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Abstract 

In the last decades camera systems have continuously evolved and have 

found wide range of applications. One of the main applications of a 

modern camera system is surveillance in outdoor areas. The camera 

system, based on local computations, can detect and classify objects 

autonomously. However, the distance of the objects from the camera 

plays a vital role on the classification results. This could be specially 

challenging when lighting conditions are varying.  

Therefore, in this thesis, we are examining the effect of changing dis-

tances on object in terms of number of pixels. In addition, the effect of 

distance on classification is studied by preparing four different sets. For 

consideration of high signal to noise ratio, we are integrating thermal 

and visual image sensors for the same test in order to achieve better 

spectral resolution. In this study, four different data sets, thermal, visu-

al, binary from visual and binary from thermal have been prepared to 

train the classifier. The categorized objects include bicycle, human and 

vehicle. 

Comparative studies have been performed in order to identify the data 

sets accuracy. It has been demonstrated that for fixed distances bi-level 

data sets, obtained from visual images, have better accuracy. By using 

our setup, the object (human) with a length of 179 and width of 30 has 

been classified correctly with minor error up to 150 meters for thermal, 

visual as well as binary from visual. Moreover, for bi-level images from 

thermal, the human object has been correctly classified as far away as 

250 meters. 

 

Keywords: MATLAB, image processing, surveillance, image classifica-

tion, segmentation, bag of words, thermal, visual, black and white 
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1 Introduction 
1.1 Background and problem motivation 

 

In an ordinary surveillance application that is vision based, static cam-

eras are typically used to monitor a scene. In these applications detect-

ing an object accurately is an important task. Also background subtrac-

tion plays a significant role in these applications. Numerous statistical 

background modeling techniques, including the single Gaussian model, 

Gaussians mixture model (GMM), and the non-parametric data driven 

kernel density estimation, have been introduced. However, in terms of 

robustness, object detection algorithms in electro-optical imagery are 

usually subject to several challenges that commonly occur in outdoor 

environments, such as, sudden illumination change, shadows, and poor 

illumination in nighttime. Thermal cameras traditionally used by the 

military, offer an obvious advantage over outdoor surveillance. Thermal 

video cameras detect relative differences in the amount of thermal 

energy emitted from objects at the scene. As long as the thermal proper-

ties of a foreground object are different from the background radiation, 

the corresponding region in a thermal image appears at a contrast from 

the environment. Therefore thermal cameras can be equally applicable 

to both day and night scenarios [1]. 

 

The main challenge for thermal, visual or other surveillance applications 

that have been developed is that it should be monitored by staff. Exam-

ples of such system are CCTVs and emergency buttons. 

 

Through innovation in information technology in the past decades, 

smart cameras have been introduced to the market. With the help of this 

technology, an object can be detected and the information transferred 

autonomously. The camera can act based on information received for 

surveillance purposes [2]. 

 

 

1.2 Scope 

This thesis studies ,classification of images such as a bicycle, a human 

and a car by using four image data sets, thermal, visual, binary from 
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visual and binary from thermal. Moreover, number of pixels for the 

object with a height of 180 cm and width of 30 cm, placed at 12 different 

distances, has been calculated. Additionally, the effect of distance on 

image classification has been discussed. 

1.3 Concrete and verifiable goals  

The objectives to be achieved are briefly summarized as follows:  

 Prepare four image data sets, binary from visual, binary from 

thermal, thermal and visual for classification of images of a bicy-

cle, a human and a car. Also the accuracy of classification of each 

set has been calculated in Matlab. 

 Use captured images of the object at different distances in order 

to calculate the number of pixels for the occupied object in 

Matlab. 

 Discuss the effect of the classification on the object at different 

distances in Matlab. 

1.4 Outline 

The report is structured into different chapters as follows: 

Chapter 2: This chapter is a brief introduction to related works and 

describes main theories. 

Chapter 3: This chapter illustrates the methodology behind the thesis.  

Chapter 4: This chapter demonstrates the way the code has been imple-

mented. 

Chapter 5: The results are presented in this chapter.   

Chapter 6: This chapter discusses the results as well as depicts the 

problems. 

Chapter 7: This chapter discusses and sums up all the chapters of the 

thesis. 

Chapter 8: The final chapter discusses the possible future work on the 

thesis work. 
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2 Related Work and Theory 
2.1 Related Work  

In recent years, governments worldwide are more and more careful 

regarding human safety. In certain locations, sensors and CCTV video 

surveillance systems have been installed to minimize safety hazards. It 

is inconceivable and not practical to have people working in security 

monitoring thousands of cameras at the same time. Alstom Transport 

located in Montreal, Canada, is attempting to enhance image processing 

software for security system operators, so that the system can be man-

aged more efficiently [1].  

Moreover, at Bagshot on the Midland Highway in northeast of Bendigo 

in Victoria, Australia, there is a railway level crossing road safety cam-

era. It works almost the same way as digital speed red-light intersection 

cameras and monitors both speed and red-light. When the camera 

detects an incident, readings are received from both the primary and 

secondary Speed Measurement Device (SMD) for comparison and 

verification. Afterwards the encrypted camera data will be sent to two 

trained verification staff [4]. 

