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CHAPTER 6 

EXPERIMENTAL RESULTS AND VALIDATION 

To validate the proposed framework in this dissertation, real road sign images are 

gathered and used. To increase number of images with defects, synthetic defects were added 

to defect free images to simulate defects in the acquired road sings. Therefore, all realistic 

conditions were already available or added to test the robustness of proposed methods such 

as: 1) scale or size of ROI, 2) partial occlusion on the top or right side of the sign, 3) tilting, 

4) illumination variations, 5) vandalism, 6) deterioration, and 7) geometric distortions. 

This chapter is organized as follows: Section 6.1 introduces road sign images 

acquisition and preparation; Section 6.2 presents the color segmentation and shape 

recognition stage results; Section 6.3 introduces tilt angle detection and computation results; 

Section 6.4 presents the results of road sign partial occlusion condition assessment stage; 

Section 6.5 presents the results of road sign vandalism condition assessment; and Section 6.6 

presents road sign deterioration condition assessment results. 

6.1   Road sign image acquisition and preparation 

Three road sign image databases were used, these are: 

1. Images captured using SAMSUNG ST65 digital camera, still pictures 

2. Images from VISATTM mobile mapping system [21], taken using a moving van with 

60m/hr speed limit. 

3. Images from Michigan Department of Transportation (MDOT) [94]. 

Images from these three different databases were all color pictures but with different 

resolution. Preprocessing steps were enforced to rescale these images to 864x648 pixels 

for SAMSUMG camera images, 640x480 pixels for MDOT images, and 802x617 pixels 
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for VISATTM images. Since these images were captured under different circumstances 

and using different equipment, they have different levels of quality in terms of distortion, 

sharpness, noise, and contrast. Proposed methods were implemented using MATLAB 

environment and a 2.67-GHz Pentium4 and are independent of the source of data. 

Additionally, data were normalized to remove ROI actual size impact.  

Some images contained real defects that were captured by the SAMSUNG camera or 

extracted from VISATTM database while others contained simulated defects that were 

added into the images. Defects were added include tilting, partial occlusion, and 

vandalism. For example, partial occlusion defect was added by applying a mask to road 

sign background and ROI outline while vandalism defect has been achieved by painting 

on road sign’s content. Figure 6.1 shows real and synthetic defects in a sample of road 

sign images. 

 

Figure 6.1: Real and simulated defects appearing in road signs. a) real partial occlusion of 
a speed limit sign b) synthetic partial occlusion of a warning sign c) real graffiti on a 
STOP sign d) synthetic graffiti of paint to transform a 30 speed limit to an 80 one. 
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6.2   Color segmentation and shape recognition results 

Shape recognition has been satisfied geometrically by using color thresholding first 

and then applying a set of cascaded detectors. Threshold values of the color segmentation 

stage were chosen to segment different illumination levels images. Table 6.1 shows threshold 

values used in color segmentation stage. 

Table 6.1: Color segmentation threshold values. 

 Threshold values 

Red color 22.;3. == ThGThR  

Yellow color 95.=ThY  

White color 

240;160;240

;160;240;160

;40;40;32

212

121

321

===

===

===

ThBThBThG

ThGThRThR

ThAThAThA

 

 

Area and solidity thresholds of ROI in the detection stage were also chosen to discard 

non-road sign objects from the segmented frame. For each road sign shape, different road 

signs were tested to get the minimum and maximum solidity values considering partial 

occlusion; these values are used as the lower and upper bounds of solidity thresholds range. 

In fact, a safety margin was added to expand this solidity thresholds range since partial 

occlusion would have small effect on the solidity value.  

     Vertices and Dimensions ratio in the shape detection and recognition stage were also 

found within 3% tolerance of dimension length to assure the right process of the recognition 

stage. Table 6.2 shows shape detection and recognition threshold values of area, solidity, and 

dimensions-ratio tolerance used.  
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 Table 6.2: Shape detection and recognition threshold values. 

