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Abstract: The color temperature measurement method based on color CCD is more 

and more widely used in the field of high temperature measurement. In the traditional 

colorimetric temperature measurement method, the three primary color pixel values 

obtained by the CCD represent the radiation intensity of the corresponding wavelength, 

and the linear relationship between the two primary colors and the temperature in the 

three primary colors is utilized. The temperature value is obtained, but the error of 

the experimental results is obvious due to the selected wavelength and the non-ideal 

re-sponse of the CCD sensor. Therefore, many researchers have proposed some 

practical error correction methods and using neural networks to improve the 

temperature measurement accuracy, but such methods only suitable for the 

temperature measurement environment remains unchanged. Considering the complex 

industrial scene, this paper uses the HSV color model, selects the H and S in the model 

as the feature vector, and uses the neural network to fit the nonlinear relationship 

between the high temperature object and the color. The experimental results show 

that this method can effectively reduce the temperature measurement error caused 

by the temperature field environment and has strong applicability. 

 

Keywords: Color CCD; color temperature measurement; temperature field; neural 

network. 

 

1. Introduction 

Temperature measurement of high temperature flame is an extremely important 

problem in combustion field. It is very important to judge, predict and diagnose the 

state of temperature field. Temperature measurement based on image sensor has the 

unique advantage of non-contact, low price and strong applicability, and becomes one 
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of the hot spots in high temperature detection field. The luminance and chroma 

information [1] contained in color image are the important basis of radiation 

temperature measurement principle [2]. But because the response characteristic curve 

of image sensor is not an ideal impact function, the thermal radiation signal will lead 

to errors after conversion. Some scholars have proposed a correction method which 

can reduce the errors. It can be corrected by piecewise calibration. To improve the 

accuracy of temperature measurement, but in different illumination conditions, there 

are intuitive differences between the image information obtained by the sensor, and 

the result of temperature measurement will also have a great error, which limits the 

applicability of this correction method. Therefore, this paper analyzes the principle of 

colorimetric temperature measurement, finds out the source of temperature 

measurement error, and uses HSV color mode [3]. Type to reduce temperature error 

 
2. Colorimetric temperature measurement principle and source of error 

2.1 Colorimetric temperature measurement principle 

When the temperature is lower than 3000K and the wavelength is less than 700 nm, 

Planck's formula can be approximately replaced by Wein's [4] formula, so the spectral 

radiance of the radiator is: 

 𝐿(𝜆, 𝑇) =  
𝐶1

𝜆5
𝜀(𝜆, 𝑇)𝑒

𝐶2
𝜆𝑇                                                      (1)  

In the formula, 𝐿(𝜆, 𝑇) represents the spectral radiance of the blackbody, and the unit 

is watt / square meter(W/𝑠𝑟𝑚3). 

𝜆 is the wavelength of heat radiation, unit m, 𝑇 is the thermodynamic temperature, 

unit K, 𝐶1 is the first radiation constant with a value of 3.742× 10−16𝑊𝑚2, 𝐶2 is a 

second radiation constant with a value of 1.1388× 10−2𝑚𝐾. 

At two wavelengths, the luminance emitted by an object is simultaneously measured 

as 𝐿(𝜆1, 𝑇) and 𝐿(𝜆2, 𝑇) . Substituted into the first formula, the following can be 

obtained 

T =
𝐶2(

1
𝜆2
−
1
𝜆1
)

ln
𝐿(𝜆1, 𝑇)
𝐿(𝜆2, 𝑇)

− ln
𝜀(𝜆1, 𝑇)
𝜀(𝜆2, 𝑇)

− 5 ln
𝜆2
𝜆1

                                   (2) 

In the formula, 𝜀(𝜆1, 𝑇) and 𝜀(𝜆2, 𝑇) are the spectral emissivity of the radiator at 

wavelengths 𝜆1 and 𝜆2 at temperatures T. When the selected wavelengths are close, 

it can be considered that 𝜀(𝜆1, 𝑇)  ≈  𝜀(𝜆2, 𝑇), The formula (2) can be reduced to： 

T =
𝐶2(

1
𝜆2
−
1
𝜆1
)

ln
𝐿(𝜆1, 𝑇)
𝐿(𝜆2, 𝑇)

− 5 ln
𝜆2
𝜆1

                                                      (3) 

It is known from the above formula that the corresponding temperature can be 



Volume 5 Issue 12 2018 

   3 

calculated by comparing the brightness ratio of the two wavelengths 

 

2.2 Feasibility analysis of color temperature measurement 

The candle flame image is captured by CCD. After image preprocessing, the change 

trend of the image color is observed to analyze the feasibility of the theory of color 

temperature measurement. The candle picture is taken as shown in Fig.1. One row of 

pixels is selected and the pixel change curve is drawn as shown in Figure 2 

 

