given the max pooling layers. Finally an 
additional and larger Dense layer was used at the output end of the 
network in an attempt to better translate the large number feature 
maps to class values [1] [3]. A new network architecture can be 
summarized as follows: 
1. Convolutional input layer, 32 feature maps with a size of 3 × 3 

and a rectifier activation function. 
2. Dropout layer at 20%. 
3. Convolutional layer, 32 feature maps with a size of 3 × 3 and 

a rectifier activation function. 
4. Max Pool layer with size 2 × 2. 
5. Convolutional layer, 64 feature maps with a size of 3 × 3 and 

a rectifier activation function. 
6. Dropout layer at 20%. 
7. Convolutional layer, 64 feature maps with a size of 3 × 3 and 

a rectifier activation function. 
8. Max Pool layer with size 2 × 2. 
9. Convolutional layer, 128 feature maps with a size of 3 × 3 and 

a rectifier activation function. 
10. Dropout layer at 20%. 
11. Convolutional layer, 128 feature maps with a size of 3 × 3 and 

a rectifier activation function. 
12. Max Pool layer with size 2 × 2. 
13. Flatten layer. 
14. Dropout layer at 20%. 
15. Fully connected layer with 1,024 units and a rectifier activation 

function. 
16. Dropout layer at 20%. 
17. Fully connected layer with 512 units and a rectifier activation 

function. 
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18. Dropout layer at 20%. 
19. Fully connected output layer with 10 units and a softmax activa-

tion function [1]. 
 

Due to large size, figure similar to figure 6 was not printed. Af-
ter 25 epochs accuracy for the final model was about 78,81%, which 
was about 10% better than for the simpler model. Time needed to 
perform computations increased about 40% in comparison with 
simpler network. 

SUMMARY 

Promising results were achieved on this difficult problem, but it 
is still a good way from achieving world class results. The best result 
so far is 96,53% achieved by Graham [4]. Below are some ideas 
that one can try to extend upon the model and improve model per-
formance: 
– Train for more epochs. Each model was trained for a very small 

number of epochs. It is common to train large convolutional neu-
ral networks for hundreds or thousands of epochs. It is expected 
that performance gains can be achieved by significantly raising 
the number of training epochs [1] [3]. 

– Image Data Augmentation. The objects in the image vary in 
their position. Another boost in model performance can likely be 
achieved by using some data augmentation. Methods such as 
standardization and random shifts and horizontal image flips 
may be beneficial [1] [7]. 

– Deeper Network Topology. The larger network presented is 
deep, but larger networks could be designed for the problem. 
This may involve more feature maps closer to the input and 
perhaps less aggressive pooling. Additionally, standard convolu-
tional network topologies that have been shown useful may be 
adopted and evaluated on the problem [1] [3]. 
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Poprawa skuteczności wykrycia niebezpiecznych obiektów 
przy użyciu technik deep learning 

W artykule przedstawiono problem detekcji niebezpiecz-

nych obiektów przy użyciu technik deep learning. Konwolu-

cyjne sieci neuronowe tworzone są przy pomocy bibliotek 

języka Python takich jak Keras i Theano, a następnietreno-

wane są przy różnej liczbie warstw i z różnymi parametrami.  

Skuteczność detekcji niebezpiecznych obiektów dla małej 

liczby warstw sztucznej sieci neuronowej jest obliczana, a 

uzyskany wynik jest ulepszany przy użyciu technik deep lear-

ning. Zbiór danych CIFAR-10 został wykorzystany w bada-

niach z powodu dużej użyteczności występujących w nim klas. 
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