Although smart cameras can detect an object, the range in which they 

identify it correctly plays a major role. As an example, if an object is on 

the railway, the approaching train needs to be notified as soon as possi-

ble to reduce the risk of an accident. However, the distance of the object 

can have an impact on the classification of the object.  

 

 

Figure 1 Intelligent video surveillance [5] 
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The examples above show the importance of surveillance systems. The 

system examined in this thesis is based on using two cameras, visual 

and thermal. In the following section the theories and technologies that 

have been studied to reach the goal will be discussed. 

2.2 Theory  

2.2.1 Image Processing  

Image processing is a method used to convert images into a digital 

pattern and implement mathematical operations in order to extract the 

needed information. It is one of the rapidly growing technologies today, 

with its applications in various fields. It can be used for medical, securi-

ty and many other purposes. The main research of image processing is 

within engineering and computer science. Mostly, data captured from 

imaging sensors is flawed, and to get a good output it needs to go 

through plenty of processing. The three major techniques are pre-

processing, enhancement and display as well as information extraction 

[6]. 

2.2.2 Image Registration  

Image registration is the process of implementing transformations on a 

captured image. The challenging part of image registration is that if the 

images are captured under different conditions or with different optics, 

misalignment may occur. The key to image registration processing is to 

map the locations in one image to a new location in another image and 

finding the right geometric transformation parameters. One of the 

advantages of image registration is that it allows you to compare shared 

features in several images. For instance, you can find out how a river 

has migrated or how an area became flooded [7]. 

2.2.3 Feature Detection  

In image processing the concept of feature detection is to do algorithms 

on each point (pixel) of the image. Hence, by the information provided, 

it decides whether or not an image feature exists at the particular point. 

If the input data is redundant to the expected output, feature extraction 

uses it to transform the input into a reduced set of features, for better 

illustration. 
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There are three commonly used feature detection algorithms: SIFT, 

PCA-SIFT and SURF. 

1- SIFT:  

Scale Invariant Feature Transform (SIFT) established by David Lowe 

(1999, 2004) as an image descriptor for image-based matching as well as 

recognition. It can be used for many things in the area of computer 

vision. The SIFT descriptor remains unaffected by rotation, scaling and 

transformation in the image. It has been proven that SIFT is very useful 

in practice for image matching and object recognition in real-world 

situations [8]. 

In its original formulation, the SIFT descriptor contained a technique for 

detecting the point of interests from a grey-scale image at which statis-

tics of local gradient directions of image intensities were accumulated to 

give a short explanation of the local image structures in a local neigh-

borhood around each interest point, with the intention that this de-

scriptor was going to be used to match corresponding interest points 

between various images. Moreover, the SIFT descriptor has also been 

applied at dense grids (dense SIFT), which has shown to improve tasks 

like categorizing objects, texture classification, image alignment as well 

as biometrics. The SIFT descriptor has also been extended from grey-

level to color images and from 2-D spatial images to 2+1-D spatio-

temporal video [8].  

 

2-PCA-SIFT:  

Ke and Sukthankar (2004) proposed another method for defining local 

image descriptors. It is similar to the SIFT descriptor in the sense that it 

detects points of interests with related scale approximations from scale-

space extrema and performs orientation normalization from peaks in a 

local orientation histogram, but different in terms of the actual image 

measurements underlying the image descriptors. Rather than compu-

ting gradient orientations, they first compute local maps of the gradient 

magnitude over local patches around the interest points [8]. 
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                                                             |𝜵𝑳| = √𝑳𝟐𝒙 + 𝑳𝟐𝒚 

Equation 1 

To achieve scale invariance, the local patch for each interest point is 

changed to a scale normalized 39×39 reference frame common to all 

interest points. These local patches are then oriented with regards to a 

main image orientation to achieve rotational invariance. Normalization 

to unit sum is also performed to achieve local contrast invariance [8].  

These local gradient maps are then projected to a lower-dimensional 

subspace (with 20 dimensions) with the use of principal component 

analysis (PCA). Thus, given a precise interest point, the corresponding 

gradient map is calculated, and later, contrast normalization projected to 

the lower-dimensional subspace. Afterwards, these local image de-

scriptors are matched by minimizing the Euclidean distance. From 

experimental results, Ke and Sukthankar argued that PCA-SIFT is both 

faster and more distinctive that the regular SIFT descriptor [8].  

3-SURF:  

Bay et al. (2006, 2008) has proposed the SURF descriptor. In the sense of 

feature vector derived from receptive-field-like responses in a 

neighborhood of an interest point it is indeed related to the SIFT 

descriptor. However, the SURF descriptor is different in the following 

respects [8]:  

 It is based on Haar wavelets instead of derivative approximations 

in an image pyramid [8], 

 The interest points constitute approximations of scale-space ex-

trema of the determinant of the Hessian instead of the Laplacian 

operator [8], 

 The entries in the feature vector are computed as sums and abso-

lute sums of first-order derivatives (∑Lx, ∑|Lx|, ∑Ly, ∑|Ly|) in-

stead of histograms of coarsely quantized gradient directions [8].  

