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Abstract—Signage plays an important role in wayfinding and 

navigation to assist blind people accessing unfamiliar 

environments. In this paper, we present a novel camera-based 

approach to automatically detect and recognize restroom signage. 

Our method can handle symbolic signs, text, or both. For symbolic 

signage, we first employ shape detection to extract the attended 

areas which contain restroom signage. Then, local features are 

extracted from the attended areas to search for possible signage 

based on Scale-Invariant Feature Transform (SIFT) descriptor. 

Third, symbolic signage is detected and recognized as the regions 

with the SIFT matching scores larger than a threshold. For 

signage with text, a robust text extraction method is developed to 

detect the text regions, which are then binarized and recognized 

by off-the-shelf optical character recognition (OCR) software. 

The recognition results are then transformed into speech for blind 

users. Experiments show that the proposed method can handle 

multiple signage detection. Evaluation results on our collected 

restroom signage dataset demonstrate the effectiveness and 

efficiency of the proposed method.   

 

Index Terms— Blind people, Navigation and wayfinding, 

Signage detection and recognition, Text extraction and 

recognition. 

 

I. INTRODUCTION 

here were about 161 million visually impaired people 

around the world in 2002, which occupied 2.6% of the 

entire population according to the study of World Health 

Organization (WHO). Among these statistics, 124 million were 

low vision and 37 million were blind [11]. Independent travel is 

well known to present significant challenges for individuals 

with severe vision impairment, thereby reducing quality of life 

and compromising safety. Based on our survey with blind 

users, detecting and recognizing signage has high priority for a 

wayfinding and navigation aid. In this paper, we focus on 

developing effective and efficient method for restroom signage 

detection and recognition from images captured by a wearable 

camera to assist blind people independently accessing 

unfamiliar environments. 
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There are many camera-based technologies and systems 

developed to assist people who are blind or visually impaired. 

Ivanchenko and his colleagues developed a cell phone based 

prototype system to detect crosswalks at traffic intersections [8, 

9]. The voice vision [7] technology for the totally blind offers 

sophisticated image-to-sound renderings by using a camera 

[12]. Manduchi et al. [14] also attempted to use a cell phone to 

help visually impaired persons for wayfinding. Many 

algorithms have been developed to detect and recognize text for 

assistive systems to help the visually impaired people 

understand the surrounding environments [18, 26-28, 31]. They 

mainly focus on text extraction and localization from 

camera-based images, and then combine with existing OCR 

techniques to detect and recognize text in the environment. 

Then recognized text will be converted to speech or audio for 

blind users. Everingham et al. [3] developed a wearable 

mobility aid for people with low vision using scene 

classification in a Markov random field model framework. 

They segmented an outdoor scene based on color information 

and then classified the regions of sky, road, buildings etc. 

Shoval et al. [19] discussed the use of mobile robotics 

technology in the Guide-Cane device, a wheeled device pushed 

ahead of the user via an attached cane for the blind to avoid 

obstacles. When the Guide-Cane detects an obstacle it will steer 

around it. The user can immediately perceive this steering 

action and follow the Guide-Cane's new path. Pradeep et al. [17] 

describes a stereo-vision based algorithm that estimates the 

underlying planar geometry of the 3D scene to generate 

hypotheses for the presence of steps. The authors group has 

developed a number of computer vision based technologies to 

help blind people including banknote recognition [4], clothing 

pattern matching and recognition [23, 29], text extraction 

[26-28], and navigation and wayfinding [20, 21, 24, 25]. In 

addition, some systems employed Quick Response (QR) codes 

or Radio-frequency identification (RFID) tags to guide blind 

persons to destinations. However, most of these systems 

require pre-installed devices and pre-marked QR codes and 

RFID tags [10, 22]. Although many efforts have been made, it 

is still an open research topic to properly apply computer vision 

technologies to help blind people understand their 

surroundings. 

