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Abstract: In this paper, an infrared scene-based non-uniformity correction method 

based on deep learning technology has been proposed. This method combines the 

scene-based infrared non-uniformity correction with the state-of-the-art deep learning 

technology. The traditional scene-based non-uniformity correction technologies 

generally face the problem that when the radiation of the scene is changed, the 

correction parameters may not converge anymore, and the correction process will rise 

again. Multiple times of correction will potentially increase the risk of the correction 

failure. The deep learning can help setting up a systematic correction parameter which 

self-adaptive to the thermal imager, which means that once the parameters are 

computed, the non-uniformity will be corrected according to the deep learning network 

by itself. Although the pre-calculation period of setting up the parameters take much 

time, the upcoming correction process is much easier than the traditional technologies. 

We use the feed-forward denoising convolutional network as the fundamental structure, 

and deploy the modified residual learning process as well as the batch normalization 

process onto it. Figures and charts show the priority of our method. 

Keywords: infrared non-uniformity correction; scene-based correction; deep learning; 

residual learning 

 

1 Introduction 

The fixed pattern noise(FPN) caused by non-uniformity has been a major 

degradation of the image quality of an infrared thermal imager[1]. In most of the cases, 

the traditional 2-point non-uniformity correction method can only be used as a factory 

setup of the parameter of a thermal imager [2,3]. When the thermal imager is used in 

the industrial or military facilities, the newly generated non-uniformity has to be 

corrected only by means of the scene-based non-uniformity correction(SBNUC) 

methods in order to remain the continuous of the video sequence. Thus, the research of 

the scene-based non-uniformity correction methods has been focused by the researchers 

all over the world. 

The traditional SBNUC methods can be classified as the following categories: 1. 

Constant statistics based NUC(CS-NUC) algorithm [4]. This algorithm assumes that 

the first and the second order statistics of each detector’s output should be the same 
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over a sufficient number of frames. 2.Temporal high-pass filtering based NUC (THP-

NUC) algorithm [5]. This algorithm sets a high-pass filtering in the temporal domain 

and the FPN will be removed due to its low-frequency characteristic. 3. Least mean 

square error based NUC (LMS-NUC) algorithm [6]. This algorithm uses a least mean 

square algorithm to adaptively determine the non-uniformity model parameter to 

achieve well correction performance. 4. The registration-based NUC (RG-NUC) 

algorithms [7]. This algorithm corrects the FPN under the assumption that different 

detectors between two adjacent frames should have identical response when observing 

the same scene.  

However, the SBNUC methods have their own setbacks, such as the so called 

“ghost effect” and the choose of the parameters. The “ghost effect” occurs in almost 

every SBNUC methods. During the correction process, the scene information are 

sometimes being corrected into the image, which appears as some ghost image covered 

on the real image. Meanwhile, the choose of the parameters is another important aspect 

of the SBNUC methods. Take the RG-NUC as example, the set of the convergent speed 

is a main concern of the RG-NUC. If the speed is set too fast, the ghost effect will occur, 

if the speed is set too slow, the non-uniformity will hardly be corrected. Up to now, the 

choose of the parameters can only be set as a fixed value before the correction process, 

the goal of self-adaptive of the parameters is not achieved yet, which somehow restrict 

the development of the SBNUC methods. Meanwhile, the SBNUC face an unavoidable 

problem that, the non-uniformity will rise again when the infrared imager is facing 

different scenario with big change of the temperature. Under this situation, the SBNUC 

will start correcting again, however, multiple times of correction increases the odds to 

destroy the image quality. 

