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Abstract 

Object detection and recognition is one of the vital fields in Machine Learning and Computer Vision. Objects are of innumerable 

sizes and shapes. The pinnacle of success for any object recognition algorithm is to identify the object that is present in the image 

or a video sequence irrespective of any parameter like shape, size, color etc. This paper gives a detailed discussion of the 

computationally efficient object detection and recognition techniques such as Scale Invariant Feature Transform, Speeded-Up 

Robust Features and Features from Accelerated Segment Test. One more technique, Oriented FAST and rotated BRIEF, is 

considered as a combination of FAST algorithm along with BRIEF that additionally boasts of properties such as Orientation and 

rotation invariance. Some techniques which are dedicated for particular type of object such as Haar cascade and Histogram of 

Oriented Gradients are also glanced briefly upon. The performance parameters accuracy and recognition time are taken into 

consideration.   

Keywords: Features from Accelerated Segment Test (FAST) Algorithm, Haar Cascade, Histograms of Oriented Gradient 

(HOG), Object Detection and Recognition Scale Invariant Feature Transform (SIFT) Algorithm, Speeded-Up Robust 

Features (SURF) Algorithm, Oriented FAST and Rotated BRIEF (ORB) 

________________________________________________________________________________________________________ 

I. INTRODUCTION 

Object recognition can be done by matching the image with the pre-existing image present in the database. The predominant 

methods that are used for image matching are gray level matching and image feature based matching. Feature-based matching is 

generally scale invariant and hence it is effectively used. This paper aims to analyze the performance of the image feature based 

matching techniques and depending on that will try to suggest the most effective algorithm for object detection and recognition.  

II. MODEL BASED FEATURE DETECTORS 

These methods assume that a corner resembles a blurred wedge, and finds the characteristics of the wedge (the amplitude, angle, 

and blur) by fitting it to the local image. The assumption is that the junctions are formed by homogeneous regions. Parameterized 

masks are used to fit the intensity structure including position, orientation, intensity, blurring, and edges. The residual is then 

minimized during the detection. The accuracy is high provided a good initialization of the parameters. These methods are 

described below. 

 Corner Detectors 

Corners are found at various types of junctions, on highly textured surfaces, at occlusion boundaries, etc. For many practical 

applications, this is sufficient, since the goal is to have a set of stable and repeatable features. Whether these are true corners or 

not is considered irrelevant. Based on image derivatives, morphology or geometry, various representatives of corner detectors are 

built. They mentioned below. 

 Harris detector 

 SUSAN detector 

 Harris-Laplace 

 Harris-Affine 

 Blob Detectors 

After corners, the second most intuitive local features are blobs. Same as in corner detection, blob detectors also have the 

derivative based method and the scale invariant and affine invariant extensions of it. They are mentioned in the following 

manner.  

1) Hessian Detector 
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2) Hessian-Laplace/Affine 

3) Salient regions 

 Region Detectors 

There are number of feature extractors that are directly or indirectly concerned with extraction of image regions. These are 

intensity-based region detectors and maximally stable extremal regions. These regions are provided by different methods but 

focus on similar image structures and share similar properties. 

 Intensity based regions  

 Maximally stable external region. 

III. FEATURE DETECTORS UNDER REVIEW 

This section gives the information about the feature detection algorithms that are considered for review for the purpose of 

showing their compatibility for the IoT implementation. One of the main objectives that these methods have in common is their 

computational efficiency. The detection methods are elaborated in the following manner. 

 Scale Invariant Feature Transform [SIFT] 

Scale-invariant feature transform uses Difference of Gaussian (DoG) detector proposed by David Lowe [3]. The steps to 

implement SIFT are: 

 Scale-Space External Detection 

The feature points, known as ‘keypoints’ in the SIFT framework. Difference of Guassian image 𝑂(𝑚, 𝑛, Ω)  is given by 

      (1) 

Where, 

𝐿(𝑚, 𝑛, 𝑘Ω) = 𝐼(𝑚, 𝑛)
1

2𝜋Ω2
. 𝑒

𝑚2+𝑛2

2Ω2  

 Keypoint Localization 

The following procedure is adopted to localize a keypoint. 

 Interpolation of data. 