 

 

 

 

    

 

The shape detection and recognition methodology was applied on 420 images. Some 

images have no road signs and some have more than one road sign. Table 6.3 shows the 

results of the detection and recognition methodology. Number of existed road signs was 408, 

Five road signs were recognized falsely while twenty eight of the sample tested were not 

detected as road signs. This error is the result of segmentation and detection errors. The 

detection and recognition methodology has an accuracy of about 91.9%.  

Table 6.3: Summary of shape detection and recognition results. 

 

 

     

 

 

 

 

 

Table 6.4 shows the detection and recognition rate of each road sign shape. These shapes’ 

recognition results are also shown in Figure 6.2. 

 Area Solidity Dimensions-Ratio Tolerance 

Rectangle [2000-25000] 

[0.6-0.85] 3% 

Triangle [0.71-0.77]  

Octagon [0.77-0.85] 3% 

Diamond [0.5-0.85] 3% 

Pentagon [0.6-0.7] 3% 

Number of frames 420 

Number of existed road signs 408 

Number of detected road signs 380 

Number of recognized road signs 375 

Number of missed road signs 28 

Number of Falsely recognized road signs 5 
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Table 6.4: Shape detection and recognition rates or each road sign shape. 

Number of Signs Detected Missed Falsely recognized 

All Signs 375 28 5 

Rectangular 98 12 0 

Diamond 97 9 0 

Triangular 50 3 0 

Pentagonal 42 2 4 

Octagonal 88 2 1 

Total number of existed  signs  408  

 

 

Figure 6.2: Road sign shapes detection and recognition rate. 

 

Figure 6.3 shows the shape detection process of speed sign. Figure 6.4 shows the shape 

detection process of partial occluded warning sign while Figure 6.5 shows the shape 

detection process of tilted STOP sign. 
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Figure 6.3: Shape recognition process of speed sign. a) original frame b) segmented frame c) 
detected road sign. 

 

Figure 6.4: Shape recognition process of partially occluded warning sign. a) original frame b) 
segmented frame c) detected warning sign. 

 

Figure 6.5: Shape recognition process of partially occluded STOP sign. a) original frame 
b) segmented frame c) detected STOP sign.
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6.3   Tilt computation results 

A total of 105 images that contained all road sign shapes with real and synthetic tilting 

defect were used. Additionally, the methodology has been tested under different conditions: 

1) Scale; 2) Partial occlusion; and 3) Geometric distortion. In Table 6.5, the results of tilt 

angle computations under these different conditions are presented. It shows the maximum 

error and the average accuracy for all road signs tested. Figures 6.6, 6.7, and 6.8 show the 

results of tilt detection and the value of titling angle for a geometrically distorted warning 

sign, a tilted STOP sign, and partially occluded speed sign, respectively.  

Table 6.5: Summary of tilting computation results. 

 

 

The methodology has limitations in terms of maximum tilt angle values that can be 

computed due to the fact that we compute the tilt angle using only the shape outline 

regardless of sign content. For example, incorporating the content of the STOP sign in the 

direction calculation allowed for an increase in the range of its tilt angles. The method has the 

ability to determine the tilt angle up to ±45o for rectangular, diamond, octagonal and 

pentagonal shaped signs and up to ±60o for triangular shaped signs. 

Type of defect Number of signs Maximum error Average accuracy 

Partial occlusion 40 2o .5o 

Scale variations 40 2o 1o 

Geometric distortion 25 4o 2.5o 
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1.4−=θ

Figure 6.6: Geometrically distorted warning sign. a) original frame b) segmented frame c) 
detected shape with tilt angle. 

 
 

4.23=θ

Figure 6.7: Tilted STOP sign [18]. a) original frame b) segmented frame c) detected shape 
with tilt angle. 

