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ABSTRACT 

Because of the quick induction and great execution, 

discriminative learning strategies have been broadly 

considered in picture denoising. Notwithstanding, 

these strategies for the most part get familiar with a 

particular model for each clamor level, and require 

numerous models for denoising pictures with various 

clamor levels. They additionally need adaptability to 

manage spatially variation clamor, restricting their 

applications in down to earth denoising. To address 

these issues, we present a quick and adaptable 

denoising convolutional neural organize, in particular 

FFDNet, with a tunable commotion level guide as the 

info. The proposed FFDNet takes a shot at down 

sampled sub images, accomplishing a decent 

exchange off between derivation speed and denoising 

execution. Rather than the current discriminative 

denoisers, FFDNet appreciates a few alluring 

properties, including (i) the capacity to deal with a 

wide scope of commotion levels (i.e., [0, 75]) 

adequately with a solitary system, (ii) the capacity to 

evacuate spatially variation commotion by indicating 

a non-uniform clamor level guide, and (iii) quicker 

speed than benchmark BM3D even on CPU without 

relinquishing denoising execution. Broad tests on 

engineered and genuine loud pictures are directed to 

assess FFD Net in correlation with cutting edge 

denoisers. The outcomes demonstrate that FFDNet is 

compelling and proficient, making it exceptionally 

alluring for pragmatic denoising applications. 

Index Terms—Image denoising, convolutional 

neural networks, Gaussian noise, spatially variant 

noise  

I. INTRODUCTION  

The importance of image denoising in low level 

vision can be revealed from many aspects. First, 

noise corruption is inevitable during the image 

sensing process and it may heavily degrade the visual 

quality of acquired image. Removing noise from the 

observed image is an essential step in various image 

processing and computer vision tasks [1], [2]. 

Second, from the Bayesian perspective, image 

denoising is an ideal test bed for evaluating image 

prior models and optimization methods [3], [4], [5]. 

Last but not least, in the unrolled inference via 

variable splitting techniques, many image restoration 

problems can be addressed by sequentially solving a 

series of denoising sub problems, which further 

broadens the application fields of image denoising 

[6], [7], [8], [9].  

As in many previous literature of image denoising 

[10], [11], [12], [13], in this paper we assume that the 

noise is additive white Gaussian noise (AWGN) and 

the noise level is given. In order to handle practical 

image denoising problems, a flexible image denoiser 

is expected to have the following desirable 

properties: (i) it is able to perform denoising using a 

single model; (ii) it is efficient, effective and user-

friendly; and (iii) it can handle spatially variant noise. 

Such a denoiser can be directly deployed to recover 

the clean image when the noise level is known or can 

be well estimated. When the noise level is unknown 

or is difficult to estimate, the denoiser should allow 

the user to adaptively control the trade-off between 

noise reduction and detail preservation. Furthermore, 

the noise can be spatially variant and the denoiser 

should be flexible enough to handle spatially variant 

noise.  

However, state-of-the-art image denoising methods 

are still limited in flexibility or efficiency. In general, 

image denoising methods can be grouped into two 

major categories, model based methods and 

discriminative learning based ones. Model based 

methods such as BM3D [11] and WNNM [5] are 

flexible in handling denoising problems with various 

noise levels, but they suffer from several drawbacks. 

For example, their optimization algorithms are 

generally time-consuming, and cannot be directly 
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used to remove spatially variant noise. Moreover, 

model-based methods usually employ hand-crafted 

image priors (e.g., sparsity [14], [15] and nonlocal 

self similarity [12], [13], [16]), which may not be 

strong enough to characterize complex image 

structures.  

As an alternative, discriminative denoising methods 

aim to learn the underlying image prior and fast 

inference from a training set of degraded and ground-

truth image pairs. One approach is to learn stage-wise 

image priors in the context of truncated inference 

procedure [17]. Another more popular approach is 

plain discriminative learning, such as the MLP [18] 

and convolutional neural network (CNN) based 

methods [19], [20], among which the DnCNN [20] 

method has achieved very competitive denoising 

performance. The success of CNN for image 

denoising is attributed to its large modeling capacity 

and tremendous advances in network training and 

design. However, existing discriminative denoising 

methods are limited in flexibility, and the learned 

model is usually tailored to a specific noise level. 