In this paper, we propose an innovative method to deal with the non-uniformity of 

the infrared thermal imager. We use the method of deep learning to corrected the non-

uniformity. The deep learning has been a worldwide hot point in recent years, it is a 

particular learning structure and computational model which contains multiple hidden 

layers. It can discover the distributed characteristics of the original data by combining 

the characteristic of the lower layers to acquire the more abstract characteristic of the 

higher layers [8]. With the advantage of semi-supervised or non-supervised learning 

and the algorithm of stratified feature extraction, deep learning uses the back 

propagation algorithm to let the machine know how to modify the internal parameter 

and to get the feature. There are many classical model structure, which can be classified 

into two main categories ---- supervised learning and non-supervised learning. In 

supervised learning, the most commonly used models are: 1. recurrent neural network 

(RNN). It has the advantage of processing the sequence related data [9,10]. Thus, the 

RNN has been widely used in voice recognition and machine translation; 2. 

convolutional neural network (CNN). It has the advantage of processing the network 

data [11,12]. Thus, the CNN has been widely used in image and video recognition, 

target segmentation and tracking. 3. back propagation. It can be used to process large 

amount of data [13]. While in non-supervised learning, the most dazzling aspects are 

deep generative model and autoencoder, for example, the boltzmann machine [14], deep 

belief network [15], generative adversarial network [16] are all belong to the deep 
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generative model. 

We use the feed-forward denoising convolutional neural networks(DnCNN) as the 

basic model to deal with the infrared non-uniformity. The main strategy of our work is 

that, unlike the common use of DnCNN, we do not use the 2 point corrected images as 

the background image which are generally being set as the learning target and the output 

of the model. Instead, we analyze the non-uniformity of an infrared thermal imager, and 

set the FPN, background image with the FPN and the computational loss while during 

the network iteration as the learning target to conduct the loss learning of the non-

uniformity. The loss learning can get more stable optimum solution during the model 

training, and faster speed of mapping. It can overcome the gradient disappear problem 

during the machine training. With the deployment of deep learning, we can train a 

whole set of self-adaptive parameter for the infrared thermal imager, and keep it work 

under the environment which the non-uniformity will hardly appear on the image.  

The organization of this paper is that, in section II, the basic model of DnCNN will 

be introduced as well as its deployment in correcting the infrared non-uniformity; in 

section III, the experimental setup and results will be shown to illustrate the effect of 

our new method; in section IV, we give conclusion of this paper. 

2 Basic model of DnCNN 

In this section, we will give a brief discussion about the DnCNN we used in this 

paper. The DnCNN is first proposed by Kai Zhang and Wangmeng Zu et al, which is 

based on the modification of the very deep convolutional networks raised by Simon 

Yan and the VGG networks [17]. The DnCNN abandon the pooling layers and the final 

fully connected layers, it is widely used in reducing the Gaussian white noise. We make 

significant modification of the original DnCNN in purpose of correcting the infrared 

non-uniformity. Next, we will give our discussion about the DnCNN we used, it 

contains three parts which are the total architecture of DnCNN, residual learning, batch 

normalization(BN). 

2.1 the architecture of DnCNN 

The model we used is composed by 17 convolutional layers, every layer can be 

described by three parts of the structure and the function as shown in fig.1.  

In fig.1, the first layer is defined as the first part of the model, the convolutional 

function and the activation function are included. The convolutional function is 

composed by 64 convolutional kernel which dimension is 3×3, and the moving step is 

3 pixels. The activation function is the commonly used ReLU function. The 64 

convolutional kernel work as 64 filters in order to generate 64 feature maps, and the 

ReLU function can then use to utilized for nonlinearity, which finally achieve the goal 

of machine learning [18]. The second part of the model is composed by 2-16 layers, 

every layer has 64 filters familiar to the first layer, along with the activation functions 

and the batch normalization process. The purpose of the second part is either calculate 

the nonlinearity feature generated from the first layer, which in order to compute higher 

and more abstract features, or to normalize the input data into a distribution which the 

average is 0, and the deviation is 1. The purpose of the BN will be discussed in 2.3. The 

last part of the model is the finally layer, the 17th layer. It only contains 64 filters, which 

can use to regenerate the output map of the processed data. The distribution of the 
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second part can be rearranged into 8-bit gray scale for the observation by means of the 

map. 

 

2.2 Residual learning 

When deeper networks are able to start converging, a degradation problem has been 

exposed. With the network depth increasing, accuracy gets saturated (which might be 

unsurprising) and then degrades rapidly. Unexpectedly, such degradation is not caused 

by overfitting, and adding more layers to a suitably deep model leads to higher training 

errors [19]. 

