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 Object detection and recognition is very obligatory for visually impaired inhabitants to 

endure at indoor and outdoor environments. The intention of this paper is to detect and 

recognize the indoor objects. In this paper an effectual method is projected to identify 
the indoor objects in an automated manner. The real-time indoor objects are detected 

from the real-time indoor scenes. The detection of indoor objects is carried out using 

haar-like features and AdaBoost classifier Algorithm. SIFT Features are extracted from 
the detected objects and classified using Support Vector Machine. Real-time indoor 

scenes are used to appraise the algorithms by their performance.  From the experimental 

results it is observed that the detection rate is 85.00% and the accuracy of the 
recognition system achieves about 95.17% using SIFT and SVM. 
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INTRODUCTION 

 

Detection and Recognition of indoor objects are monotonous task for impaired populace. Major issues are 

detection and recognition of objects under complex background, occluded and rotated objects, objects under 

varied lighting conditions, to overcome these kinds of problems we need to use scale and rotation invariant SIFT 

features. Number of features extraction point chosen from a given image is depends on the complexity of an 

image, but the feature extracted from each point is ten. Real-time indoor scenes are used for the experimental 

evaluation of the proposed work. 

 

1. Related Works: 

A. Haselhoff et al, proposes an adaptive method for vehicle detection using Haar and triangle features 

which results in  more complexity of detecting the vehicles in road-way.Y. Xin et al, analyzes the Haar-like 

features and HOG features for pedestrian detection method. Finally they found that Haar-like features are more 

effective over HOG features. 

Z. Pei et al, presents novel multi- object detection under complex scene and describe the multiple numbers 

of objects in a single scene using synthetic aperture imaging. The accuracy rate does not reach the optimal range 

under complex scene. K. Fu et al, proposes salient object detection via color contrast and color distribution. 

Experimental results show that they produce a better accuracy than objects under complex scene. P. Viola et al, 

presents Robust real-time face detection using AdaBoost classifier and Haar-like features.  C. Papageorgiou et 

al, presents a general frame work for object detection.  P. Viola et al, proposes a boosted cascade of simple 

features for rapid object detection. D.G. Lowe, describes a Scale Invariant Key points (SIFT) for extracting the 

distinctive image features from various images. A. Quattoni et al, presents indoor scene recognition from the set 

of collected dataset images. M. Pontil et al, describes support vector machine for 3-D object recognition from 

the available detected objects. 

 

2. Methodology: 

Indoor object recognition system from Indoor scenes are described in this work consist of indoor object 

detection using AdaBoost classifier algorithm, feature extraction and recognition of indoor object using SVM. 

The various modules are explained in Block Diagram of Indoor Scene Recognition is shown in fig 2.1.Indoor 
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Scene is given as input image to detect indoor objects using Haar-like features and AdaBoost classifier. Features 

are extracted from the detected image using Scale Invariant Feature Transform (SIFT).Finally, Support Vector 

Machine (SVM) is used to recognize the detected real-time indoor objects. 

 

 
Fig. 2.1: Block Diagram of Proposed work 

 

3. Indoor Object Detection: 

Object detection from input image includes two things namely Haar-like feature extraction and AdaBoost 

classifier algorithm. 

 

3.1. Haar-like Feature: 

The haar-like feature designed by the combinations of two/three jointed black and white rectangles. The 

value of a haar-like feature is measured by differencing the sum of the pixel gray level values within the white 

and black rectangular regions. Contrasted with each raw pixel values, Haar-like features are able to 

decrease/increase the in class/out of class changeability causes the classification easier. 

Haar feature A detects the horizontal variation of pixels in images. Haar feature B detects the vertical 

variation of pixels in images. Haar feature C detects the horizontal changes. Haar feature D detects the diagonal 

variation of pixels in images which are clearly shown in fig 3.1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 3.1: Basic Haar-like feature set (A, B, C and D) 
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3.2. Adaboost Algorithm: 

Adaptive Boost (AdaBoost) is an iterative learning algorithm to build a strong classifier using only the 

given training samples and it is a weak learning algorithm. Adaptive Boost changes the weak classifiers into a 

strong classifier. Minimum classification error of a weak classifier is chosen by the learning algorithm at each 

level of iteration. AdaBoost is adaptive in nature in sense of classification is tuned in to better classifiers during 

the each iteration. 

In Train cascade object detector function, the training of cascade classifier necessitates a set of positive 

samples or training object images and also a set of Non-object images or negative images. The set of positive 

images with regions of interest must be specified in order to consider as positive samples. The set of Non-object 

images or negative images are considered for the knowledge of incorrect classification of object samples by 

design. Thus, AdaBoost classifier is shown in fig 3.2. 