From the perspective of regression, they aim to learn 

a mapping function x = F(y; Θσ) between the input 

noisy observation y and the desired output x. The 

model parameters Θσ are trained for noisy images 

corrupted by AWGN with a fixed noise level σ, while 

the trained model with Θσ is hard to be directly 

deployed to images with other noise levels. Though a 

single CNN model (i.e., DnCNN-B) is trained in [20] 

for Gaussian denoising, it does not generalize well to 

real noisy images and works only if the noise level is 

in the preset range, e.g., [0, 55]. Besides, all the 

existing discriminative learning based methods lack 

flexibility to deal with spatially variant noise.  

To overcome the drawbacks of existing CNN based 

denoising methods, we present a fast and flexible 

denoising convolutional neural network (FFDNet). 

Specifically, our FFDNet is formulated as x = F(y, 

M; Θ), where M is a noise level map. In the DnCNN 

model x = F(y; Θσ), the parameters Θσ vary with the 

change of noise level σ, while in the FFDNet model, 

the noise level map is modeled as an input and the 

model parameters Θ are invariant to noise level. 

Thus, FFDNet provides a flexible way to handle 

different noise levels with a single network.  

By introducing a noise level map as input, it is 

natural to expect that the model performs well when 

the noise level map matches the ground-truth one of 

noisy input. Furthermore, the noise level map should 

also play the role of controlling the trade-off between 

noise reduction and detail preservation. It is found 

that heavy visual quality degradation may be 

engendered when setting a larger noise level to 

smooth out the details. We highlight this problem and 

adopt a method of orthogonal initialization on 

convolutional filters to alleviate this. Besides, the 

proposed FFDNet works on downsampled sub-

images, which largely accelerates the training and 

testing speed, and enlarges the receptive field as well.  

Using images corrupted by AWGN, we quantitatively 

compare FFDNet with state-of-the-art denoising 

methods; including model-based methods such as 

BM3D [11] and WNNM [5] and discriminative 

learning based methods such as TNRD [17] and 

DnCNN [20]. The results clearly demonstrate the 

superiority of FFDNet in terms of both denoising 

performance and computational efficiency. In 

addition, FFDNet performs favorably on images 

corrupted by spatially variant AWGN. We further 

evaluate FFDNet on real-world noisy images, where 

the noise is often signal-dependent, non-Gaussian and 

spatially variant. The proposed FFDNet model still 

achieves perceptually convincing results by setting 

proper noise level maps. Overall, FFDNet enjoys 

high potentials for practical denoising applications.  

The main contribution of our work is summarized as 

follows:  

• A fast and flexible denoising network, namely 

FFDNet, is proposed for discriminative image 

denoising. By taking a tunable noise level map as 

input, a single FFDNet is able to deal with noise on 

different levels, as well as spatially variant noise.  

• We highlight the importance to guarantee the role of 

the noise level map in controlling the trade-off 

between noise reduction and detail preservation.  

• FFDNet exhibits perceptually appealing results on 

both synthetic noisy images corrupted by AWGN and 

real world noisy images, demonstrating its potential 

for practical image denoising.  

The remainder of this paper is organized as follows. 

Sec. II reviews existing discriminative denoising 

methods. Sec. III presents the proposed image 

denoising model. Sec. IV reports the experimental 

results. Sec. V extention work of proposed work Sec. 

VI reports the extention results Sec.VII concludes the 

paper. 
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II.RELATED WORK 

In this section, we briefly review and discuss the two 

major categories of relevant methods to this work, 

i.e., maximum a posteriori (MAP) inference guided 

discriminative learning and plain discriminative 

learning.  

A. MAP Inference Guided Discriminative 

Learning  

Instead of first learning the prior and then performing 

the inference, this category of methods aims to learn 

the prior parameters along with a compact unrolled 

inference through minimizing a loss function [21]. 

Following the pioneer work of fields of experts [3], 

Barbu [21] trained a discriminative Markov random 

field (MRF) model together with a gradient descent 

inference for image denoising. Samuel and Tappen 

[22] independently proposed a compact gradient 

descent inference learning framework, and discussed 

the advantages of discriminative learning over 

model-based optimization method with MRF prior. 