 Removing low-contrast keypoints 

 Discarding edge responses 

 Orientation Assignment 

Keypoints are assigned orientations on the basis of gradient directions. This is the reason of being rotation invariant. The 

Gaussian smoothed image 𝐺(𝑚, 𝑛) at keypoint’s scale Ω is taken. For an image sample Ω, the gradient magnitude 

g(m, n) = √a(m, n)2 + b(m, n)2                (1) 

And the orientation 𝜃(𝑚, 𝑛) is 

θ(m, n) = tan−1 b(m,n)

a(m,n)
                      (2) 

Where, 

And  

 Keypoint Descriptor 

The keypoint descriptor vector has 128 elements. Even though the dimension is high, it is preferred. 

The SIFT descriptors are invariant to minor affine changes. 

 
Fig. 1: Object detection using SIFT algorithm [13] 

 Speeded up Robust Features [SURF] 

In the usage of Speeded-Up Robust Features, the concept of integral images is used. [4] The entry of an integral image 𝐼∑(𝑥) at a 

location x=(𝑥, 𝑦) represents the sum of all pixels in the input image I of a rectangular region formed by the origin and x. 
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𝐼∑(𝑥) = ∑ ∑ 𝐼(𝑖, 𝑗)
𝑗≤𝑦
𝑦=0

𝑖≤𝑥
𝑖=0            (3) 

Once the integral image has been computed it takes four additions to calculate the sum of intensities over any upright 

rectangular area. Moreover, the calculation time is independent of the size of the rectangular area. Speeded-up Robust Features 

have been proposed by Bay et. Al. [5]. It is a scale invariant feature detector-descriptor based on the combines approach of 

Hessian Matrix and distribution of Haar-wavelet responses within the interest point neighborhood. The detector is based on the 

Hessian matrix because of its good performance in computation time and accuracy. Hessian-based detectors are more stable and 

repeatable than Harris corner detectors. It uses DoG (Difference of Gaussian) which brings speed at a low cost in terms of lost 

accuracy.[6] In SURF, the selection of location and scale both are carried out by using the determinant of the Hessian matrix. 

Given a point X=(𝑥, 𝑦) in an image I, the Hessian matrix ℋ(𝑋, 𝜎) in X at scale σ is defined as follows 

ℋ(𝑋, 𝜎) = [
𝐿𝑥𝑥(𝑋, 𝜎) 𝐿𝑥𝑦(𝑋, 𝜎)

𝐿𝑥𝑦(𝑋, 𝜎) 𝐿𝑦𝑦(𝑋, 𝜎)
]                 (4) 

Where, 𝐿𝑥𝑥(𝑋, 𝜎) is the convolution of the Gaussian second order derivative  
𝜕2

𝜕𝑥2 𝑔(𝜎) with the image I in point X, and 

similarly for  𝐿𝑥𝑦(𝑋, 𝜎) and 𝐿𝑦𝑦(𝑋, 𝜎). For practical 2D applications, the Gaussian derivatives need to be discretized and 

cropped. SURF tests a simple alternative for avoiding this process. Gaussian derivatives are approximated by using LoG and Box 

filters and can be evaluated very fast using integral images. 

SURF descriptor: As with all the descriptors, SURF also has to take care of the effects of photometric changes. The first step 

consists of fixing a reproducible orientation based on information from a circular region around the interest point. Then a square 

region is constructed that is aligned to the selected orientation and the SURF descriptor is extracted from it. These steps are 

described further in detail. 

 Orientation Assignment 

For the descriptor to be rotation invariant, a reproducible orientation is identified for the interest points. For this purpose, the 

Haar-wavelet responses are calculated in x and y-direction and this in a circular neighborhood of radius 6s around the interest 

point with ‘s’ the scale at which the interest point lies. Integral images are used for fast filtering. Only six responses are needed 

to compute the response in x or y-direction at any scale. Once the wavelet responses are calculated and weighted with a Gaussian 

centered at the interest point, the responses are represented as vectors in space with horizontal response strength along the 

abscissa and the vertical response strength along the ordinate. The dominant orientation is estimated by calculating the sum of all 

responses within a sliding orientation window covering an angle of    . The responses are summed and yield a new vector. The 

longest such vector yields its orientation to the interest point. 