 
 

3.18−=θ

Figure 6.8: Partially occluded tilted speed sign. a) original frame b) segmented frame c) 
detected shape with tilt angle.
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6.4 Partial occlusion condition assessment results 

Five linear support vector machines (SVM) were trained using DtB vectors, one for each 

of the occluded and non-occluded five road sign shapes. In addition, another five KNN 

classifiers were used as a benchmark to compare and evaluate the performance of the 

proposed SVM. The partial occlusion assessment method has been tested using 375 different 

road signs as shown in Table 6.6 with 225 non-occluded signs and 150 partially occluded 

ones. The testing data set has different conditions than the training set in terms of: 1) Scale; 

2) Rotation; 3) Geometric distortion; and 4) Different levels of partial occlusion.  

 

Table 6.6: Partial occlusion test data classification. 

 

 

 

 

 

 

The performance of both the KNN and SVM classifiers was evaluated under different 

number of training data; 16, 20, and 24 and different DtB vector sizes; 50, 100, and 200. Four 

possible cases are available for any test instance: 

• True positive (TP): partially occluded road sign correctly identified as partially occluded. 

• False positive (FP): non-occluded road sign incorrectly identified as partially occluded. 

• True negative (TN): non-occluded road sign correctly identified as non-occluded. 

• False negative (FN): partially occluded road sign incorrectly identified as non-occluded. 

Shape tested Test Data 

Sign Shape Non-occluded Partially Occluded Total  

Octagonal 55 33 88 

Rectangular 58 40 98 

Diamond 62 35 97 

Triangular 30 20 50 

Pentagonal 20 22 42 

All Signs 225 150 375 
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The performance is evaluated in terms of sensitivity, specificity, and accuracy as follows: 
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The performance of the KNN classifier is better than the performance of the SVM 

when a small training data used but as the training data increases; SVM outperformed KNN. 

Table 6.7 shows the performance of both SVM classifier and  KNN classifier with DtB vector 

equals 200.  

 

Table 6.7: SVM and KNN performance with DtB vector equals 200. 

Training Data TN TP FN FP Sensitivity Specificity Accuracy  

16 198 125 25 27 83.3 88 86.1 
S
V
M
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  

20 214 131 19 11 87.3 95.1 92 

24 218 139 11 7 92.6 96.8 95.2 

16 206 128 22 19 85.3 91.5 89.1 

K
N
N
 

20 213 130 20 12 86.6 94.6 91.5 

24 215 134 16 10 89.3 95.5 93.1 
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The DtB vector length has an effect on the classifier performance, as DtB vector 

length decreases; the classifier accuracy decreases. Figure 6.9 shows the relation between 

classification accuracy and DtB vector length. Also, in figures 6.10 and 6.11, the ROC curves 

of KNN and SVM classifiers versus DtB vector length of 200 and 50 respectively, are shown. 

SVM is a more accurate than KNN.   

 

 

Figure 6.9: The relation between classification accuracy and DtB vector length.  

 

 
Figure 6.10: ROC curve of both KNN and SVM. a)  ROC curve with DtB length of 200 b) 

ROC curve with DtB length of 50. 
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Figure 6.11 shows an example of both occluded and non-occluded STOP signs along with 

their DtB. 

θ

θ  

Figure 6.11: Occluded and non-occluded STOP signs and their corresponding DtB. 

 

6.5 Vandalism condition assessment results 

The classification process between vandalized and non-vandalized road signs has been 

achieved using three one-versus-one Gaussian-kernel SVM classifiers with STOP sign, 

school sign, and YIELD sign. Rectangular and diamond vandalized road signs have been 

inspected using two one-versus-all Gaussian-kernel SVM classifiers (Figure 5.10). The input 

of each SVM is a gray scale image of size 40x40 pixels where each SVM has been trained 

with vandalized and non-vandalized road signs.  
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Parameter values of Gaussian-kernel SVM (   , C) were selected using two different 

methods: 

• Grid search (GS) in which the best parameter values combination is selected from 

exponentially growing sequences of   and C. Sequences are defined as 

}2,........,2{};2........,,2{ 71155 −−− ∈∈ σC and the best combination is selected using 

cross-validation for checking the accuracy [95, 96]. 