In this paper, we propose a computer vision-based method 

for restroom signage detection and recognition to assist blind 

persons independently accessing unfamiliar environments. The 

proposed method contains both detection and recognition 

procedures. Detection procedure obtains the location of a 

restroom signage in scene images. Recognition procedure is 
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then performed to recognize the detected signage as three 

categories: “Men”, “Women”, and “Disabled”. The signage 

detection is based on shape segmentation, which is widely 

employed and achieved great success in traffic signage and 

traffic light detection [16]. The signage recognition employs 

SIFT based matching, which is robust to variations of scale, 

translation and rotation, meanwhile partially invariant to 

illumination changes and 3D affine transformation. To read text 

information attached in restroom signage, a robust text 

extraction method is developed. Then the extracted text regions 

are binarized and recognized by off-the-shelf OCR software. 

The prototype system of the proposed signage detection to 

assist blind persons for wayfinding and navigation consists of a 

camera, a computer, and an auditory output device. Visual 

information would be captured via a mini-camera mounted on a 

cap or sunglasses, while feature extraction and matching are 

processed by a wearable computer. The recognition results are 

presented to blind users by auditory signals (e.g., speech or 

sound), which are output via a Bluetooth earpiece. 

The paper is organized as following: Section II describes the 

methodology of our proposed algorithm, including 1) method 

overview, 2) image preprocessing for signage detection, 3) 

signage detection based on shape and compactness, 4) signage 

recognition based on SIFT matching, and 5) text extraction, 

binarization, and recognition. Section III presents our 

experimental results which prove the effectiveness and 

efficiency of the proposed algorithm.  Section IV will conclude 

the paper. 

II. METHODOLOGY FOR RESTROOM SIGNAGE DETECTION AND 

RECOGNITION 

A. Method Overview 

The proposed restroom signage detection and recognition 

algorithm includes two main components: 1) symbolic signage 

detection, and 2) text extraction and recognition. The symbolic 

signage component contains three main steps: preprocessing of 

camera captured image, signage detection, and signage 

recognition as shown in Figure 1. Image preprocessing involves 

scale normalization, monochrome, binarization, and connected 

component labeling. Signage detection includes rule-based 

shape detection by detecting head and body parts of the signage 

respectively. The category of restroom signage (e.g., for “Men”, 

“Women”, or “Disabled”) is recognized by SIFT based 

matching distance between the detected signage region and 

restroom signage templates. For the restroom signage with text, 

we first extract the text regions and then input the binarized text 

region into OCR software for recognition. The recognition 

results will be output to blind users as audio signal.  

B. Image Preprocessing for Symbolic Signage Detection 

As illustrated in Figure 2, the preprocessing of a camera 

captured image consists of three steps: 1) converting the input 

image to gray image; 2) transferring the gray image to a binary 

image; and 3) performing connected component analysis on the 

binary image to detect the possible signage and eliminate 

background noises.  

 

Figure 1.  Flowchart of the proposed method for symbolic restroom 

signage detection and recognition. 

 

Figure 2.  Image Preprocessing for symbolic restroom signage detection. 

(a) Original image, (b) Gray image; (c) Binary image; (d) Labeled 

connected components. 

C. Symbolic Restroom Signage Detection based on Shape 

and Compactness 

We observe that most signage in camera captured images 

stand upright. Furthermore, the shapes of the restroom signage 

for all the three types (i.e., Men, Women, and Disabled) in USA 

contain a circle-shaped “head” part and a more complicated 

“body” part (see Figure 3). In this section, we describe our new 
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proposed rule-based method to locate restroom signage in 

images using shape information. 

 
Figure 3.  Templates of symbolic restroom signage for recognition. (a) 

Women, (b) Men, (c) Disabled 

 

Detecting Head Part of a Restroom Signage: Figure 3 depicts 

that all restroom signage of “Men”, “Women”, and “Disabled” 

has circle-shaped head part. The most popular circle detection 

method is Hough transform which detects circles by voting 

procedures based on a-b-R space [1]. However, the 

computational complexity is high in a-b-R space. For example, 

if an image has 200x200 pixels, the size of a-b-R space is 

200*200*100 = 4*10
6
, which is computing expensive [16]. 

Meanwhile, Hough transform accepts open circles, which do 

not represent the head part (closed circles) and may cause 

unpredicted recognition results. Thus we propose an efficient 

circle detection method based on the properties of connected 

components. 

