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Abstract - Understanding of Scene is the major challenge in the visual based monitoring system. The 
proposed work direct the method of understanding the indoor scenes though the related indoor objects 
automatically. Recognizing indoor objects automatically can make helpful for visually impaired system. 
Initially the indoor object recognition system is used to identify the multiple numbers of objects in the scene 
and recognition also through SVM trained models. By adopting the results of indoor object recognition 
system, the scene recognition system is trained and made suitable for estimating the scene. Damaged, 
occluded, rotated, colour faded indoor objects can also be recognized and risks will be reduced through the 
probable system.  

 
Keywords – Object, feature, recognition, SURF, SVM 
 

I. INTRODUCTION 
 Detection and Recognition of indoor scenes are tedious task for blind people. Major issues are 

detection and recognition of objects under complex background, occluded and rotated objects, and objects 
under varied lighting conditions, to overcome these kinds of problems we need to use scale and rotation 
invariant SURF features. Number of feature extraction point chosen from a given image is depends on the 
complexity of an image, but the feature extracted from each point is ten. Thus, the performance measure of 
indoor scenes is measured separately by using SURF. Scene is Collection of different Objects. 
 Indoor scene is collection of objects inside the building such as house, laboratory and so on. The objects 
present in the indoor scene are called as indoor objects.  
Classifying indoor scenes is a challenging task due to the large variation across different examples within each 
class and similarities between different classes. Besides special properties indoor classification requires us to 
see the objects they contain for a good accuracy. Here the Dining room is an indoor scene, the objects present 
in the dining room are dining table, dining chair, dinner set are called as indoor objects of dining room. The 
Bed room consists of indoor objects such as bed, night lamp and dressing table. The Living room consists of 
television, chair, sofa and clock. 
 

II. ORGANIZATION OF THIS WORK 
This work explains with Introduction with complete explanation in the literature survey. Further the 

Indoor Object Detection is performed AdaBoost algorithm and the Recognition of Indoor Objects is estimated 
through SURF features. Finally the Scene recognition using Support Vector Machine is evaluated and the 
Experimental Results are observed.  
 

III. LITERATURE SURVEY 
Megha Pandey and Svetlana Lazebnik presented a Scene Recognition and Weakly Supervised Object 

Localization with Deformable Part-Based Models. These models have been introduced for fully supervised 
training of object detectors, but they demonstrated that they are also capable of more open-ended learning of 
latent structure for such tasks as scene recognition and weakly supervised object localization. Ki-Yeong Park, 
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Sun-Young Hwang proposed An improved Haar-like feature for efficient object detection.They proposed an 
improved feature descriptor, Haar Contrast Feature, for efficient object detection under various illumination 
conditions. The proposed feature uses the same prototypes of Haar-like feature and computes contrast using 
the normalization factor devised to reflect the average intensity of feature region. SondaAmmarBouhamed, 
JihenFrikhaEleuch and ImenKhanfirKallel presented a new electronic cane for visually impaired people for 
obstacle detection and recognition. They described a new electronic white cane for visually impaired people. 
Our device may enable blind individuals to see the world with their ears. Liyuan Li, WeiminHuang,Irene Y.H. 
Gu,Qi Tian presented a Foreground Object Detection from Videos Containing Complex Background. They 
proposed a novel method for detection and segmentation of foreground objects from a video which contains 
both stationary and moving background objects and under- goes both gradual and sudden “once-off” changes. 
A Bayes decision rule for classification of background and foreground from selected feature vectors is 
formulated.  

H.Zender, O.MartınezMozos and G.-J.M.Kruijff proposed a Conceptual Spatial Representations for 
Indoor Mobile Robots. They presented an approach for creating conceptual representations of human-made 
indoor environments using mobile robots. The concepts refer to spatial and functional properties of typical 
indoor environments. Megha Pandey and Svetlana Lazebnik proposed a Scene Recognition and Weakly 
Supervised Object Localization with Deformable Part-Based Models. Weakly supervised discovery of 
common visual structure in highly variable, cluttered images is a key problem in recognition. We address this 
problem using deformable part-based models (DPM’s) with latent SVM training.  
 

IV. METHODOLOGY 
 
A. Indoor Object Detection  

The indoor objects and indoor scene recognition system are described in this work consist of indoor 
object detection using AdaBoost classifier algorithm, feature extraction, recognition of indoor object using 
SVM and recognition of indoor scene. The various modules are explained in Block Diagram of Indoor Scene 
Recognition is shown in Fig. 4.1.  
 
 

 

 

 

  

 
 
 
 
 
 
 
 
 
 
 

Fig. 4.1 Block diagram of Indoor Scene Recognition 
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Object Detection using AdaBoost Classifier 

Extraction of SURF features 
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Scene Recognition using Support Vector 

Recognized Scene 
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B. Indoor Object Detection  

Object detection from input image includes two things namely Haar-like feature 
 
C.  Haar-like Features  

Each Haar-like feature consists of two or three jointed “black” and “white” rectangles. The value of a 
Haar-like feature is the difference between the sums of the pixel gray level values within the black and white 
rectangular regions. Compared with raw pixel values, Haar-like features can reduce/increase the in-class/out-
of-class variability, and thus making classification easier.  
 