 

 

 

 

 

 

 

 

 

 

Fig. 3.2: AdaBoost classifier 

 

Many numbers of parameters has to be involved in AdaBoost algorithm such as number of stages, feature 

type, function parameters and many others in order to provide a satisfactory result on detection. 

Training Images or Positive samples should contain the indoor objects like mixie, bed, etc. The mixie in the 

positive samples ought to be marked out for classifier training. Negative samples or Non-object images are 

taken randomly from any set of images where as these images should not restrain the objects in view. 

 

 
                                      a) Input image                        b) Mixie is detected using bounding box 

 

Fig. 3.3: Real-time Indoor Object detection (mixie) 

 

 

                
                        a) Input image                              b) Bed is detected using bounding box 

 

Fig. 3.4: Real-time indoor object detection (bed) 

 

Bounding boxes are used to represent the detected indoor objects from the given input image. Fig 3.3 a) 

shows the real-time input image and the mixie is detected using bounding box which is shown in fig 3.4 b). Fig 

3.4 a) shows the real-time input image and the bed is detected using bounding box which is shown in fig 3.4 b). 
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4. Indoor Object Recognition: 

The detected objects are recognised using Scale invariant feature transform (SIFT) and Support vector 

machine (SVM). 

 

4.1 Scale Invariant Feature Transform: 

Scale-Invariant Feature Transform (SIFT) is a calculation for concentrating stable gimmick depiction (stable 

feature description) of  items call key indicates that are strong changes in scale, introduction, shear, position, and 

light.  

 

The four real stages to catch the peculiarity portrayal of a picture are:  

 Detection of scale-space Extrema 

 Keypoint localization 

 Orientation assignment 

 Keypoint descriptor 

 

(i) Detection of Scale- Space Extrema: 

Construct Gaussian scale space function from the input image. This is constructed by convolution of the 

original image with Gaussian functions of differing widths. The scale space of an image is characterised as a 

function L(x,y,σ) that is produced from the convolution of a variable scale Gaussian, G(x,y,σ) with an input 

image, I(x,y): 

 

L(x,y,σ) = G(x,y,σ) * I(x,y)              (3) 

G(x,y,σ) = 
222 2/)(

22

1 



yxe 

                        

 (4) 

To efficiently detect stable key-points difference of Gaussians are calculated by simple image subtraction of 

two nearby scales separated by a constant multiplicative factor k. 

 

D(x,y,σ) = [G(x,y,k,σ) - G(x,y,σ)] * I(x,y) = L(x,y,k,σ) – L(x,y,σ)         (5) 

 

Each pixel is compared with its 8 neighbours for finding the local maxima and minima of D(x, y, σ) and its 9 

neighbours up and down one scale. Extrema is confined by the value of minimum or maximum among all these 

points.  

The following steps to compute SIFT Features are: 

 

(ii) Key point Localization: 

Extraction of extreme points produces too different key points. Low-contrast key points and Edge key points 

are eliminated. 

 

(iii) Orientation Assignment: 

The orientation assignment is to ensure the key points are invariant to rotation. The orientation histogram has 

36 bins covering the 360 degree range of orientations. The gradient magnitude m(x,y) and orientation Ɵ(x,y) is 

computed using, 

 

The introduction task is to guarantee the key focuses are invariant to revolution. The introduction histogram 

has 36 receptacles covering the 360 degree scope of introductions. 

The inclination greatness m(x,y) and introduction Ɵ(x,y) is registered utilizing} 

m(x,y)= 22 ))1,()1,(()),1(),1((  yxLyxLyxLyxL
         

(6)
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 (7) 

Multiple orientations assigned to key points from an orientation histogram. 

 

(iv) Key point Descriptors: 

For each key point a squared region considered and partitioned in 4x4 parts. A histogram with 8 bins is used 

for representing the orientation of the points in each of the sub-regions of R. The general key point description is 

shown in fig 4.1. SIFT is used for extracting features from each detected object. 
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Fig. 4.1: Key point description  

 

4.2 Support Vector Machine: 

Support vectors machine (SVM) (Xin, Y.  et al., 2011) is focused around the standard of Structural Risk 

Minimization (SRM). It is characterization model. Support vector are utilized to discover hyper plane between 

two classes. Support vectors are the preparation tests that characterize the ideal differentiating hyper plane. 

Support vectors are near the hyper plane. Like RBFNN, Support vector machines can be utilized for example 

order and nonlinear relapse. For straightly divisible information, SVM discovers a differentiating hyper plane, 

which differentiates the information with the biggest edge. The architecture of SVM is shown in fig 4.2. 