• Particle swarm optimization (PSO) where each particle is characterized in the parameter 

space by a 2-dimensional vector x= [  , C]. Each particle is initialized randomly with C    

and   ; then the fitness function which is the classification rate is calculated by training 

SVM after partitioning the training data to 6 partitions as shown in Figure 6.12. The 

fitness function of the best particle would be used to update particles’ positions and 

velocities and the operation will repeat until the termination condition is satisfied [97, 

98]. Table 6.8 shows the values of both     and C for each classifier using both PSO and 

GS. 

 

Figure 6.12: PSO-SVM model. 
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Table 6.8: Gaussian-kernel SVM parameter values using PSO and GS. 

 

Vandalism assessment methodology has been tested separately on each road sign shape 

with different vandalized and non-vandalized road signs as shown in Table 6.9. The accuracy 

of both rectangular and diamond shapes represents the accuracy of the assessment classifier. 

The overall accuracy of the vandalism assessment methodology is 88.7%. Figure 6.13 shows 

the ROC curve of vandalism assessment performance using Gaussian-kernel SVM with PSO, 

Gaussian-kernel SVM with GS, linear SVM, and KNN classifiers where SVM has 

outperformed KNN. Additionally, Gaussian-kernel SVM with PSO parameter selection has 

the best accuracy among the four classifiers. 

 

 

 

 

 

 

 

 

 

Parameter Octagonal Rectangular Triangular Pentagonal Diamond 

σ  11.898 19.652 6.5692 19.854 18.878 
PSO 

C 38.0546 96.26 48.44 54.24 28.78 

σ  11.25 54.35 11.1 20.85 32.5 
GS 

C 38.1 52.2 48.5 32.5 48.45 
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Table 6.9: Summary of vandalism condition assessment results using SVM-PSO. 

Sign shape  TN TP FN FP Sensitivity Specificity Accuracy 

Octagonal 49 41 2 5 95.3 90.7 92.8 

Triangular 31 27 2 6 93.1 83.8 87.9 

Pentagonal 26 23 1 5 95.8 83.9 89.1 

Rectangular 66 54 6 13 90 83.5 86.3 

Diamond 64 51 4 11 92.7 85.3 88.5 

All signs 236 196 15 40 92.9 85.5 88.7 

 

 

 

Figure 6.13: ROC curve of the vandalism condition assessment methodology 
performance. 
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6.6 Deterioration condition assessment results 

Linear support vector machines (SVM) was trained using a feature vector of road sign 

background’s red, green, blue, and gray channels of both deteriorated and non-deteriorated 

red signs. The deterioration methodology has been tested over 91 different red road sign 

objects with 58 non-deteriorated objects and 33 deteriorated ones. Road signs’ test data has 

different conditions in terms of illumination level. 

The feature vector was built by extracting a small portion from the road sign background 

with size equals 30x30 pixels where the different channels were computed from it. Figure 

6.14 shows the process of extracting the feature vector components from the original road 

sign object. Two feature vectors (FV) were suggested in the training process of support 

vector machine, the first feature vectors (FV1) is defined as [Red; Green; Blue; Gray] while 

the second feature vector (FV2) is defined as [Red, Green, Gray]. The classifier was trained 

with 30 different instances with 15 deteriorated signs and 15 non-deteriorated ones. All road 

signs in the training and testing subsets were classified visually as deteriorated or non-

deteriorated. 

 

Figure 6.14: Feature vector extraction method from road sign background. a) non-
deteriorated road sign with background and the four channels b) deteriorated road sign with 

background and the four channels. 
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 The performance of SVM classifier was evaluated with the two feature vectors as shown 

in Table 6.10 and Figure 6.15 using the four possible test results mentioned in Section 3.5: 

• True positive (TP): deteriorated road sign correctly identified as deteriorated. 

• False positive (FP): non-deteriorated road sign incorrectly identified as deteriorated. 

• True negative (TN): non-deteriorated road sign correctly identified as non-deteriorated. 

• False negative (FN): deteriorated road sign incorrectly identified as non- deteriorated. 

The overall accuracy of the SVM with FV1 is slightly better than that with FV2. 

 

Table 6.10: Summary of deterioration condition assessment results. 