For each connected component which has a circle shape, the 

ratio of its perimeter and area is expected to be approximate to 

  . The connected component CC will be a “Head” part of a 

restroom signage if the following rule is satisfied: 

If 
2 1

CC.peri^2
 

CC.Area
    

where CC.Area is the area of the connected component and 

CC.Peri is the perimeter of the connected component. 

 

Figure 4.  Example results of symbolic restroom signage detection. The 

green components indicate the detected “head” part, and yellow 

components indicate detected the “body” part, and red boxes show the 

signage locations in images which will be used for recognition. 

 

Detecting Body Part of a Restroom Signage: The body part of 

a restroom signage has more complicated shape which cannot 

be directly detected by simple shape detection method.  

Therefore, we detect a body part based on the positions of its 

corresponding head part of a restroom signage. A connected 

component is a body part if: 

2 1

CC.Area

Head.Area 
    & 

2 1

CC.Peri

Head.Peri
    

where CC is the nearest connected component to the head part, 

and CC.Area and CC.Peri represent its area and perimeter. All 

the parameters in the above equations are obtained from 

connected component statistics of the training samples in a 

database of restroom signs in good quality. Some example 

results of restroom signage detection are shown in Figure 4. 

The green components indicate the detected “head” part, the 

yellow components indicate the detected “body” part, and red 

boxes show the signage regions located in images which will be 

used for recognition. As shown in Figure 4(b), our method can 

also handle signage with rotations.  

 

D. Symbolic Signage Recognition Based on SIFT Matching 

 

SIFT Feature Extraction and Representation: Scale-invariant 

feature transform (SIFT) features have been widely employed 

for object detection and recognition due to the robustness to 

variations of scale, translation, rotation, illumination, and 3D 

affine transformation. In order to perform signage recognition, 

we employ SIFT feature descriptors as [5, 6]. SIFT feature 

extraction and representation contains two phases: (1) detect 

interest feature points and (2) feature point descriptor. 

First, potential feature points are detected by searching 

overall scales and image locations through a 

difference-of-Gaussian (DoG) function pyramid. The DoG is a 

close approximation to the scale normalized Laplacian of 

Gaussian to find the most stable image features [12, 13]. Hence, 

the locations of the points correspond to these most stable 

features are identified as interest feature points. 

Second, the feature descriptor is created for each interest 

point by sampling the magnitudes and orientations of image 

gradients in a 16x16 neighboring region. The region is centered 

at the location of the interest point, rotated on the basis of its 

dominant gradient orientation and scaled to an appropriate size, 

and evenly partitioned into 16 sub-regions of 4x4 pixels. For 

each sub-region, SIFT accumulates the gradients of all pixels to 

orientation histograms with eight bins [15]. A 4x4 array of 

histograms, each with eight orientation bins, captures the rough 

spatial structure of the neighboring region. This 128 

dimensional vector, i.e. the feature descriptor for each interest 

point, is then normalized to a unit length. Figure 5 shows the 

SIFT features extracted from “Women”, “Men”, and “Disabled” 

templates. The detected interest points are the centers of the 

green circles, and the radius of the green circle indicates the 

scales. 

 

Figure 5.  Examples of SIFT feature extraction for different restroom 

signage (a) “Women”; (b) “Men”; and (c) “Disabled”. The center of each 

green circle indicates one detected interest point, and the radius of the 

green circle indicates the scales. 

(a) (b) (c)

(a) (b) (c)

(a)                        (b)                       (c)
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Signage Recognition by SIFT Matching: In order to recognize 

the detected signage, SIFT-based interest points are first 

extracted from the template images of restroom signage 

patterns which have no shape distortions (see Figure 3). Then, 

the features of the image region of the detected signage are 

matched with those from the template signage patterns based on 

nearest Euclidean distance of SIFT feature vectors. We employ 

the object location, scale, and orientation to identify good 

matches. Following Lowe’s method, we employ the 

Best-bin-first (BBF) search method to identify the nearest 

neighbors with high probability by limited computation. The 

key point with minimum Euclidean distance from a descriptor 

vector is defined as its nearest neighbor. The BBF algorithm 

makes the bins in feature space searched in the order of their 

closest distance from the query location. In our method, two 

criteria are required to determine matching points: (1) similar 

descriptors for corresponding features; and (2) uniqueness for 

the correspondence. 