Sun and Tappen [23] proposed a novel nonlocal 

range MRF (NLR-MRF) framework, and employed 

the gradient-based discriminative learning method to 

train the model. Generally speaking, the methods 

above only learn the prior parameters in a 

discriminative manner, while the inference 

parameters are stage-invariant. With the aid of 

unrolled half quadratic splitting (HQS) techniques, 

Schmidt et al. [24], [25] proposed a cascade of 

shrinkage fields (CSF) framework to learn stage-wise 

inference parameters. Chen et al. [17] further 

proposed a trainable nonlinear reaction diffusion 

(TNRD) model through discriminative learning of a 

compact gradient descent inference step. Recently, 

Lefkimmiatis [26] and Qiao et al. [27] adopted a 

proximal gradient-based denoising inference from a 

variational model to incorporate the nonlocal self-

similarity prior. It is worth noting that, apart from 

MAP inference, Vemulapalli et al. [28] derived an 

end-to-end trainable patch-based denoising network 

based on Gaussian Conditional Random Field 

(GCRF) inference. MAP inference guided 

discriminative learning usually requires much fewer 

inference steps, and is very efficient in image 

denoising. It also has clear interpretability because 

the discriminative architecture is derived from 

optimization algorithms such as HQS and gradient 

descent [17], [21], [22], [23], [24]. However, the 

learned priors and inference procedure are limited by 

the form of MAP model [25], and generally perform 

inferior to the state-of-the-art CNN-based denoisers. 

For example, the inference of CSF [24] is not very 

flexible since it is strictly derived from the HQS 

optimization under the field of experts (FoE) 

framework. The capacity of FoE is however not large 

enough to fully characterize image priors, which in 

turn makes CSF less effective. For these reasons, 

Kruse et al. [29] generalized CSF for better 

performance by replacing some modular parts of 

unrolled inference with more powerful CNN.  

B. Plain Discriminative Learning  

Instead of modeling image priors explicitly, the plain 

discriminative learning methods learn a direct 

mapping function to model image prior implicitly. 

The multi-layer perceptron (MLP) and CNNs have 

been adopted to learn such priors. 

The use of CNN for image denoising can be traced 

back to [19], where a five-layer network with 

sigmoid nonlinearity was proposed. Subsequently, 

auto-encoder based methods have been suggested for 

image denoising [30], [31]. However, early MLP and 

CNN-based methods are limited in denoising 

performance and cannot compete with the benchmark 

BM3D method [11]. The first discriminative 

denoising method which achieves comparable 

performance with BM3D is the plain MLP method 

proposed by Burger et al. [18]. Benefitted from the 

advances in deep CNN, Zhang et al. [20] proposed a 

plain denoising CNN (DnCNN) method which 

achieves state-of-the-art denoising performance. 

They showed that residual learning and batch 

normalization [32] are particularly useful for the 

success of denoising. For a better trade-off between 

accuracy and speed, Zhang et al. [9] introduced a 7-

layer denoising network with dilated convolution 

[33] to expand the receptive field of CNN. Mao et al. 

[34] proposed a very deep fully convolutional 

encoding-decoding network with symmetric skip 

connection for image denoising. Santhanam et al. 

[35] developed a recursively branched de 

convolutional network (RBDN) for image denoising 

as well as generic image-to-image regression. Tai et 

al. proposed a very deep persistent memory network 

(MemNet) by introducing a memory block to mine 

persistent memory through an adaptive learning 

process. Plain discriminative learning has shown 

better performance than MAP inference guided 
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discriminative learning; however, existing 

discriminative learning methods have to learn 

multiple models for handling images with different 

noise levels, and are incapable to deal with spatially 

variant noise. To the best of our knowledge, it 

remains an unaddressed issue to develop a single 

discriminative denoising model which can handle 

noise of different levels, even spatially variant noise, 

in a speed even faster than BM3D.  

III. PROPOSED FAST AND 

FLEXIBLE DISCRIMINATIVE CNN 

DENOISER 

We present a single discriminative CNN model, 

namely FFDNet, to achieve the following three 

objectives:  

• Fast speed: The denoiser is expected to be highly 

efficient without sacrificing denoising performance. 

