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Abstract 
We present a method to extract defects automatically by image segmentation. The images used for 
segmentation are the raw thermal images and the resulting images obtained by 5 commonly used data 
processing techniques in optical pulsed thermography. At the end of this article, probability of detection (PoD) 
analysis results after automated segmentation of raw/processed images are compared with the results 
obtained from manual evaluation. False alarm which is an important aspect of reliability evaluation of 
nondestructive technique is also studied. 
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1. Introduction 

In an earlier paper [1], we inspect a Carbon Fiber Reinforced Polymer (CFRP) specimen with 
simulated delaminations (Teflon inserts) by optical PT. Then we performed different post-processing 
routines, including Fourier Transform (FT), Thermal Signal Reconstruction (TSR), Wavelet 
Transform (WT), Differential Absolute Contrast (DAC), and Principal Component Thermography 
(PCT). An inspector visually examined the resulting images including the raw Pulsed Thermography 
(PT) images to give a qualitative evaluation of the appearance of every defect. The inspector 
recorded the inspection result in terms of whether or not a flaw was found, and then 6 sets of 
hit/miss data were obtained. It should be noted that the inspector knows the real location of every 
defect, which may influence the inspector’s interpretation. This finally influences the probability of 
detection (PoD) analysis result. Actually, in the design of a Nondestructive Testing and Evaluation 
(NDT&E) reliability experiments, human factor including capability and mental acuity of the inspector 
is an important aspect that needs to be considered [2, 3]. Sometime, several inspectors instead of 
one inspector are employed to interpret the response or the resulting image [2]. In this paper, we will 
perform automated segmentation before source data collection which is used for PoD analysis. 
Compared with thermal image, the segmented image provides visualized information about true 
defects and false alarms. Analyzing the binary images after automated segmentation would be 
obviously easier for the inspector. 

2. Procedure of automated segmentation 

In this section, we present an evaluation method dedicated to automatically segment input thermal 
images. Assume that N raw images have been recorded by the thermal camera as times: t1, t2, … , 
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tN. The evaluation method is applied on input raw images and it is composed of: 
• A data processing step aiming into improving the image contrast and reducing the noise, 

thus improving the defect detection capability [1].  
• A segmentation procedure based on the use of the Contrast Noise Ratio (CNR) image 

instead of the thermal image, this allows removing the fluctuation in values of pixels 
corresponding to defect [4-6]. In fact, due to the variation in phase, defects appear bright in 
some frames and dark in other frames. By using the CNR image, all suspicious regions 
where a gradient in the grey values occur will appear as bright regions. CNR for every pixel 
in a thermal image is calculated by: 

 
It should be noted that the whole thermal image is selected as the reference area to avoid 
the subjective selection of defect-free-zone. 

• After computing the CNR image, a threshold is computed (Otsu’s method) and applied on 
the pixels of the image.  The algorithm assumes that the image to be segmented contains 
two classes of pixels (e.g. foreground and background) then calculates the optimum 
threshold separating those two classes so that their combined spread (intra-class variance) 
is minimal [7-9]. This results in a binary image where pixels are set as 0 (background) and 1 
(foreground).  

• The last step of the segmentation procedure is the fusion of all the binary images 
corresponding to the input raw images recorded at t1, t2, … , tN. The number of true defects 
and false alarms can be simply computed on the resulting final image. The flow-process 
diagram of the procedure of automated segmentation is shown in figure 1. 
 

 
Figure 1.  The flow-process diagram of the procedure of automated segmentation. 

 

3. Binary Images after Automated Segmentation 

The evaluation method is tested on a CFRP specimen including 25 Teflon inserts simulating 
delamination. The specimen was tested from both sides giving a total 50 inspection targeted sites 
(flaws with different aspect ratio (Dimension / depth) values, from 3/1.8 to 15/0.2). The experiment 
configuration and parameters used in the date processing manipulations are described in our earlier 
paper [1].  
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First, the thermal images obtained from TSR manipulation which is slightly more effective than other 
routines (FFT, WT and DAC) for our specimen, are evaluated to automatically segment the defects. 
The 1st derivative images (front side inspection) at different times obtained by TSR and 
corresponding automatically segmented images are presented in figure 2. The binary fusion image 
is the result of the segmentation of 1st derivative images at time t1 = 0.075s, t2 = 0.1s and t3 = 0.35s. 
The fusion image contains 22 true defects and 8 false alarms. 

The fusion images for the raw and resulting images processed by TSR, PPT, PCT, WT and DAC 
are shown in figure 3. 

 
Figure 2.  (a) - (c) 1st derivative images (front side inspection) at different times obtained by TSR, (d) - (f) 

corresponding automated segmentation, (g) fusion image of 3 segmented images. 
 

 
Figure 3. Fusion images for the raw and resulting images processed by TSR, PPT, PCT, WT and DAC. 
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4. PoD Analysis Results after Automated Segmentation 

Table 1 shows the rough comparison of manual evaluation and automated segmentation for the 
inspection results by non-processed and different data processing techniques.  

From table 1, it is obvious that the detection rate of manual evaluation is greater than automated 
segmentation for the same thermal images (raw or after different data processing manipulation). 
Inspectors familiar with thermal images can identify more defects relying on their experiences. 

Table 1. Rough comparison of manual evaluation and automated segmentation. 
 

Data 
processing 

Manual evaluation  Automated segmentation 

Number of 
inserts 

detected  

Detection 
rate 

 
 
 

Number of  
inserts  

detected  

Detection 
rate 

False 
calls 

TSR 1
st

 D 40 80% 
 

34 68% 19 

PCT 38 76% 
 

33 66% 22 

PPT 36 72% 
 

30 58% 14 

WT 35 70% 
 

30 58% 10 

DAC 30 60% 
 

24 48% 15 

RAW 19 38% 
 

5 10% 5 

 

Log-odds model was employed to plot the PoD curves of manual evaluation result as shown in 
figure 4 [1], and PoD curves of automated segmentation result, as shown in figure 5.  

95% lower confidence bounds for each data processing methods were also calculated [10]. Table 2 
shows the defect aspect ratio with 90% PoD (r90) and the defect aspect ratio for which a 90% PoD is 
reached at 95% confidence level (r90/95).  It should be noted that defect aspect ratio with 90% PoD 
cannot be determined from the PoD curve because only 5 out of 50 defects were identified from the 
raw thermal images. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. PoD curves of manual segmentation result [1]. 
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Figure 5. PoD curves of automated segmentation result. 

 
Table 2.  r90 and r90/95 values obtained from manual evaluation and automated segmentation. 

Data 
processing 

Manual evaluation  Automated segmentation 

r90 r90/95  r90 r90/95 False calls 

TSR 1
st

 D 6.60 11.50 
 

9.07 15.39 19 

PCT 6.64 10.91 
 

9.51 16.11 22 

PPT 7.37 11.44 
 

12.13 22.77 14 

WT 9.20 17.63 
 

10.68 17.82 10 

DAC 10.39 16.93 
 

26.06 98.84 15 

RAW 17.06 30.04 
 

∞ ∞ 5 

 

5. Summary 

Both Manual evaluation and automated segmentation results prove that TSR and PCT are more 
effective than other routines in this experiment. The detection rate of manual evaluation is greater 
than automated segmentation for the same thermal images (raw or after different data processing 
manipulation). Inspectors familiar with thermal images can identify more defects relying on their 
experiences. 
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