 Descriptor Components 

For the extraction of the descriptor the first step consists of constructing a square region centered around the interest point and 

oriented along the orientation selected in the previous step. The region is split up into square sub-regions. The Haar wavelet 

response in the horizontal direction is called dx and in the vertical direction is called dy. These are with respect to the selected 

interest point orientation. To increase the robustness towards geometric deformations and localization errors, dx and dy are first 

weighted with a Gaussian centered at the interest point. The wavelet responses dx and dy are summed up over each sub-region 

and form a first set of entries tos the feature vector. The absolute values |dx| and |dy| are also extracted for the information about 

polarity changes. Thus, the four-dimensional descriptor vector 

𝜗 = (∑ 𝑑𝑥 , ∑ 𝑑𝑦 , ∑|𝑑𝑥| , ∑ |𝑑𝑦|)       (5) 

 
Fig. 2: Object detection using SURF algorithm [14] 

 Features from Accelerated Segment Test [FAST]: 

The FAST detector, introduced by Rosten and Drummond builds on the SUSAN (Smallest Univalue Segment Assimilarity 

Nucleus) detector.[7] SUSAN computes the fraction of pixels within a neighborhood which have similar intensity to the center 

pixel.[8] FAST compares pixels only on a circle of fixed radius around the point. The test criterion operates by considering a 
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circle of 16 pixels around the corner candidate. The ID3 algorithm is used to select the pixels which yield the most information 

about whether the candidate pixel is a corner.[9] This is measured by the entropy of the positive and negative corner 

classification responses based on this pixel. The process is applied recursively on all three subsets and terminates when the 

entropy of a subset is zero. Finally, non-maxima suppression is applied to the sum of the absolute difference between the pixels 

in the circle and the center pixel. 

 Histograms of Oriented Gradient [HOG]: 

HOG features have been introduced by Dalal and Triggs [10]. The essential thought behind the Histogram of Oriented Gradient 

descriptors is that local object appearance and shape within an image can be described by the distribution of intensity gradients 

or edge directions. The implementation of these descriptors can be achieved by dividing the image into small connected regions, 

called cells, and for each cell compiling a histogram of gradient directions or edge orientations for the pixels within the cell. The 

combination of these histograms then represents the descriptor. 

For improved performance, the local histograms can be contrast-normalized by calculating a measure of the intensity across a 

larger region of the image, called a block, and then using this value to normalize all cells within the block. This normalization 

results in better invariance to changes in illumination or shadowing. The algorithm is implemented in the following manner. 

1) Gradient computation is done by applying 1D centered point discrete derivative masks.  

2) Orientation binning is the next step which involves creating cell histograms. Each pixel within the cell casts a weighted vote 

for an orientation-based histogram channel based on the values found in the gradient computation.  

3) In order to account for changes in illumination and contrast, the gradient strengths must be locally normalized, which 

requires grouping the cells together into larger, spatially connected blocks. The HOG descriptor is then the vector of the 

components of the normalized cell histograms from all of the block regions. These blocks typically overlap meaning each 

cell contributes more than once to the final descriptor.  

In order to suppress the more than once contribution of the blocks, the process of block normalization is applied. 

 Haar Cascade 

Haar cascade method is based on Viola-jones algorithm. This is a type of machine learning technique where the training of 

cascade function carried from many positive and negative database images. With reference to the training model the object is 

detected from other images. 

IV. COMPARISON OF FEATURE DETECTOR ALGORITHMS 

This section compares the feature detector algorithms that are studied in the previous section. The comparison is done on the 

basis of efficiency as the vital criterion along with others such as computational complexity, rotational invariance and robustness. 

A trade-off has to be made between efficiency on the one hand and accuracy or repeatability on the other hand. The properties of 

the feature detectors are mentioned against their name and the result is also expressed in the tabular form. The steps for 

implementation are as follows: 

1) Initially many positive and negative images are taken to train the classifier. The features are extracted from them. For this 

haar features are prefer in this technique. Haar features are convolutional kernels gives out features as a single value 

formed by subtracting addition of pixels under white box to that of the black box. 

2) To reduce computation time of each features use of integral images is carried. Simplification of calculation of taking 

summation of pixel values possible due to this, even if the number of pixels is very large. 

3) Adaboost filtering is done to reduce the number of features because most of the features found are irrelevant and take 

extra computations, which causes more computational time. For this, application of features in all training image is done 

which find out the best threshold value to classify positive and negative image. Selection of features with minimum error 

rate is carried and after classification weights of misclassified images are modified. The procedure is repeated until 

effective accuracy is achieved. 