To this situation, Kaiming He et al. [24] raised a method called “Residual learning”, 

which is shown in fig.2. Fig.2 shows a residual unit, with the identity mapping of y=x 

added onto the normal gradient transmission, it solves the network degradation problem 

which caused by the fact that multiple nonlinear network cannot approach identity 

mapping network. The dot line on the left represents the original strategy of residual 

learning raised by Kaiming He [24], while the line on the left represents our modified 

strategy of residual learning. 

In this paper, we make a modification of the traditional residual learning [20,21]. 

We assume the entire model as a complete residual unit instead of so many small 

residual units shown in fig.2. Thus, we set the input of the model as F(x), the non-

uniformity as residual. Here we have to explain that, the way of acquiring the non-

uniformity is quite tricky. Since the non-uniformity of every infrared thermal imager is 

not the same. We have to get the non-uniformity separately. We use the black body to 

correct the imager with the 2-point calibration in a certain temperature region. Then we 

adjust the radiation ratio of the black body in order to set the temperature unfit of the 

2-point calibration parameters. Thus, the shape of the non-uniformity can be acquired.  

2.3 Batch normalization 

When the network depth is large enough, not only the network degradation problem 

will occur, but also the problem of gradient disappear or overfitting. Here we introduce 

a method of batch normalization to overcome these problems [22]. The principle of the 

BN we used can be described as the following equation: 

 
   

 

- [ ]
ˆ =

[ ]

k k
k

k

x x

Var x

E
x        (1) 

Where, x
k )(

 represents the dimension of the data, ][x
k

E represents the average 

of a certain dimension, ][x
k

Var  represents the standard deviation. By doing BN, the 

data of each layer can be fixed in a certain scale. However, it will destroy the original 

data distribution a little bit, we then add two self-adaptive variables of γ  and β  into 

the calculate process. Eq.2 shows how these two parameters work. Through eq.3, the 

original unfixed data distribution can be turning into fixed data distribution, the new 

distribution accelerates the training speed of the entire network, and overcome the 

problem of gradient disappear and overfitting. 
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   ˆk kk ky x           (2) 

3 Experiment setup and result 

3.1 Computational platform and evaluation indexing 

Deep learning usually needs to be deployed on GPUs, in our experiment, the 

computational platform we used has an intel I7-6800K CPU, two NVidia GeForce 

1080ti GPUs with total display memory of 22G, and 32G DDR4 memory.  In our 

experiment, we first add non-uniformity onto the clean infrared images and then 

conduct the deep learning procedure, and finally get the result. By doing this, we can 

illustrate the detail of how this method works, and then we give results of this method 

which is working on the original raw infrared images. 

Here we have to point out, in order to understand how this method works, we use 

two indexes as criterion----the loss function and the peak signal to noise ratio(PSNR). 

Where the loss function represents the averaged mean squared error between the ground 

images and corrected images, shows in eq.3 as follows: 

   2

( ) ( ; )

1

1
|| ( ) ||

2 i

N

y i i F

i

y x
N

 



  f R      (3) 

Where N represents the number of the training samples,
( ; )iy R

represents the loss 

after one step of training, y represents the images with added non-uniformity, x 

represents the clean images. The training aim is to modify the value of 


as possible 

as it can in order to lower the loss function ( )f . 1{( , )}N

i i iy x   represents the comparing 

sets of infrared images with/without non-uniformity in the training set.  

3.2 experiment setup 

In our experiment, we add non-uniformity onto 39228 infrared images, 39216 ones 

are set as training set, 12 ones are set as test set. There are three parameters need to be 

manually adjusted in the DnCNN model, which are the learning rate, the training steps 

and the batch size. We set the batch size as 24 times, which means that 24 infrared 

images are participated during every training procedure. We adopt the method of 

Cyclical learning rates raised by Leslie N. Smith [25] to set our learning rate, the 

strategy is shown below: 

By using this strategy, the fluctuation of the learning rate is descended from 1E-3 

to 1E-4, this guarantees that the learning rate will not have the problem of gradient 

exploding or vanishing, which accelerates the iteration speed as possible as it can.  