In the experiment, the SURF operator leads to performance comparable 

to the SIFT operator. Because of the implementation in terms of Haar 

wavelets, the SURF operator is, however, faster [8].  
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2.2.4 Image Segmentation 

The two major problems that computer vision is facing, are image 

segmentation and object recognition, which have usually been dealt 

with using a strict, bottom-up ordering. The process of separating a 

digital image into several meaningful parts is called image segmenta-

tion. The segmentation is based on measurements taken from the image 

which might be grey level, color, texture, depth or motion. The result of 

image segmentation is the set of segments that together make the entire 

image [9]. All pixels in the same area are similar in respect to some 

specifications, such as color, intensity, or texture. Adjacent regions vary 

with respect to the same characteristics. The first step in image analysis 

is to segment an image based on discontinuity detection technique 

(Edge-based) or detection technique (Region-based). In discontinuity 

detection technique, one method is to divide an image based on unex-

pected changes in intensity near the edges; this is known as Edge-based 

segmentation. In similarity detection technique, region based segmenta-

tion divides an image into areas that are alike according to a set of 

defined conditions. Region-based segmentation looks for uniformity 

within a sub-region, based on a desired property, e.g., intensity, color, 

and texture [10].  

 

 

2.2.5 Image filtering  

Image filtering allows the user to use several effects or enhance the 

photos. One of the filtering techniques is median-filtering and mean-

filtering, which is widely used. A Mean Filter is a filter which takes the 

average of the current pixel as well as its neighbors. The median filter 

does the same, but, instead of taking the mean or average, it takes the 

median. The median is calculated by organizing all the values from low 

to high, and taking the value in the center. If there are two values in the 

center, the average of the two values will be taken. To remove salt and 

pepper noise, the median filter gives better results, because it 

completely eliminates the noise. With an average filter, the color value 

of the noise particles are still used in the average calculations, when 

taking the median you only keep the color value of one or two well 

pixels. However, the median filter also decreases the image quality [11]. 
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If the neighborhood under consideration contains an even number of 

pixels, the average of the two middle pixel values will be used. The 

following figure illustrates an example of this calculation. It shows that 

the central pixel value of 150 is rather unrepresentative of the 

surrounding pixels and it is replaced by the median value: 124. A 3×3 

square neighborhood is used here. Larger neighborhoods will produce 

more severe smoothing. In the field of image filtering, there is one other 

technique that is used called zero padding. In this technique the image 

is padded with zero value at the edges [11]. 

 

 
 

Figure 2 Median filtering [11] 
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2.2.6 Image Classification Bag of Features (Words) Model 

 

 

Figure 3 Bag of features (words) [12] 

Bag of features or bag of words is one of the ways of categorizing 

images by treating them as a collection of areas, describing only their 

appearance. The main idea is to quantize each extracted key point into 

one visual word, and then represent each image by a histogram of the 

visual words [13]. 

 

Generally, for this purpose, a clustering algorithm (e.g., K-means) is 

used in order to generate visual words. Clustering is the process of 

inserting objects in a group so that objects with same features is in one 

group. There are few algorithms used for this purpose, K-means is the 

most frequently used. 

 

K-means clustering is a method for partitioning. It will divide data into 

mutually exclusive clusters. It returns an index of the cluster that it has 

assigned each observation. The difference between K-means clustering 

and other types, such as hierarchical, is that K-means operates on actual 

observations (rather than a larger set of different measures) and creates 

a single-level cluster. For larger amounts of data, K-means clustering is 

usually more suitable than hierarchical clustering [14]. 

 

At high level, the process of making a Bag of Features image representa-

tion is as follows:  

 

Build Vocabulary: All features from all images in a training set will be 

extracted. Vector quantize, or cluster, these features into a “visual vo-

cabulary,” where each cluster represents a “visual word” or “term.” In 
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some works, the vocabulary is called the “visual codebook.” Terms in 

the vocabulary are the codes in the codebook [15].  

 

Assign Terms: Extract features from a novel image. Use the support 

vector machine method (SVM) or a related strategy to assign the fea-

tures to the closest terms in the vocabulary [15].  

  

Generate Term Vector: Record the counts of each term that appears in 

the image to create a normalized histogram representing a “term vec-

tor.” This term vector is the Bag of Features representation of the image. 

Term vectors may also be represented in ways other than simple term 

frequency [15].  

 

 

2.2.7 Performance of the Classifier 

 

In order to evaluate the performance of the classifier a confusion matrix 

is used [15]. The confusion matrix shows the number of correct and 

incorrect predictions made by the classification model compared to the 

actual outcomes (target value) in the data. The matrix is NxN, where N 

is the number of target values (classes). The performance of such models 

is commonly evaluated using the data in the matrix. When accuracy has 

a value near to 1, the performance of the classifier is optimal. However, 

the performance reduces for values near to 0. Table 1 Confusion matrix 

[15] displays a 2x2 matrix for two classes (Positive and Negative). 