 • Flexibility: The denoiser is able to handle images 

with different noise levels and even spatially variant 

noise.  

• Robustness: The denoiser should introduce no 

visual artifacts in controlling the trade-off between 

noise reduction and detail preservation. 

In this work, we take a tunable noise level map M as 

input to make the denoising model flexible to noise 

levels. To improve the efficiency of the denoiser, a 

reversible downsampling operator is introduced to 

reshape the input image of size W×H×C into four 

downsampled sub-images of size W/2 × H/2 ×4C. 

Here C is the number of channels, i.e., C = 1 for 

grayscale image and C = 3 for color image. In order 

to enable the noise level map to robustly control the 

trade-off between noise reduction and detail 

preservation by introducing no visual artifacts, we 

adopt the orthogonal initialization method to the 

convolution filters.  

 

 
 

Fig.1. The architecture of the proposed FFDNet for image denoising. The input image is reshaped to four sub-

images, which are then input to the CNN together with a noise level map. The final output is reconstructed by 

the four denoised sub-images. 

A. Network Architecture  

Fig. 1 illustrates the architecture of FFDNet. The first 

layer is a reversible downsampling operator which 

reshapes a noisy image y into four downsampled sub-

images. We further concatenate a tunable noise level 

map M with the downsampled sub-images to form a 

tensor ˜y of size W 2 × H 2 × (4C + 1) as the inputs 

to CNN. For spatially invariant AWGN with noise 

level σ, M is a uniform map with all elements being 

σ. With the tensor ˜y as input, the following CNN 

consists of a series of 3 × 3 convolution layers. Each 

layer is composed of three types of operations:  

Convolution (Conv), Rectified Linear Units (ReLU), 

and Batch Normalization (BN) [32]. More 

specifically, “Conv+ReLU” is adopted for the first 

convolution layer, “Conv+BN+ReLU” for the middle 

layers, and “Conv” for the last convolution layer. 

Zero-padding is employed to keep the size of feature 

maps unchanged after each convolution. After the 

last convolution layer, an up scaling operation is 

applied as the reverse operator of the downsampling 
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operator applied in the input stage to produce the 

estimated clean image ˆx of size W × H × C. 

Different from DnCNN; FFDNet does not predict the 

noise. The reason is given in Sec. III-F. Since 

FFDNet operates on downsampled sub-images, it is 

not necessary to employ the dilated convolution [33] 

to further increase the receptive field.  

By considering the balance of complexity and 

performance, we empirically set the number of 

convolution layers as 15 for grayscale image and 12 

for color image. As to the channels of feature maps, 

we set 64 for grayscale image and 96 for color image. 

The reason that we use different settings for 

grayscale and color images is twofold. First, since 

there are high dependencies among the R, G, and B 

channels, using a smaller number of convolution 

layers encourage the model to exploit the inter-

channel dependency. Second, color image has more 

channels as input, and hence more features (i.e. more 

channels of feature map) is required. According to 

our experimental results, increasing the number of 

feature maps contributes more to the denoising 

performance on color images. Using different settings 

for color images, FFDNet can bring an average gain 

of 0.15dB by PSNR on different noise levels. As we 

shall see from Sec. IV-F, 12-layer FFDNet for color 

image runs slightly slower than 15-layer FFDNet for 

grayscale image. Taking both denoising performance 

and efficiency into account, we set the number of 

convolution layers as 12 and the number of feature 

maps as 96 for color image denoising.  

B. Noise Level Map  

Let’s first revisit the model-based image denoising 

methods to analyze why they are flexible in handling 

noises at different levels, which will in turn help us to 

improve the flexibility of CNN-based denoiser. Most 

of the model-based denoising methods aim to solve 

the following problem 

�̂� = arg min
𝑥

1

2𝜎2
‖𝑦 − 𝑥‖2 + 𝜆Φ(𝑥),                 (1) 

where 
1

2𝜎2
‖𝑦 − 𝑥‖2  is the data fidelity term with 

noise level σ, Φ(x) is the regularization term 

associated with image prior, and λ controls the 

balance between the data fidelity and regularization 

terms. It is worth noting that in practice λ governs the 

compromise between noise reduction and detail 

preservation. When it is too small, much noise will 

remain; on the opposite, details will be smoothed out 

along with suppressing noise. With some 

optimization algorithms, the solution of Eqn. (1) 

actually defines an implicit function given by 

�̂� = ℱ(𝑦, 𝜎, 𝜆; Θ).              (2) 