D. AdaBoost Classifier Algorithm  

AdaBoost (Adaptive Boost) is an iterative learning algorithm to construct a “strong” classifier using 
only a training set and it is a “weak” learning algorithm. It converts the weak classifiers into a strong 
classifier. A “weak” classifier with the minimum classification error is selected by the learning algorithm at 
each iteration .AdaBoost is adaptive in the sense that later classifiers are tuned up in favor of those sub-
windows misclassified by previous classifiers. 
 
E. Training and Testing of Indoor objects  

For Indoor object detection, totally there 90 indoor scene images are taken. Each image undergoes 
training and testing using AdaBoost classifier algorithm. Based on number of iterations, thus the training stage 
and False alarm rate is getting varied for every input image given to the classifier. The AdaBoost classifier is 
mainly used to convert the weak classifier to strong classifier.  

The various indoor object images are taken such as mixie, stove, cylinder, bed, night lamp, chair and 
TV. Among the 90 indoor images only 81 images are detected accurately. The detection rate for Real-time 
indoor object is 90.00%. Bounding boxes are used to represent the detected indoor objects from the given 
input image. Shows the input image and the bed and lamp are detected using bounding box which is shown in 
below image 

 
Fig.4.2 Input image and the detected bed and lamp marked in bounding box 

 
V. RECOGNITION OF INDOOR OBJECTS 

 
A. Feature Extraction  

In image processing, feature extraction is a special form of dimensionality reduction. When the input 
data to an algorithm is too large to be processed and it is suspected to be very redundant, then the input data 
will be transformed into a reduced representation set of features (also named features vector). Transforming 
the input data into the set of features is called feature extraction. If the features extracted are carefully chosen 
it is expected that the features set will extract the relevant information from the input data in order to perform 
the desired task using this reduced representation instead of the full size input.  
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B. Speeded Up Robust Feature (SURF)  
SURF is a robust local feature detector, first presented by Herbert Bay et al. in 2006, that can be used 

in computer vision tasks like object recognition or 3D reconstruction. It is partly inspired by the SIFT 
descriptor. SURF is based on sums of 2D Haar wavelet responses and makes an efficient use of integral 
images. The SURF-algorithm is based on the same principles and steps, but it utilizes a different scheme and 
it should provide better results, faster. Fig.4.2 shows the process of SURF. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4.2 Processing of SURF 
 
The SURF algorithm is composed of following steps:  
 
C. Fast-Hessian Detector  

The SURF uses a hessian based blob detector to find interest points. The determinant of a hessian 
matrix expresses the extent of the response and is an expression of the local change around the area.  

  (5.1) 
Where,  

        (5.2)  

              (5.3) 
 
𝐿𝑋𝑋 (x,σ) is the convolution of the image with the second derivative of the Gaussian. The heart of the SURF 
detection is non-maximal-suppression of the determinants of the hessian matrices. The convolution is very 
costly to calculate and it is approximated and speeded-up with the use of integral images and approximated 
kernels.  

Input Image 

Fast-Hessian Detector 

Interest Point Descriptor 

Orientation Assignment 

Descriptor Computation 

Speeded up robust features 

INTERNATIONAL JOURNAL OF INFORMATION AND COMPUTING SCIENCE

Volume 6, Issue 6, June 2019 127

ISSN NO: 0972-1347

http://ijics.com



The second order Gaussian kernels used for the hessian matrix must be discretized and cropped before 
we can apply them on a 9x9 kernel . This way it is possible to calculate the approximated convolution 
effectively for arbitrarily sized kernel utilizing the integral image.  
 
       Det(Happrox)=DxxDyy-(wDxy)

2                      (5.4) 
 
The approximated and discrete kernels are referred to as Dyy for Lyy (x,σ ) and Dxy for 𝐿𝑋𝑌 (x, σ) . 
 
D. Interest Point Descriptor  

The SURF descriptor describes how the pixel intensities are distributed within a scale dependent 
neighborhood of each interest point detected by the Fast-Hessian. This approach is similar to that of SIFT but 
integral images used in conjunction with filters known as Haar wavelets are used in order to increase 
robustness and decrease computation time. Haar wavelets are simple filters which can be used to find 
gradients in the x and y directions. Extraction of the descriptor can be divided into two distinct tasks. First 
each interest point is assigned a reproducible orientation before a scale dependent window is constructed in 
which a 64-dimensional vector is extracted.  
 
E. Orientation Assignment  

In order to achieve invariance to image rotation each detected interest point is assigned a reproducible 
orientation. Extraction of the descriptor components is performed relative to this direction so it is important 
that this direction is found to be repeatable under varying conditions. To determine the orientation, Haar 
wavelet responses of size 4σ are calculated for a set pixel within a radius of 6σ of the detected point, where σ 
refers to the scale at which the point was detected. The specific set of pixels is determined by sampling those 
from within the circle using a step size of σ. At each position, the x and y-responses within the segment are 
summed and used to form a new vector. The longest vector lends its orientation the interest point.  
 