 

 
Table 1 Confusion matrix [15] 

The parameters of the table are as follows [15]: 

Accuracy: the proportion of the total number of predictions that was 

correct. 
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Positive Predictive Value or Precision: the proportion of positive cases 

that were correctly identified. 

Negative Predictive Value: the proportion of negative cases that were 

correctly identified. 

Sensitivity or Recall: the proportion of actual positive cases which are 

correctly identified.  

Specificity: the proportion of actual negative cases which are correctly 

identified.  
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3 Methodology/Model 
 

Figure 4 illustrates the overall stages required to reach the goal of the 

thesis. The overall task has been divided into two parts. 

The first part is “Classification Using Bag of Features” which includes 

preparing four different data sets, in order to train the classifier for 

identifying bicycle, car and human. Furthermore, the accuracy of each 

set has been calculated. 

The second part is “Number of pixels at different distances and its effect 

on classification”, which includes image acquisition, pre-processing, 

image registration as well as masking and object extraction. In this part, 

images have been captured from object at each 25 meters up to 250 

meters. Moreover, the effect of distance on image classification has been 

discussed. For this purpose four different set has been prepared. In this 

chapter, each module will be discussed and the implementation will be 

further described. 
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Figure 4 Overall System 

 

 

  

3.1 Classification Using Bag of Features 

 

3.1.1 Image Acquisition  

Two different cameras have been used in this thesis. One is a thermal 

camera that uses a lens of 19 mm and resolution of 352×240. The visual 

camera has a focal length of 12 mm and a resolution of 1280×1024. After 

Bag of Features 

Thermal  

Human Bicycle   Car 

   Image Acquisition 

Pre-Processing 

Image Registration 

ROI Extraction 

Binary from Thermal 

Thermal

al 
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setting up the cameras the object with a height of 179 cm and 30 cm 

width has been placed at 12 different distances up to 250 meters in a 

busy area next to a street. 

 

Figure 5 Thermal and visual camera 

3.1.2 Image Data Set 

A set of data is needed to train the classifier for identifying the objects. 

Four different datasets have been made in order to distinguish the 

objects as bicycle, human and car. 

In this case the BoF image representation and a code book perspective 

will be used. The code extracts surf features as well as uses K-means 

clustering to create a visual vocabulary. Each of the datasets has been 

evaluated using the confusion matrix with example images of its kind. 

The following figure depicts an example of the created datasets. 

It is required to mention that only ROI in binary images from thermal 

has been extracted using segmentation and the other datasets has been 

manually cropped. 

 

 
Figure 6 Image data sets  
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3.2 Number of Pixel and the Effect on Image Classification 

3.2.1 Preprocessing 

At this stage few techniques have been used in order to remove noise 

from the image in bad weather conditions, so that the object can be 

recognizable by Matlab at far distances. In order to reduce noise in the 

image, median filtering has been used. The filter size can be between 2 

to 6. The following image shows an image before and after using a 

median filter.  

 

Figure 7 Preprocessing of Thermal Image 

 

The other parameter that has been introduced in order to reduce noise is 

cropit, which is used to reduce the moving cars and other objects by 

assigning their pixel value to zero. The outcome is depicted in the fol-

lowing image. 

 

Figure 8 Other Preprocessing of Thermal Image 
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3.2.2 Image Registration 

In order to match an object from the thermal camera to an object in the 

visual camera, a type of calibration must be done. As can been seen in 

the Figure 9, the thermal and visual camera do not have the same pic-

ture resolution. A proper transformation has to be made so that they 

match precisely. The padding, resizing and rotating functions have been 

used, which will be further discussed in the next chapter. 

 

a) Visual Image                                         b) Thermal Image 

Figure 9 Reference Images 

 

3.2.3 ROI Extraction 

After image registration, ROI extraction is important. In order to achieve 

extraction, three images have been used, which can be seen in Figure 10. 

The reference images, which are without any objects, are a thermal and 

visual image captured at the same time. The task takes place using 

clipping with a threshold and isolating the number of objects. Further-

more, the effect of distance on classification has been discussed. 
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Figure 10 Thermal, visual and thermal reference image 

 

3.2.4 Effect of Distance on Image Classification 

 

In this part four different set has been prepared, thermal, visual, binary 

from thermal and binary from visual. Furthermore, the images have 

been fed to the classifier in order to see until which point classifier will 

correctly recognize the human.  



Evaluating the effect of different 

distances on the pixels per object 

and image classification 

Amiryousef Samaei 

Design/Implementation 

2015-08-18 

 

32 

4 Design/Implementation 
 

This chapter provides further information about the methods described 

in the methodology chapter. This chapter is divided into two main parts. 

 

 

4.1 Classification Using BoF 

In this part, the object has been classified into one of three different 

categories: human, car or bicycle. The following figure is an overview of 

the implementation of the first part. The input data can be color (visual), 

grayscale (thermal), or black and white (binary image).  