Since λ can be absorbed into σ, Eqn. (2) can be 

rewritten as 

�̂� = ℱ(𝑦, 𝜎; Θ).              (3) 

In this sense, setting noise level σ also plays the role 

of setting λ to control the trade-off between noise 

reduction and detail preservation. In a word, model-

based methods are flexible in handling images with 

various noise levels by simply specifying σ in Eqn. 

(3).  

According to the above discussion, it is natural to 

utilize CNN to learn an explicit mapping of Eqn. (3) 

which takes the noise image and noise level as input. 

However, since the inputs y and σ have different 

dimensions, it is not easy to directly feed them into 

CNN. Inspired by the patch based denoising methods 

which actually set σ for each patch, we resolve the 

dimensionality mismatching problem by stretching 

the noise level σ into a noise level map M. In M, all 

the elements are σ. As a result, Eqn. (3) can be 

further rewritten as 

�̂� = ℱ(𝑦, 𝑴; Θ).                       (4) 

It is worth emphasizing that M can be extended to 

degradation maps with multiple channels for more 

general noise models such as the multivariate (3D) 

Gaussian noise model N (0, Σ) with zero mean and 

covariance matrix Σ in the RGB color space. As such, 

a single CNN model is expected to inherit the 

flexibility of handling noise model with different 

parameters, even spatially variant noises by noting M 

can be non-uniform.  

C. Denoising on Sub-images  

Efficiency is another crucial issue for practical CNN-

based denoising. One straightforward idea is to 

reduce the depth and number of filters. However, 

such a strategy will sacrifice much the modeling 

capacity and receptive field of CNN [20]. In [9], 

dilated convolution is introduced to expand receptive 

field without the increase of network depth, resulting 

in a 7- layer denoising CNN. Unfortunately, we 

empirically find that FFDNet with dilated 
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convolution tends to generate artifacts around sharp 

edges. Shi et al. proposed to extract deep features 

directly from the low-resolution image for super-

resolution, and introduced a sub-pixel convolution 

layer to improve computational efficiency. In the 

application of image denoising, we introduce a 

reversible downsampling layer to reshape the input 

image into a set of small sub-images. Here the 

downsampling factor is set to 2 since it can largely 

improve the speed without reducing modeling 

capacity. The CNN is deployed on the sub-images, 

and finally a sub-pixel convolution layer is adopted 

to reverse the downsampling process. Denoising on 

downsampled sub-images can also effectively expand 

the receptive field which in turn leads to a moderate 

network depth. For example, the proposed network 

with a depth of 15 and 3 × 3 convolution will have a 

large receptive field of 62 × 62. In contrast, a plain 

15-layer CNN only has a receptive field size of 

31×31. We note that the receptive field of most state-

of-the-art denoising methods ranges from 35×35 to 

61×61. Further increase of receptive field actually 

benefits little in improving denoising performance 

[40]. What is more, the introduction of sub sampling 

and sub-pixel convolution is effective in reducing the 

memory burden. Experiments are conducted to 

validate the effectiveness of downsampling for 

balancing denoising accuracy and efficiency on the 

BSD68 dataset with σ = 15 and 50. For grayscale 

image denoising, we train a baseline CNN which has 

the same depth as FFDNet without downsampling. 

The comparison of average PSNR values is given as 

follows: (i) when σ is small (i.e., 15), the baseline 

CNN slightly outperforms FFDNet by 0.02dB; (ii) 

when σ is large (i.e., 50), FFDNet performs better 

than the baseline CNN by 0.09dB. However, FFDNet 

is nearly 3 times faster and is more memory-friendly 

than the baseline CNN. As a result, by performing 

denoising on sub-images, FFDNet significantly 

improves efficiency while maintaining denoising 

performance.  