Next, let us take a look at how our method works on the non-uniformity correction 

of the infrared images. Very much unlike the traditional scene-based non-uniformity 

correction methods, our method is using the DnCNN to predict the possible non-

uniformity and compare it to the real non-uniformity, once the prediction is almost the 

same as the real one, the non-uniformity can be reduced from the infrared image. This 
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method can only be done by the deep learning technology and give stable correction 

result to the infrared image. Looking deep into our modified DnCNN model, it is 

constructed by massive number of neurons shown in fig.4: 

 

In fig.4, the input capital X are x1, x2 and the bias “+1”, the output is described in 

eq.4: 

2

,

1

( ) ( ) ( )T

w b i i

i

h X f W X f W x b


       (4) 

Where, iW  represents the weighting vector, it indicates that whether a neuron is 

activated. If the value in iW  is 1, then the related neuron is activated, if the value in 

iW  is 0, the related neuron is not activated. Only the activated neurons will participate 

in the current forward propagation and back propagation process. b  represents the 

bias, it is a constant. The function f  is the so called activated function, in our model 

we use the “ReLU” function as the activation function because of its good linearity 

feature. The red dot square box represents a filter, 64 parallel filters form a 

convolutional layer, which shows in blue rectangle in fig.1. When the learning process 

starts, the images in the training set will be input into the filters in each layer, the 

parameters iW  and b will be initialized at the beginning. Each layer will randomly 

compute one feature of the image, that is to say, there are 64 random features will be 

computed in first layer, the parameters iW  and b  will be updated at the same time. 

These features are the prediction of the non-uniformity, after the first layer, the 

prediction will be entering the following layers for further calculation. Once all the 17 

layers have been passed through, we can get two computed parameters iW  and b . 

The final output of this round of iteration can be acquired with eq.4. Then the model 

will calculate the loss function between the output and the original input, since we use 

the added non-uniformity to illustrated the computation step in the experiment, here the 

input is the added non-uniformity and the output is the predicted non-uniformity. The 

loss function will calculate the differences of the real non-uniformity and the predicted 

non-uniformity, if the loss is strong, the model will conduct the back propagation onto 

the parameters w and b from the very first layer to the last layer in order to adjust them 

with the gradient descent method like eq.5: Jo
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Where   represents the learning rate. When the parameters iW  and b  are updating, 

the back propagation algorithm eq.5 is applied to do so. The terms 
( )
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J W b
W






and 
( )

( , )
l

i

J W b
b





 are following the next eq.6: 
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(6) 

For a given training set like the infrared images with non-uniformity, the forward 

propagation will compute the output of each neuron. When all the output of the whole 

model has been acquired, the loss function calculates the “loss” of these neurons, the 

“loss” can be used to estimate the trend of the parameters of the neurons, and the 

minimum loss and best PSNR can then be reached. 

3.3 Experimental results 

In this part, we will give some test results to illustrate the performance of our 

method. First, we will analyze the influence of the integrity of our method, and then 

compare the performance of our method with the traditional scene-based non-

uniformity correction algorithm. 

As we mentioned in above, our model is constructed by several parts. The 

activation function “ReLU” and the BN affect most to the correction performance. We 

run our model in three ways which are the whole model way, the model without ReLU 

but with BN, and the model without BN but with ReLU to test the computational 

effectiveness by the trend of the loss descent. The results are shown in fig. 5: 

Fig.5(b) is represents the red dot line region in fig.5(a). We can see through fig.5 

that, the model performs much butter in correcting the non-uniformity when it 

maintains the integrity. The blue line representing the trend of the whole model has 

much better stable results. This means that the prediction of the non-uniformity 

achieves high similarity with the added non-uniformity. According to our calculation, 

in fig.5, the original loss of these three forms of model are almost the same, the value 

is about 80, and the PSNR is about 5db. When the iteration starts, the loss of the integral 

model goes down fast after 2500 times iteration and reaches under 5, while the PSNR 

goes up to 35db. Also, the loss and PSNR do not obviously fluctuate from then on. The 
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final loss is about 0.22, and the PSNR is 37db with the integral model. In the model 

with BN but without ReLU, the loss goes down fastest in the early 100 times iteration, 

the PSNR goes up fastest as well. But after that, a serious fluctuation shows up, the loss 

goes up to 400, and the PSNR goes down to 20db. After 4000 times iteration, the loss 

and PSNR are stabled at 14 and 35db separately, which means that the learning ability 

drops seriously when the model casts the ReLU away. In the model with ReLU but 

without BN, the iteration speed of the model is much slower than the other two forms 

of model. This form of model cannot reach the optimum solution after 50000 times 

iteration, the loss is 0.6, and the PSNR is 36db. Meanwhile, the fluctuation is stronger 

than the other two forms of model, in this situation, the model may take the locally 

optimum solution as the final result and miss the true optimum solution. 