 

 

    

 

 

 

 

 

 

Figure 11 Overview of image classification 
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4.1.1 Image Data Set 

To begin with, an appropriate data set has to be created. For this pur-

pose, four different image data sets have been made using thermal and 

visual cameras. For the thermal set, 10 images for car, 10 for bicycle, and 

13 for human, have been used. For the visual set, 13 images for car, 8 for 

bicycle, and 9 for human, have been used. For the binary set from visual, 

13 images for car, 8 for bicycle, and 9 for human, have been used. More-

over, for binary set from thermal 14 images for car, 11 for bicycle, and 11 

for human, have been used. 

 

4.1.2 Training and Validation 

In all classification tasks, the set divided into two datasets: the training 

set and the test set (unseen data).  

 

The training set (70% of the original data set) is used to build up the 

prediction algorithm. The algorithm tries to tune itself to the sudden 

change of the training data sets. The test set (30% of the original data set) 

is used to apply the chosen prediction algorithm in order to see the 

performance of the algorithm on unseen data.  

 

In order to divide the whole image set into two categories (70% for 

training, 30% for testing); the number of images in the training set must 

be balanced. Consequently, the number of images per category is ad-

justed to contain exactly the same number of images. 

Bag of words is a method adapted to computer vision from the world of 

natural language processing. Since images do not actually contain 

discrete words, a “vocabulary” of SURF features representative of each 

image category is constructed. In computer vision, Speeded up Robust 

Features (SURF) is a local feature detector and descriptor that can be 

used for tasks such as object recognition. To detect interest points, SURF 

uses an integer approximation of the determinant of Hessian blob detec-

tor, which can be computed with 3 integer operations using a precom-

puted integral image. Its feature descriptor is based on the sum of the 

Haar wavelet response around the point of interest. These can also be 

computed with the aid of the integral image.  
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In MATLAB, this is accomplished with a single call to bagOfFeatures 

function [16], which:  

 Extracts SURF features from all images in all image categories  

 Creates the visual vocabulary by decreasing the number of fea-

tures with quantization of feature space using K-means cluster-

ing. 

 

Encoded training images from each category are fed into a classifier 

training process invoked by the trainImageCategoryClassifier function 

[17]. This function returns an image category classifier. The classifier 

contains the number of categories and the category labels for the input 

image set. The function trains a support vector machine (SVM) mul-

ticlass classifier using the bag of features object, using Statistics and 

Machine Learning Toolbox. With the same pattern other datasets has 

been used for training the classifier. 

The result of one of the evaluations by Matlab after training the classifier 

is depicted Table 2 Confusion table - Matlab. 

 

 
 

Table 2 Confusion table - Matlab 
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4.1.3 Classification of New Images 

The newly trained classifier can be applied in order to categorize new 

images into one of the following categories: ‘car’, ‘bicycle’ and ‘human’. 

The input image can be visual (color), thermal (grayscale) or binary 

(black and white); each will have been trained with the appropriate data 

set. In the next chapter these classifiers will be compared with each 

other.  

 

 

4.1.4 Evaluating Different Classifiers 

Each classifier has been examined with different images in order to 

evaluate the accuracy. The accuracy has been calculated using a confu-

sion matrix. The folder including the appropriate images has been tested 

to see how many cars, bicycles or humans there are in the folder. The 

results of the folder and the confusion table used to evaluate the result 

have been shown. The tables will be illustrated in the next chapter.  

4.2 Number of pixel and its effect on classification 

The second part of the project includes rotation, resizing, stretching and 

zero padding. The thermal and visual cameras have different resolution 

so in order to match the two pictures to extract the object, transfor-

mation should be used. Afterwards, the extracted images have been 

used to examine the distance on image classification. The comparison 

table will be shown in the next chapter. 

4.2.1 Rotation 

In the process of capturing the images, the two cameras were not com-

pletely aligned. Visually it can be determined that the thermal image has 

been rotated 1.8 degrees anticlockwise compared to the visual image. So 

calibration must be a rotation by -1.8 degrees. This rotation has been 

implemented in the Matlab code. Hence, in another pair of images the 

rotation is different and the parameter will be changed. The following 

image illustrates the thermal image before and after rotation. 
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Figure 12 Thermal image - rotation 

 

 

4.2.2 Resizing  

The thermal image has a lower resolution than the visual image, there-

fore must be resized. In order to do that, an object in thermal and visual 

has been compared. The sign on the visual consists of x pixels and on 

the thermal y pixels. The resize must take place with the value x/y 

which has been implemented in the code. The following image depicts 

the sign in thermal and visual camera. 

 
Figure 13 Using a sign as a target for resizing 

 

4.2.3 Stretching and Zero Padding 

Stretching will be carried out because the focus of the two cameras may 

have a small declination. It has been done manually to see when the two 

image pairs match exactly.  
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Figure 14 Stretching the thermal image 

Later, the right placing of the image will be done. It will be implemented 

by zero padding in two directions. The number of zeros will be added in 

two steps, using pre-padding and post-padding. 