D. Examining the Role of Noise Level Map  

By training the model with abundant data units (y, M; 

x), where M is exactly the noise level map of y, the 

model is expected to perform well when the noise 

level matches the ground-truth one (see Fig. 2(a)). On 

the other hand, in practice, we may need to use the 

learned model to smooth out some details with a 

higher noise level map than the ground-truth one (see 

Fig. 2(b)). In other words, one may take advantage of 

the role of λ to control the trade-off between noise 

reduction and detail preservation. Hence, it is very 

necessary to further examine whether M can play the 

role of λ. 

 
Fig.2. an example to show the importance of 

guaranteeing the role of noise level map in 

controlling the trade-off between noise reduction 

and detail preservation. The input is a noisy image 

with noise level 25. (a) Result without visual 

artifacts by matched noise level 25. (b) Result 

without visual artifacts by mismatched noise level 

60. (c) Result with visual artifacts by mismatched 

noise level 60. 

Unfortunately, the use of both M and y as input also 

increases the difficulty to train the model. According 

to our experiments on several learned models, the 

model may give rise to visual artifacts especially 

when the input noise level is much higher than the 

ground-truth one (see Fig. 2(c)), which indicates M 

fails to control the trade-off between noise reduction 

and detail preservation. Note that it does not mean all 

the models suffer from such problem. One possible 

solution to avoid this is to regularize the convolution 

filters. As a widely-used regularization method, 

orthogonal regularization has proven to be effective 

in eliminating the correlation between convolution 

filters, facilitating gradient propagation and 

improving the compactness of the learned model. In 

addition, recent studies have demonstrated the 

advantage of orthogonal regularization in enhancing 

the network generalization ability in applications of 

deep hashing and image classification. According to 

our experiments, we empirically find that the 

orthogonal initialization of the convolution filters, 

works well in suppressing the above mentioned 

visual artifacts. It is worth emphasizing that this 

section aims to highlight the necessity of 

guaranteeing the role of M in controlling the trade-off 

between noise reduction and detail preservation 
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rather than proposing a method to avoid the possible 

visual artifacts caused by noise level mismatch. In 

practice, one may retrain the model until M plays its 

role and results in no visual artifacts with a lager 

noise level. 

IV.EXPERIMENTS&RESULTS 

 

 
 

Fig.1: Denoising For Grayscale Images 

 
 

Fig.2: Denoising For Color Images 

 

V.EXTENTION METHOD 

For this project I have done extention work on videos 

by using a fast and flexible denoising convolutional 

neural network. In this process first the video will be 

dividing into frames and then store that frames into 

one file. Then the video frames will be taking as 

input then apply a fast and flexible denoising 

convolutional neural network, namely FFDNet, with 

a tunable noise level map. This extention work 

FFDNet on downsampled, achieving a good trade-off 

between inference speeds and denoising 

performance. Compare to proposed work the 

extention work give better denoising performance. In 

proposed psnr value will be 29db and extention work 

psnr value will be 33db.based on the psnr value the 

extention work will give better results compare to 

proposed work. 

VI.EXTENTION RESULTS 

 
Fig.1: Input Video 

 
Fig.2: Denoising On Video Frames 

Comparison Graph 
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Comparison Table 

 

VII. CONCLUSION&FUTURE 

WORK 

In this paper, I proposed another CNN model, 

specifically FFDNet, for quick, successful and 

adaptable discriminative denoising. To accomplish 

this objective, a few strategies were used in system 

plan and preparing, for example, the utilization of 

commotion level guide as input and denoising in 

down sampled sub-pictures space. The results on 

engineered pictures with AWGN showed that 

FFDNet cannot just deliver cutting edge results when 

information commotion level matches ground-truth 

clamor level, yet in addition can heartily control the 

exchange off between commotion decrease and detail 

safeguarding. The outcomes on pictures with 

spatially variation AWGN approved the adaptability 

of FFDNet for giving inhomogeneous commotion. 

The outcomes on genuine boisterous pictures 

additionally showed that FFDNet can convey 

perceptually engaging denoising results. At long last, 

the running time correlations demonstrated the 

quicker speed of FFDNet over other contending 

strategies, for example, BM3D. Considering its 

adaptability, productivity and adequacy, FFDNet 

gives a down to earth answer for CNN denoising 

applications. 
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