The reason why the learning ability drops when the ReLU is not included in the 

model can be answered that under this circumstance, the model is turning to a linear 

regression model, which means that the weighting and bias coefficients can only change 

linearly. Although the model response fast to the input data, the computational ability 

is limited. While if the BN is not included in the model, the distribution of the deep 

learning network will be shifting away when the network is conducting non-linear 

calculation. The deeper the network reaches, the shifting will become more obvious. 

This will affect the back propagation process and cause the gradient exploding problem, 

thus the iteration speed will be very slow. 

Next, we will give some figures to show the correction performance of our method, 

meanwhile, we will compare the performance of our method with the traditional scene-

based non-uniformity correction method in these figures. The method we choose to 

compare is the algorithm our team published in 2014[7]. The thermal imager we use 

for testing has a 384 × 288 VOx un-cooled microbolometer. According to the 

computational process mentioned above, we cut the image into 256×256 dimension 

ahead of the time. First, let us take a look at fig.6: 

    

It can be seen from fig.6, our method has the best correction result. The corrected 

infrared image appears much cleaner in fig.6(b). Fig.6(c) has almost the same corrected 

result, but if we look carefully into it, we can spot some slightly “ghost effect” within 

the figure. During the test, we manually adjust the convergence step to 0.07 according 

to ref.7 and get this results. The comparison shows that, the traditional correction 

method is riskier than the proposed method. While according to the proposed method, 

once the correction parameter has been determined, the upcoming infrared stream will 

adapt to the parameter and finish the correction automatically. Fig.6(d) and fig.6(e) are 

two results when the ReLU or the BN is casting away from the model, unsatisfying 

results are then showed up. 

We use the same microbolometer to test the correction result. We also make some 

comparisons between our new method and the method in ref.7. The results are shown 

in fig.7: 

Fig.7 gives four comparisons of the new method and the traditional method. In 

every comparison pair, the figure on the left is corrected by the new method, the one in 

the middle is the image with non-uniformity, and the one on the right is corrected with 
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ref.7. In fig.7 we can see that, our new method surely has better correction performance. 

When the scene has much detail, the difference between these two methods is tiny, 

while the detail is not that sufficient, the correction difference becomes clearer. 

Evidence shows the superiority of our new method. 

4 Conclusion 

 Deep learning plays very important role in nowadays, it gives significant advantage 

in almost every field of research. The modern industry, civilian and military all need 

the assistance of deep learning. In this paper, our goal is to find a way to combine the 

scene-based non-uniformity correction with the deep learning. Through the 

understanding and modification of the DnCNN deep learning model, we finally figure 

out a way to do so. With the help of deep learning, we can control the correction 

parameters in a much stable way than the traditional correction method. We do not have 

to worry about the convergence problem which happens in the traditional correction 

method. We will further our research in this field and raise the field applicable 

technology in the future. 
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Fig.1 total structure of our deep learning strategy 
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Fig.2 modified strategy of residual learning 

 

Fig.3 learning rate strategy Jo
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Fig.4 neurons within our modified DnCNN model 
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(b) 

Fig.5 the computational effectiveness shows by the trend of the loss descent. (a)the total 

trend of the loss descent after 50000 times iteration; (b) the trend of the loss descent 

after 5000 times iteration 

 

 

Fig.6 the correction results comparison. (a)the infrared image with non-uniformity; 
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(b)the correction result of our method; (c)the correction result in ref.7; (d)the correction 

result without BN; (e)the correction result without ReLU 
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(d) 

Fig.7 more comparisons between our new method and the traditional scene-based non-

uniformity correction algorithm. 
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