Feature vector TN TP FN FP Sensitivity Specificity Accuracy 

FV1 51 31 2 7 93.9 87.9 90.1 

FV2 49 31 2 9 93.9 84.5 87.9 

 

 

Figure 6.15: ROC curve of the deterioration condition assessment methodology 
performance. 
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CHAPTER 7 

CONCLUSION 

 

7.1 Summary 

 In this dissertation, a framework to automate the condition assessment of road signs in 

terms of tilting, partial occlusion, vandalism, and deterioration has been developed. The 

framework methodology includes a defect-invariant method for sign detection and shape 

recognition. The framework consists of the following stages:  

1. Road sign detection using color segmentation;  

2. Road sign shape recognition based on sign geometry and color;  

3. Sign tilt detection and computation using geometric dimensions of shape outline; 

4. Partial occlusion assessment using distance to border (DtB) feature vector and linear 

support vector machine (SVM) as a classifier;  

5. Vandalism condition assessment of road signs based on Gaussian-kernel SVM; and  

6. Deterioration condition assessment of road signs using color channels and linear 

SVM. 

The framework was tested and validated on three different road sign image databases. 

Furthermore, in addition to the real defects in the dataset, synthetic defects were added to 

some of the real images to satisfy certain conditions and to increase the number of images 

with sign defects.  

The proposed framework can be applied to any mobile mapping system images. This 

automated inspection and condition assessment system should improve the process of road 

sign maintenance that is currently achieved by a human operator going through the field. 

Maintenance agencies and departments of transportation can benefit from such a system by 
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providing an automated mechanism for tracking the condition of road signs among other 

applications such as intelligent vehicle information system.   

 

7.2 Limitations and recommendations 

The condition assessment framework demonstrated in this dissertation can be improved 

by increasing its efficiency and reducing it execution time. Limitations of this system include: 

1) the lighting condition problem is still a challenge, affecting the detection of road signs 

especially the white colored ones; 2) the tilt angle values are limited due to the fact that we 

compute the tilt angle using only the shape outline regardless of sign content; and, 3) the 

algorithms for the assessment methodology and detection of signs are computationally 

demanding. 

Recommendations for improvements to enhance performance may include:  

– Proposing another color segmentation technique that is more robust to variation in 

illumination;  

– Improving the efficiency of detection of small size road sign objects by post-

processing of already segmented frames;  

– Including the possibility of partial occlusion occurring on the left side of the road sign 

which can be useful in detecting defects such as breakage in left side of sign and 

graffiti; and, . 

– Investigating deterioration further by using real images with pre-determined 

retroreflectivity to validate the results of this work and perhaps to establish a better 
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understanding of the correspondence between sign retroreflectivity and deterioration 

perception from an image. 

7.3 Contributions 

Contributions of this dissertation are: 

• Detection and recognition of partially occluded and tilted road signs by using geometric 

features integrated with color information.  

• Tilt detection and value computation of road signs using the symmetry properties of road 

sign shapes.  

• Evaluation of road sign shape visibility in terms of partial occlusion and partial breakage 

using DtB feature vector and SVM methods. 

• Evaluation of road sign visibility in terms of vandalism using Gaussian-kernel SVM. 

• Evaluation of road sign visibility in terms of deterioration using color based feature 

vector and linear SVM.  

7.4 Future research directions 

 Extensions to this work should investigate other methods for the shape detection and 

recognition instead of the color segmentation based method used in this work to improve 

computational efficiency.  Assessment of road sign visibility and deterioration stages using 

background homogeneity should also be addressed in the future to establish a correspondence 

with road sign retroreflectivity measurements. The deterioration detection can also be 

enhanced by allowing for multi-level assessment and classification of defects as opposed to 

the current binary result of being either a defective or non-defective road sign within specific 

categories of defects.  
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 Assessment of road sign deterioration can be compared to retroreflectivity 

measurements of any maintenance agency to establish a relation between deterioration and 

retroreflectivity. Visibility parameters can also be combined to set up one visibility parameter 

with multi-levels that describes the overall status of road signs. 
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