 

 

 

 

 

 

Fig.1. Candle flame image and its pixel trend 

It can be concluded from the above diagram that with the increase of temperature, 

the red and the blue components of the image show a linear growth trend. When the 

red and the blue components of the image are both large, their ratio decreases with 

the increase of temperature. According to the theory of colorimetric temperature 

measurement, the ratio of red to blue components of pixels decreases with the 

increase of temperature. In the candle flame pictures, we know that the temperature 

of the outer flame temperature of the flame is the highest, the inner flame is in the 

middle, and the flame heart is the lowest, which is consistent with the results of 

colorimetric temperature measurement theory. 

 

2.3 Error analysis of colorimetric temperature measurement 

The response characteristic [5] curve of the image sensor is not an ideal impulse 

function 

 

Fig. 2. CCD quantum efficiency curve 
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As can be seen from Fig.2, the non-ideal response of the CCD sensor to the optical 

signal, the information of the pixel acquired by the CCD sensor needs to be converted 

between the photoelectric signals. Because of the difference between the collected 

data and the original information of the object, the method of colorimetric temperature 

measurement will bring errors. 

When using colorimetric temperature measurement, the influence of different 

wavelength emissivity on the experimental results is neglected, resulting in errors. 

Because the collected pixel information will be directly related to the final temperature 

measurement results, there is a linear relationship between the color pixels according 

to the principle of colorimetric temperature measurement. However, under different 

beam conditions, the images collected will be different, and then the temperature 

measurement results will be different. This shows that the accuracy of colorimetric 

temperature measurement has strict requirements on the light environment, and the 

change of the environment will have a great impact on the accuracy of temperature 

measurement. 

 

3. HSV color model and selection of neural network 

3.1 HSV color model 

The RGB color model is easy to calculate, and a part of the error can be reduced by 

linear fitting. However, through the above error analysis, we know that the fitting 

result eliminates mainly the error in the second term. The RGB color values of high-

temperature objects at the same temperature under different illumination were 

significantly different. This is because the RGB color model is not an intuitive color 

model. It is one of the most uneven color models. 

HSV model is a subjective color model. It is different from RGB model which 

decomposes the color into three primary colors. It uses three attributes of color hue, 

saturation and brightness to describe the specific color. The hue reflects the human 

eye's perception of the color type, the saturation expresses the concentration of the 

color, and the brightness expresses the intensity of the color. According to our 

experience in life, when the illumination condition of the environment changes, the 

observed object color will not change. The brightness information can be separated 

by HSV model, which has the characteristics of being insensitive to changing lighting 

environments and viewpoints, just like the human eye. Therefore, the HSV model is 

used to reduce the error of color temperature measurement. The mapping relationship 

from RGB space to HSV space is: 
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      𝑚𝑎𝑥 = max (R, G, B)                    
     𝑚𝑖𝑛 = min (R, G, B)                    

            V = max (R, G, B)                         
        S = (𝑚𝑎𝑥 − 𝑚𝑖𝑛 )/𝑚𝑎𝑥                  

   H =
G − B

𝑚𝑎𝑥 −𝑚𝑖𝑛
× 60                    𝑅 = 𝑚𝑎𝑥

   H = 120×
B − R

max − min
× 60        𝐺 = 𝑚𝑎𝑥

   H = 240 ×
R− G

𝑚𝑎𝑥 −𝑚𝑖𝑛
× 60       𝐵 = 𝑚𝑎𝑥

   H = H + 360                                    𝐻 < 0      

                                 (4) 

 

Convert the RGB data of the candle flame image into HSV data, and draw the curve 

as shown in Fig.3. 

 

Fig.3. Candle flame curve 

According to the analysis, the relationship between data and temperature in HSV 

model is nonlinear, so simple linear fitting is not suitable for color temperature 

measurement. 

 

3.2 Selection of neural network 

When there is a nonlinear relationship between the input and output of the system, it 

is difficult to get ideal results by using the traditional mathematical model. BP neural 

network can learn the input and output samples of the system and approximate the 

nonlinear results with arbitrary accuracy. This good performance is suitable for the 

application of nonlinear temperature measurement scenarios. 

Because BP neural network [6] can realize a special nonlinear transformation in the 

hidden layer, the learning ability of BP network can be regarded as approximation of 

multi-dimensional function, it can complete simple fitting or plane reconstruction of a 

finite data point in multi-dimensional space, so BP neural network can fit color and 

temperature without precise modeling. The nonlinear relationship between degrees. 
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A hidden layer forward neural network can include an input layer, a hidden layer and 

an output layer. The neural network structure for image color temperature 

measurement is shown in the following figure. The neurons in the hidden layer use 

tangent function as activation function, and the nodes in the input layer are two, which 

are input characteristic parameters H and S, and the nodes in the output layer are one 

T and the outputs are temperature values. To ensure that the output of the network 

is arbitrary, the output layer uses linear neurons. The number of hidden layer nodes 

is selected according to experience in experiment. 