For a detected signage, we calculate its number of matching 

points with each category of the template signage. The detected 

signage will be predicted as the category where maximum 

matching points are generated. Figure 6 demonstrates the 

extracted SIFT features (left column) and the matched features 

(right column) between the template signage patterns (the first 

row) and the detected signage regions (the second row) for 

signage of “Women” (Figure 6(a)), “Men” (Figure 6(b)), and 

“Disabled” (Figure 6(c)) respectively. 

 

 

Figure 6. Examples of matched features between templates of restroom 

signage patterns (upper row) and the detected signage image regions 

(lower row). 

E. Text Extraction, Binarization, and Recognition 

In addition to symbolic signage appearances, text characters 

and strings in signage boards also play a significant role in 

wayfinding and navigation. We further design an algorithm to 

extract text information from camera-captured images. 

In most scene images, text appears in the form of text strings 

that consist of three or more character members. These 

characters generally keep uniform colors and linear alignments. 

Thus we can employ color similarity and spatial layout analysis 

to extract text strings from scene images. 

Firstly, color reduction is performed to group the pixels in the 

similar color into a color layer. Thus text strings can be 

separated from background objects such as signage boards and 

walls with different colors (see Figure 7(b)). Secondly, each 

color layer is actually a binary map, with color pixels as 

foreground. Then we perform connected component analysis to 

find out all possible text characters in the form of connected 

components. Their positions are marked by rectangle bounding 

boxes. Thirdly, spatial layout analysis is performed by using the 

adjacent character grouping methods in [28] to find out 

fragments of text strings from the connected components (see 

Figure 7(c)). Fourthly, all the text string fragments are merged 

into text regions.  

In the detected text regions, we employ off-the-shelf OCR 

software to recognize the text characters and strings. Thus 

pixel-based text image is transformed into readable text code, 

and we notify blind user of text information by speech output. 
 

 

Figure 7. Text detection from scene images. (a) Original image. (b) Color 

layers obtained from color reduction. (c) Adjacent character grouping 

based linear text alignment in one of the color layers. Each group 

corresponds to a fragment of text string. 

(a) (b)

(c)

http://en.wikipedia.org/wiki/Euclidean_distance
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III. EXPERIMENTAL RESULTS 

A. Restroom Signage Database 

To validate the effectiveness and efficiency of our method, 

we have collected a database containing 96 image samples of 

restroom signage including patterns of “Women”, “Men”, and 

“Disabled”. There are 50 “Men” signage, 42 “Women” 

signage, and 10 images of “Disabled” signage respectively. As 

shown in Figure 8, the database includes the changes of 

illuminations, scale, rotation, camera view, perspective 

projection, etc. Some of the images contain both signage of 

“Men” and “Women”, or combined signage of “Men” and 

“Disabled”, or combined signage of “Women” and “Disabled”. 

In addition, there are 30 images in the database which contain 

text information in the form of text strings, such as “MEN”, 

“WOMEN”, and “RESTROOM”. Our Text extraction method 

is evaluated on these images.  

TABLE 1 

CONFUSION MATRIX OF RESTROOM SIGNAGE RECOGNITION 

 

 Men(50) Women(42) Disable(10) 

Men 41 3 0 

Women 2 36 0 

Disabled 0 0 9 

 

 

Figure 8.  Sample images with signage detection and recognition in our 

database include changes of illuminations, scale, rotation, camera view, 

and perspective projection, etc. The red boxes show the detected signage 

region, while the letter above each red box indicates the recognition of the 

signage: “W” for “Women”, “M” for “Men”, and “D” for “Disabled”. 