The following image shows the thermal image after all the mentioned 

processes. 

 

 
Figure 15 Using zero-padding on a thermal image 

 

4.2.4 ROI extraction and pixel counting 

 

After the processing of the image, masking and pixel counting takes 

place. In order to achieve the mask extraction, three images are needed: 

a reference image, which does not include any objects, a thermal image 

and a visual image. The images must be captured at the exact same time. 

The ROI extraction takes place using background extraction, clipping 

with a threshold, and isolating the number of objects present in the 

image. In the following, parameters that have an important role in the 

code will be explained. 
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Threshold: This is the value responsible for the clipping of the image. 

For small thresholds, smaller changes on the image can be found.  

Num_of_objs: This is the parameter that defines the number of output 

images (objects/masks). 

Bwobject_type: This can be “largest” or “smallest”. It defines the 

outcome of the script. If, for example, an object that is far away from the 

camera has to be extracted, the value should be set to “smallest”.  

Cropit: This is the parameter that defines if the image should be 

“cropped” in order to remove noise such as moving cars next to the 

subject.  

 

Background extraction has been used to extract the object. First the 

noises will be removed manually by using the cropit so that the object is 

visible. Next, the image difference between the thermal and reference 

image will be clipped and transformed to a binary image to use in a 

function to estimate the area of the object. By using the Matlab functions 

the area and centroid of the object will be calculated and used to 

calculate the number of pixels the object occupied. Moreover, a box has 

been implemented in Matlab code around the object to isolate bound 

object. The pixel that the object occupied is calculated and shown on top 

of the output picture. The output can be seen in the following figure. 

 

 
 



Evaluating the effect of different 

distances on the pixels per object 

and image classification 

Amiryousef Samaei 

Design/Implementation 

2015-08-18 

 

39 

 
Figure 16 Process of extracting the object at a distance of 25 meters 

4.2.5 Examining the effect of distance on image classification 

The extracted object (human) from cameras at different distances has 

been fed to the classifier in order to observe how accurate it is. All in all 

four different datasets has been made for this purpose. The following 

tables depict the effect of the distance on the classification. The accuracy 

as well as comparison has been made in the next chapter. 

 

 

 

 

 

 

 

 

 

 
Figure 17 Overview of the effect of distance on classification 
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5 Results 
 

In this chapter the results of the first and second part of the project are 

presented. In the first part, the output of four data sets has been 

compared in order to show which has better classification. 

In the second part, pixels that the object occupies at different distances 

have been computed. Also, the effect of distance on classification has 

been discussed. 

 

 

5.1 Classification using BoF 

In all classification problems the performance of the classifier has 

significant importance. For this purpose a confusion matrix has been 

used. The results of an accuracy assessment are usually summarized in a 

confusion matrix. The following confusion is for thermal, visual, binary 

images from visual and binary image from thermal. 

 

A confusion matrix shows the number of correct and incorrect 

predictions made by the classification model, compared to the actual 

outcomes (target value) in the data. The matrix is NxN, where N is the 

number of target values (classes).  

 

In this case the confusion matrix will have the following form as 

depicted in table 3. 

 

 
Table 3 Confusion table 

 

 

Confusion Matrix 

Ground Truth 

Car Bicycle Human 
 

 

No. of classified 

objects 

Car a d g 
 

a+d+g 

Bicycle b e h 
 

b+e+h 

Human c f i 
 

c+f+i 

No. of ground truth 

objects 

a+b+c d+e+f g+h+i 
 

a+b+c+d+e+f+g+h+i 
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A measure for the overall classification accuracy can be derived from 

this table by counting how many objects were classified as the same and 

dividing this by the total number of objects. For this example  

                

                                     𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝒂+𝒆+𝒊

𝒂+𝒃+𝒄+𝒅+𝒆+𝒇+𝒈+𝒉
× 𝟏𝟎𝟎              

Equation 2 

            

Below, the accuracy of four different classifiers will be measured using 

Matlab functions. Also a validation set will be used for manual 

computation of the accuracy of each classifier. The first classifier uses 

Binary from visual, the second one uses visual third one uses thermal 

and the final one uses binary images from thermal.  

 
 

5.1.1 Classification using visual  

The final normalized confusion matrix that Matlab computes is displayed in 

Table 4. 

 

 
 

Table 4 Visual (color) confusion table in Matlab 

 

 

                                        Accuracy=
𝟏+𝟎.𝟖𝟑+𝟎.𝟖𝟑

𝟑
× 𝟏𝟎𝟎% = 𝟖𝟖. 𝟔𝟕%                   

Equation 3 
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Using our validation set the following confusion matrix is computed. The 

result has been illustrated in Table 5. 

 

 

 

Confusion Matrix Ground Truth 

Car Bicycle Human 
 

 

No. of classified 

objects 

Car 2 0 1 
 

3 

Bicycle 0 1 2 
 

3 

Human 0 0 3 
 

3 

No. of ground truth 

objects 

2 1 6 
 

9 

                                             Table 5 Visual (color) confusion table 

                                            Accuracy=
𝟐+𝟏+𝟑

𝟗
× 𝟏𝟎𝟎% = 𝟔𝟔. 𝟔𝟕%                         

Equation 4 

5.1.2 Classification using binary images from visual  

 

 
The final normalized confusion matrix that Matlab computes is displayed in 

Table 6. 