4) Cascade classifier is used after the adaboost filtering. Since, even after adaboosting the number of features are still more 

which are time consuming when used for recognition. In cascade classification instead of using all features, the features 

are divided into different groups. These groups are classified using window one after another. If the first stage fails to 

classify it will not go to other stage. And if first stage is classified then it will move to second stage and so on. 

This method is well performed in real time because of its low computational time. A very few features are tested in each 

window, due to which the computational level is reduced. 

 SIFT Algorithm 

The SIFT algorithm makes use of DoG filter as the feature detectors. The DoG filter can be called as blob detector. Blob-like 

structures tend to be less accurately localized in the image plane than corners, although their scale and shape are better defined 

than for corners. Blobs can only be recognized by their boundaries, which are often irregular. However, they give a good 

estimate of the scale of the blob. SIFT is a robust descriptor that can match the noisy features for a satisfactory object recognition 

application. The time consumption for SIFT implementation takes place in the step of ‘Keypoint extraction’. Since the entire 
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image is considered, the keypoint extraction and localization is a carefully maneuvered step. SIFT generates large numbers of 

features that densely cover the image over the full range of scales and locations. This quality, albeit useful in detecting small 

objects in the cluttered background, is a hinder when the application to be considered is recognition through Internet of Things. 

 SURF Algorithm 

As the name suggests, this algorithm is speeded up by using the concept of integral images and approximations of the Hessian 

Matrix. This results in the increased implementation speed along with the robustness which is the quality of the Hessian detector. 

For selecting the scale and location, the determinant of Hessian matrix is used which is a reduction of yet another computation 

load and time consumption. When the Hessian matrix is approximated, no smoothing is applied when going from one scale to the 

next. SURF has been reported to be more than five times faster than Difference of Gaussian.[12] 

 FAST Algorithm 

This algorithm is based on SUSAN detector as discussed in the previous section. The decision tree resultant is used to create a 

long string of nested if-then-else statements. The compilation results in the formation of a corner detector which is up to thirty 

times faster than the DoG detector. However, it is not invariant to scale changes. However, many of the features are located on 

edge structures and not on corners. For such points, localization is sensitive to noise.  

 ORB Algorithm 

The ORB algorithm makes use of the FAST for orientation which is in itself rotation variant and for scale invariance, it makes 

use of scale-invariant pyramid. The advantage of not using steered BRIEF in its actual form is that loss of variance has to be 

recovered and also it reduces correlation among the binary tests. This is achieved by the greedy search algorithm. This is a search 

for uncorrelated tests with mean near 0.5. 

 Histograms of Oriented Gradients 

The HOG generally outperforms wavelets. Any significant degree of smoothing damages HOG results. This emphasizes the fact 

that much of the image information is available from abrupt edges at fine scales. Strong local contrast normalization is essential 

for good results. Better results can be achieved by normalizing each element several times with respect to different local 

supports, and treating the results as independent signals. 

 Haar Cascade 

Haar cascade is the combination of techniques for feature extraction and classification. For feature extraction Haar-like features 

are detected which are based on haar wavelet. They can be considered as the subtraction of sum of pixel values of white box to 

that of black box. These features indicated the corner, edges and boundaries depending upon the position of white and black 

boxes. The reduction of features is done by adaboost filtering. Second is classification, where cascaded classifiers are formed by 

dividing features into groups and according to preferences the classification is done one by one. If any classification fails, it is 

stopped then and there. Thus, this algorithm is computational efficient and can recognize objects in real time. 

V. CONCLUSION 

SIFT is the scale invariant algorithm that is considered as the basis for its variations such as A-SIFT and PCA-SIFT. However, as 

far as the speed is concerned, the other algorithms such as SURF and HOG perform in a better manner due to the approximations 

that are introduced while implementing these feature extractors. Out of which HOG has been proven to perform efficiently for 

face recognition and object recognition. Nevertheless, SURF gives a better performance being scale and rotation invariant due to 

the usage of Hessian determinant. The operation speed of SURF is twice than that of SIFT. The table above also indicates that 

ORB can very well perform as an alternative for SIFT and SURF since SIFT is very much affected by Gaussian noise as 

compared to ORB and also because SURF and SIFT are patented whereas ORB is free of  license. So the user can make use of 

ORB instead of SURF or SIFT to achieve equivalent recognition performance. Haar cascade technique however is very good for 

real time object detection due to its less computational complexity. 
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