 

Fig.4. Structure of neural network models 

 

3.3 Learning algorithm of neural network 

The BP algorithm transforms the input and output problem of a given sample into a 

nonlinear optimization problem. Solving the network weights by iteration is equivalent 

to learning and memory problem. Adding hidden nodes can increase the adjustable 

parameters of the optimization problem and get more accurate solution. 

Back-propagation learning algorithm is used to adjust the weights of BP network. The 

standard BP algorithm uses the steepest descent static optimization algorithm. When 

modifying the weights, the learning process is easy to oscillate and converges slowly. 

The L-M optimization algorithm takes into account the advantages of the steepest 

descent method and Gauss-Newton iteration, it is stable and fast, and the learning 

time is much shorter than the steepest descent method. So this algorithm is used in 

experiments. 

 

3.4 Experimental steps 

Fixed the camera position, at different temperatures, the color light emitted by the 

same high temperature object is photographed to obtain sample data at a certain 

interval. 

Processing the collected image samples to get the part of the color light. 

Corresponding to the formula (4), the pixel data is converted, so that the H and S data 

corresponding to the current temperature value will be obtained. 

Input the sample data to the neural network for training, fitting the relationship 

between H, S and T. 
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According to the image of the high temperature object randomly taken, calculate the 

H and S values of the color light in the picture, and input the data into the trained 

neural network. In this way, we can get the corresponding temperature value of the 

high temperature object in the image. 

 

4. Experimental results and analysis 

Because the high temperature non-contact temperature measuring furnace is easy to 

operate, it is an ideal heat radiation source for calibrating the radiation temperature 

measuring instrument. Select a company's temperature measurement equipment - 

high temperature blackbody furnace calibration. Using the camera in the range of 

600~800 degrees Celsius, according to the above experimental steps, the 

experimental results are shown in Table 1. 

 

Table 1.Some data extracted within 600-800 degrees Celsius 

T 608 617 628 638 649 657 667 676 685 694 703 

H 322 289 321 325 326 324 355 327 324 322 313 

S 0.64 0.69 0.65 0.64 0.64 0.61 0.61 0.59 0.56 0.52 0.43 

 

T 723 743 762 778 

H 304 301 301 301 

S 0.34 0.23 0.16 0.08 

The data samples obtained in Table 1 are trained as data samples of the neural 

network. 

 

 

 

 

 

 

 

 

 

Fig.5. Performance plot with respect to Mean Square Error and the number of 

Iterations of Neural Networks 
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Fig.6. Training State plot of Learning rates, Gradients and Validation checks with 

number of Iterations of ANN 

 

 

 

 

 

 

 

 

 

 

 

Fig.7. Regression Plot for training state 

Fig.5 shows the weights used to update hidden layers in back-propagation neural 

networks, Fig.6 is the learning rate, gradient and validation of the number of iterations 

in the training process. The correlation between the target and the actual output is 

shown in Fig.7. 

 The test data obtained from step 4 above are input into the trained neural network 

model, and the corresponding temperature (T) is calculated. The data are compared 

with the results (T') obtained by the traditional method of temperature measurement. 

The data are shown in Table 2. 

Table 2. Comparison of temperature measurement results 

T 620 640 660 680 700 720 740 760 780 800 

T’ 632 649 680 663 693 701 722 771 793 810 

T 618 643 657 673 708 726 749 765 786 803 

The experimental results show that the temperature calculated by the neural network 

model is closer to the real temperature of the object. The neural network model is 
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very suitable for non-linear application scenarios. The average temperature error 

measured by the training database and the neural network model is reduced are 

significantly reduced, and the temperature measurement accuracy is effectively 

improved. In the actual temperature field, due to the influence of complex 

environment, especially the change of illumination environment, colorimetric 

temperature measurement brings about greater measurement error, and the 

advantage of using nonlinear temperature measurement method is more obvious. 

 

5. Conclusion 

According to the relationship between color and temperature of high temperature 

object in visible light band, a non-contact temperature measurement method of image 

color based on neural network is proposed. The color eigenvector of luminous object 

is selected from the hue and saturation of HSV model, and neural network is used to 

fit the relationship between color and temperature. The system can also be applied to 

temperature measurement of visible light sources such as temperature furnaces and 

boilers, and the more data samples are trained, the higher the accuracy of the system. 
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