B. Results of Restroom Signage Recognition 

Our method of signage detection and recognition can 

handle signage with variations of illuminations, scales, 

rotations, view angles, and perspective projections. The 

recognition accuracy of the proposed method is evaluated on 

the collected database, as shown in Table 1. Our proposed 

algorithm achieves accuracy of detection rate 89.2% and of 

recognition rate 84.3%. Of the 96 images in our dataset which 

contains 102 signage (some images have combined signage), 

91 signs are correctly detected and 86 signs are correctly 

recognized. Some examples of the restroom signage detection 

and recognition from different environments are shown in 

Figures 8 and 9. The red boxes denote the detected signage 

region, while the letter above each red box indicates the 

recognized label of the signage: “W” for “Women”, “M” for 

“Men”, and “D” for “Disabled”. 

C. Results of Text Detection and Recognition 

For the text information in signage, we apply the algorithm 

described in Section II-E to detect text strings. The proposed 

text localization method is evaluated by using the Robust 

Reading Dataset [32] from International Conference on 

Document Analysis and Recognition (ICDAR) 2003. We 

selected 420 images from the database which contain text 

strings with at least three characters and uniform colors. Our 

method achieves an average precision of 71%, where the 

precision is defined as the ratio of area of the successfully 

extracted text regions to the areas of the whole detected regions.  

Figure 10 demonstrates some detected regions of text strings 

marked in blue masks (the left column). OCR software 

recognizes the text information within the regions. The 

binarized text regions and their corresponding text codes 

recognized by OCR are displayed in the right column of Figure 

10. 

 

 

Figure 9. Sample restroom signage images of each step of the proposed 

method. Rows from top to bottom: original images, binarized images, 

images with connected components, and detected and recognized signage.  

We further verify the computation time of the proposed 

method. The experiments are carried out on a computer with a 

2GBHz processor and 1GB memory. The proposed algorithm is 
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implemented in Matlab code without optimization. The average 

computation speed for detecting and recognizing restroom 

symbolic signage is about 150 frames per second at image 

resolution of 320x240. This ensures real-time processing for 

developing navigation and wayfinding systems to help blind 

and vision impaired users.  

Figure 11 demonstrates several signage examples which our 

method fails to detect and recognize. We observe that the 

failures are caused by the following three reasons: 1) large 

camera view changes which can cause large shape distortion; 2) 

image blurry due to camera motion; and 3) low image 

resolution when the user is far from the signage. 

 

 

Figure 10. Detected text regions are marked in blue masks in the images 

(left column). The detected text regions and the corresponding text codes 

recognized by off-the-shelf OCR are displayed in the right column. 

 

 

Figure 11.  Examples of images our method fails due to the extreme large 

perspective projections (a) and the small size of signage (b and c). 

D. System Prototype Implementation 

As shown in Fig. 12, we have developed a prototype system 

including a Logitech web camera with auto focus attached on a 

pair of sunglasses to capture images, a HP mini laptop 

connected to the camera by USB for algorithm-based 

processing, and a wireless Bluetooth earpiece for presenting 

detection results as speech outputs to the blind travelers. To 

avoid serious blocking or distracting the hearing of blind 

people, a sense that they rely upon heavily, the signage 

detection and recognition will be conducted only when blind 

users request. For speech output, we employ Microsoft speech 

software development kit (SDK). For text recognition, we 

integrate Tesseract [33], an open-source OCR engine, into our 

implementation. In pilot interface studies, we have conducted a 

survey and collected a testing dataset by 10 blind subjects using 

the prototype system with a wearable camera on sunglasses. 

 

Figure 12. The developed prototype system includes a Logitech web 

camera with auto focus on sunglasses and tested by blind subjects for 

signage detection and recognition.  

IV. CONCLUSION AND FUTURE WORK 

To assist blind persons independently accessing unfamiliar 

environments, we have proposed a novel method to detect and 

recognize restroom signage based on shape and appearance 

features and text strings associate with the signage. The 

proposed method can handle restroom signage with variations 

of scales, camera views, perspective projections, and rotations. 

The experiment results demonstrate the effectiveness and 

efficiency of our method.  

Our future work will focus on detecting and recognizing 

more types of signage and context information to improve 

indoor navigation and wayfinding for blind people. We will 

also address the significant human interface issues including 

auditory displays and spatial updating of object location, 

orientation, and distance.  
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