F. Descriptor Computation  

The first step in extracting the SURF descriptor is to construct a square window around the interest 
point. This window contains the pixels which will form entries in the descriptor vector and is of size 20σ, 
again where σ refers to the detected scale. The descriptor window is divided into 4 x 4 regular sub regions. 
Within each of these sub regions Haar wavelets of size 2σ are calculated for 25 regularly distributed sample 
points. If we refer to the x and y wavelet responses by dx and dy respectively then for these 25 sample points.  

 
   Vsub_regions= [∑dx, ∑dy, ∑|dx|,∑|dy|]   (5.5) 
 
Therefore each sub region contributes four values to the descriptor vector leading to an overall vector of 
length 4 x 4 x 4 = 64. The resulting SURF descriptor is invariant to rotation, scale, brightness and, after 
reduction to unit length, contrast. 
 
G. SVM Principle  

The Support Vector Machine (SVM) can be used for classifying the obtained data. SVM are a set of 
related supervised learning methods used for classification and regression. They belong to a family of 
generalized linear classifiers. Let us denote a feature vector (termed as pattern) by x=(x1, x2, …..,xn) and its 
class label by y such that y = {+1, −1}. Therefore, consider the problem of separating the set of n-training 
patterns belonging to two classes. SVM generally applies to linear boundaries. In the case where a linear 
boundary is inappropriate SVM can map the input vector into a high dimensional feature space. By choosing a 
non-linear mapping, the SVM constructs an optimal separating hyper plane in this higher dimensional space. 
The function K is defined as the kernel function for generating the inner products to construct machines with 
different types of non-linear decision surfaces in the input space. 
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VI. SCENE RECOGNITION 

Matching score value is generated for each indoor objects present inside the indoor scene.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 6.1 Block diagram of Scene recognition using score value 
 

Score value is output of recognized indoor objects. Score value is used as feature vector for indoor 
scene recognition using SVM. SVM classifier is used to generate the score value for every indoor object. 
Based on the class label and highest score value of the indoor object, thus the indoor scene is recognized. 
There are three kinds of indoor scenes are recognized namely kitchen, Bed room and Living room. There are 
30 indoor scene images are taken for training. Each scene category has 10 images. Table 6.1 shows the score 
values generated for indoor objects such as Mixie, Stove, Cylinder, Chair, TV, Bed and lamp (Training data). 
Based on the score value, thus the corresponding indoor scenes are recognized namely Kitchen, Living room 
and Bed room. Fig. 6.1 shows the block diagram of scene recognition. 

 
 

Mixie Stove Chair TV Bed Lamp Class 
Label 

Scene 

1.0000 0.9200 0.0400 0.0400 0.0000 0.0000 0 Kitchen 
 0.9700 0.9900 0.0000 0.0100 0.0300 0.0000 0 

0.0000 0.0000 1.0000 0.9800 0.0000 0.0200 1 Living 
room 0.0000 0.0400 0.9600 1.0000 0.0000 0.0000 1 

0.0500 0.0000 0.0500 0.0300 0.9700 0.9500 2 Bed room 
 0.0200 0.0000 0.0000 0.0000 1.0000 0.9800 2 

 
Table 6.1: Training data of Scene Recognition (Matching score value) 

 
A. SURF Features with SVM  

In training phase, SURF is applied to all object categories. In our work seven features are 
extracted from each point by using SURF features. Number of pixels extracted from an input 
image is differ from image to image, as well as depends on the complexity of an image. SURF 
performs extra ordinarily robust matching technique. It can handle changes in viewpoint, it can 

Input Image 

Extraction of SURF features 

SVM Modeling 

Object Recognition using SVM 

Score used as features 

SVM Modeling 

Recognized Scene 
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handle significant changes in illumination, and it is fast and efficient -can run in real time. In 
testing phase, SURF is applied to the test sample and depends upon the complexity of an image it 
extract some pixels, in each pixel SURF features are extracted. SVM recognize the sign by using 
the test features compared with train features of different objects. 
 
B. Performance Measures  

The correctness of a classification can be evaluated by computing the number of correctly 
recognized class examples (true positives), the number of correctly recognized examples that do 
not belong to the class (true negatives), and examples that either were incorrectly assigned to the 
class (false positives) or that were not recognized as class examples (false negatives).  
 

Features Model 
Accuracy 

(%) 
Precision 

(%) 
Recall 
(%) 

Fscore 
(%) 

SURF SVM with Gaussian kernel 94.07 93.6 94.0 94.0 

 
 

VII. CONCLUSION 
A technique for Indoor scene recognition from real-time indoor environment was 

evaluated. An approach for indoor object detection, feature extraction from detected object and 
object recognition have been designed and implemented. AdaBoost Classifier algorithm was 
used to detect the multiple numbers of objects and to extract the feature from the detected image 
SURF was used. Sixty four features were extracted from each point using SURF features. Finally 
indoor object recognition was performed through SVM. The detection rate for Indoor objects 
90.00%. The performance of the system for indoor scene recognition attains an accuracy rate 
about 94.04% using SURF and SVM. 
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