 

Table 6 Binary image (from visual) Confusion table in Matlab 

                                      Accuracy=
𝟏+𝟏+𝟏

𝟏+𝟏+𝟏
∗ 𝟏𝟎𝟎% = 𝟏𝟎𝟎%        

Equation 5 

 

 

 

 

Using our validation set the following confusion matrix is computed in Table 

7. 
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Confusion Matrix Ground Truth 

Car Bicycle Human 
 

 

No. of classified 

objects 

Car 3 0 0 
 

3 

Bicycle 0 2 1 
 

3 

Human 0 0 3 
 

3 

No. of ground truth 

objects 

3 2 4 
 

9 

Table 7 Binary from visual Confusion table 

 

                                         Accuracy =
𝟑+𝟐+𝟑

𝟗
∗ 𝟏𝟎𝟎% = 𝟖𝟖. 𝟖𝟗%                          

Equation 6 

 

 

5.1.3 Classification using thermal  

The final normalized confusion matrix that Matlab computes is displayed in 

Table 8. 

 
 
 

Table 8 Thermal (grayscale) confusion table in Matlab 

                                  Accuracy=
𝟏+𝟏+𝟎.𝟔𝟕

𝟑
× 𝟏𝟎𝟎% = 𝟖𝟗%                                     

Equation 3 

Using our validation set the following confusion matrix is computed. The 

result shows in table 9. 
 

Confusion Matrix Ground Truth 

Car Bicycle Human 
 

 

No. of classified 

objects 
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Car 3 0 0 
 

3 

Bicycle 1 1 1 
 

3 

Human 0 0 3 
 

3 

No. of ground truth 

objects 

4 1 4 
 

9 

 

Table 9 Thermal (grayscale) confusion table 

 

                                      Accuracy=
𝟑+𝟏+𝟑

𝟗
× 𝟏𝟎𝟎% = 𝟕𝟕. 𝟕𝟖%                               

Equation 4 

 

5.1.4 Classification using binary images from thermal 

The final normalized confusion matrix that Matlab computes is displayed in 

Table 10. 

 

 
 

Table 10 Binary (from thermal) Confusion Matrix in Matlab 

                                      Accuracy=
𝟏+𝟏+𝟏

𝟏+𝟏+𝟏
∗ 𝟏𝟎𝟎% = 𝟏𝟎𝟎%        

Equation 5 

Using our validation set the following confusion matrix is computed. The 

result has been indicated in Table 11. 

 

Confusion Matrix Ground Truth 

Car Bicycle Human 
 

 

No. of classified 

objects 

Car 3 0 11 
 

14 

Bicycle 0 11 0 
 

11 

Human 0 0 11 
 

11 

No. of ground truth 3 11 22 
 

36 
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objects 

Table 11 Binary (from thermal) Confusion Matrix 

 

Accuracy=
𝟑+𝟏𝟏+𝟏𝟏

𝟑𝟔
× 𝟏𝟎𝟎% = 𝟔𝟗. 𝟒𝟒% 

Equation 6 

In order to create a confusion matrix like the examples above, the classification 

algorithm should “run” for many different images. For example if you classify 

a car and the result of the classification is a car, the element (1, 1) should 

increase by one. If the classification said that the car was a bicycle the element 

(1, 2) should increase by one. Following this rationale, the confusion matrix is 

implemented, thus the user can measure the accuracy. It has been observed 

that the accuracy of the classifier can be 1.00 (best case scenario). This depends 

on the training set (70% of the image set) that the algorithm will choose to use. 

Consequently, the user can run the code many times, in order to achieve the 

best performance of the classifier. 

 

 

5.2 Number of Pixel and its Effect on Classification 

In the second part of the project the object has been placed at 12 

different distances up to 250 meters. 

Four different data sets have been prepared for classification. It has been 

illustrated that the binary from thermal images has the best accuracy for 

classifying the object at all distances. 

Moreover, pixel counting has been tested for visual and thermal images. 

As can be seen in the following table, when the object is far away, the 

number of pixel that object occupies will be reduced gradually. At the 

distance greater than 150 meters, the object becomes small so the code 

tries to extract objects closer to the camera, such as cars; therefore code 

has been constructed in such a way that the user can change the number 

of objects to be extracted. Moreover, when the object is located at a 

greater than 150 meters, there will be errors in pixel counting. Table 

number 12 depicts the number of pixels the object occupied with respect 

to the distance to the camera for visual and binary from thermal image. 
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Table 12 Number of pixels for visual and binary from thermal as well as 

classification 

Moreover, table number 12 illustrates that for all data sets, human could 

be recognize up to 150 meters. After 150 meters only binary from ther-

mal could classified the object as human. 

Ideally, the number of pixels should be descending, but for distances of 

150 to 250 the value will fluctuate. 