 

4.2.1 SVM principle:  

Support Vector Machine (SVM) can be utilized for arranging the got information. SVM are a situated of 

related directed learning technique. Give us a chance to mean a feature vector by x = ( x1, x2, … ,xn ) and its 

class mark by y such that y = { +1,-1 }. Subsequently, consider the issue of dividing the set of n-preparing 

examples fitting in with two classes. 

 

niyRxyx n

iii ,...,2,1},1,1{,),,(   

 
 

Fig. 4.2: Architecture of the SVM (Ns is the number of support vectors). 

 

Given a set of images corresponding to N subject for training, SVMs are trained. Each SVM was trained to 

distinguish between all images of a single character and all other characters in the training set. During testing, 

the class table y of a face pattern x can be determined using, 

𝑌 =   
𝑛, 𝑖𝑓 𝑑𝑛 𝑋 + 𝑡 > 0

0, 𝑖𝑓𝑑𝑛 𝑋 + 𝑡 > 0
  

Where,   1)(max)( 
n

in XdiXd  

The distance from Inputs to the SVM hyper lance corresponding to character i. the classification threshold 

is t, and the class label y=0 stand for unknown. During testing, the distance from x to the SVM hyper plane is 

used to identify the subject. 

Inner product kernel maps input space to higher dimensional feature space. Inner product kernel K(x,x )= 

(x), (xi)  where x is input patterns,  is support vectors. 
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5. Experimental result: 

5.1 Indoor object detection: 

In object detection, Haar-like features are applied to a 200 indoor object categories. AdaBoost classifier is 

trained and tested using AdaBoost learning algorithm for each set of rectangle features detected from the input 

image. A weak classifier with the least classification error is chosen by the learning algorithm at all iteration. All 

sub-windows features are given as input to N-stage classifier. In each stage, non object sub-window is 

eliminated with respect to minimum threshold and object sub-window is detected in our work, Performance 

measure of the Real-time indoor object detection is 85.00% only. 

 

5.2 Indoor object recognition using SIFT and SVM: 

 In training phase, SIFT is applied to all object categories. In our work ten features are extracted from each 

point by using SIFT features. Number of pixels extracted from an input image is vary from image to image, as 

well as depends on the complexity of an image. The ten features are x position,  y position, scale, size of feature 

on image, edge flag, edge orientation, curvature of response through scale space. SIFT performs exceptional 

robust matching technique. It can grip changes in viewpoint and significant changes in illumination; it is hasty 

and proficient in the environment of real time. In testing phase, SIFT is applied to the test sample and depends 

upon the complexity of an image it extract some pixels, in each pixel 10 features are extracted. SVM recognize 

the sign by using the test features compared with train features of different objects. 

 

 

 

 

Fig. 5.1: Snapshot for Indoor object Detection and Recognition System 

 

5.3 Performance of indoor object recognition: 

Performances of indoor object detection and recognition using SIFT with SVM are measured for different 

categories. The indoor object include ten categories such as mixie, stove, sink, cylinder, sofa, chair, TV, clock, 

dressing table and pillow. These ten indoor objects are used for training (per category) and five indoor objects 

are used for testing (per category). The SIFT features are extracted from each detected indoor object and SVM is 

used to recognized the detected object. Extracted indoor object image was used as an input image, as well as 

input image was a damaged image. 

 
Table 5.1: Confusion matrix for Recognition system 

OBJECT NAME TP FN FP TN 

Mixie 4 1 2 43 

Stove 4 1 2 43 

Sink 4 1 1 43 

Cylinder 3 2 0 45 

Chair 4 1 1 43 

TV 4 1 1 43 

Clock 3 2 3 42 

Sofa 4 1 0 45 

Pillow 4 1 2 43 

Dressing table 4 1 0 45 

 

The true positive, false negative, false positive and true negative are shown in the table5.1. From this table 

accuracy, recall, precision and f-score are calculated. Table5.2 shows the performance for SIFT. Chart5.1 shows 

the performance comparison of SIFT. 
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Table 5.2:  Performance table for the Recognition system 

Feature Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F-score 

(%) 

SIFT 

SVM 

With Gaussian 

kernel 

95.17 76.00 76.00 20.00 

 

 
 

 

Chart. 5.1: Performance Chart for SIFT using SVM 

 

6. Conclusion and Future work: 

A method for Indoor object detection and recognition from real-time Indoor Environment was presented. 

An approach for indoor object detection, feature extraction from detected object and object recognition have 

been proposed and implemented. AdaBoost Classifier algorithm was used to detect the indoor objects and to 

extract the feature from the detected image SIFT was used. Finally object recognition was performed through 

SVM. The accuracy of indoor object detection is 85.00% .The accuracy of Indoor object recognition achieves a 

recognition rate about 95.17%.In future work, .A new feature extraction technique will be proposed to recognize 

the indoor objects and to improve the performance of the classification. 
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