The two last columns illustrate the classification of the thermal and 

visual cameras while testing the image of human at different distances. 

As can been seen, the binary from thermal has a better understanding of 

the object human at all distances, while the visual images classifies 

correctly up until 150 meters with minor errors. Hence, the thermal 

classifier has better accuracy compared to visual image. 

Furthermore, the table above is based on the setup including 12mm 

visual, 19 mm thermal cameras as well as an object with the height of 

19cm and widths of 30cm.  

 

 

Distance 

in 

Meters 

Number 

of Pixels 

Thermal 

Number 

of Pixels 

Visual 

 Visual 

Classification 

 Binary from 

Visual 

Classification 

 Thermal 

Classification 

Binary 

from 

thermal 

 Actual 

object 
  

25 1736 5333  Human  Human       Human Human  Human   

50 523 1550  Human  Human  Human Human  Human   

75 221  667  Car  Car  Human Human  Human   

100 115  352  Human  Car  Car Human  Human   

125 115  309  Human  Human  Human Human  Human   

150 26   78  Human  Car  Human Human  Human   

175 28   85  Car  Car  Car Human  Human   

200 30    87  Car  Car  Human Human  Human   

225 21    67  Car  Car  Car Human  Human   

250 24    65  Car  Car  Car Human  Human   
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6 Discussion 
 

In this chapter the results and the problems that have arisen during the 

thesis work will be discussed. 

 

To reach the goal of the thesis four different data sets have been  

Prepared. The confusion matrix has shown that for fixed distances 

binary from visual data set has a better accuracy compared to thermal, 

visual and binary from thermal sets. 

 

Additionally, the object has been placed at 12 different distances. The 

code extract the object using thermal and visual images. Afterwards, the 

pixels occupied by the object in thermal and visual image calculated. Up 

to 150 meters the code works without error. After 150 meters the pixel 

counting has minor errors. This could be due to the fact that other 

objects (cars, humans) were passing the street.            

 

Also, the images captured at different distances have been fed to the 

classifier in order to see how distance impacts on classification. Four this 

purpose four different data sets has been prepared. It has been noted 

that the binary from thermal image have better accuracy for far 

distances. 

There were some problems that should be noted. BoF has difficulties 

categorizing the bicycle and human. This is because the classifier can 

detect the human or the bicycle in each frame. After evaluating four 

different data sets and computing the accuracy of each, the binary from 

visual images were shown to have a better accuracy. This could be due 

to the fact that binary images only have two values, black (0) and white 

(1), which makes it easier for the classifier to understand the image. 
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Furthermore, some problems may arise using BoF with the thermal as 

well as binary from thermal images. Bicycles and the top of the cars 

have no thermal information. Unless it is a very hot and sunny day, they 

will be cool, especially in a country like Sweden. That is the reason 

“extracted cars” or “extracted bicycles” will not be correctly seen by the 

human eye. But this is not a problem for a smart classifier. The classifier 

can comprehend the difference between cars, bikes and humans easily 

using the algorithms that was implemented with the bag of features.  

 

6.1 Social and ethical aspects 

Most of the research projects have been made in order to make human 

life whether easier or safer. One of the projects which have been intro-

duced in Sweden in October 1997 for purpose of safety called vision 

zero [18] . The main principle of this project is that eventually there will 

be no one who sacrifices their life or gets injured in the road transport 

system There are many different ways to improve the vision zero con-

cept by making vehicles smarter or installing different cameras on the 

road. The research that has been conducted in this thesis can be used for 

railways safety cameras to increase personal safety. 

On the other hand, using different cameras and storing data of the 

people passing by can be morally unacceptable. This is due to the fact 

that this information can get stolen while transferring. Therefore it 

should be transmitted in a secure way so the data will be in the hand of 

the responsible staff only. However, in this project the data of smart 

cameras will be process locally and the result will be in binary image 

therefore the privacy will be not a problem. 
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7 Conclusion 
 

Smart cameras can be used for a wide range of purposes, such as 

monitoring public places. This project discussed using smart cameras 

for surveillance of railways. The images have been captured by thermal 

and visual cameras near a busy street. Four data sets have been created 

in order to compare the accuracy of each data set. It has been noted that 

the binary from visual data set has better accuracy. 

 

Moreover, the object has been placed at 12 different distances; number 

of ROI extraction and image registration has been implemented to 

extract the object. Also the effect of the distance on classification for 

different sets has been shown that up to 150 meters the classifier can 

identify the object with minor error. Additionally, the binary images 

from thermal have better accuracy for far distances in terms of 

classification of the object. 
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8 Future Work 
 

Surveillance systems can be used to protect humans as well as animals 

in different situations. An important parameter of all surveillance 

systems is accuracy and speed. To achieve higher accuracy as well as 

appropriate speed, the input data should be easily comprehendible by 

the system. This is why the input data should undergo extensive 

preprocessing so that the system is able to understand and act on the 

situation accordingly. 

 

These procedures may be further accomplished to further enhance the 

system. 
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