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In this section of the paper, we provide performance on the synthetic datasets and more results on real-image denoising.

1. Identity Module vs. Residual module
Figure 1 shows the difference between the our network blocks and resent blocks. It is to be noted here, that resnet employs

different block structures in the same network.
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Figure 1. The comparison between our network block and the Resnet blocks. Our network block is simple than resent which employs
several different layers.

As compared to our method, ResNet [5] contains elements such as branched convolutions, strides, batch normalization,
flattening, a high number of feature maps, pooling, fully convolutional layer and post-ReLU. Here, it is to be noted that
ResNet [5] in its original form is not suitable for image denoising. So, we experimented with a modified version of a
ResNet, by setting all the convolution strides to one and removing pooling and fully convolutional layer to make it suitable
for denoising purposes. Furthermore, we reduce the depth of the network to 20 layers to make it comparable to our model,
DnCNN, and other state-of-the-art networks. The PSNR on BSD68 (σ = 25) for the modified ResNet network is 16.25 dB
without dilation and 16.90 dB with a dilation of three, keeping all the other parameters and training details as ours. This
result is very low even compared with decade old methods.

2. inference time and memory cost
The number of parameters in RIDNet is 1.5M (having a model size of 6.0MB) as compared to IERD’s 1M parameter (with

2.7MB model size). Similarly, the inference time taken by our method is 11.42s for the BSD68 dataset, while the time taken
by RIDNet is 15.42s. It should be noted here that the time reported also contains loading images, displaying statistics, and
saving the results.

3. Datasets
We performed experimental validation on the widely used publicly available three synthetically generated noisy datasets

described below.

• Classical images: As a tradition, we first provide a comparison on 12 classical images. The noise of standard devia-
tions (std) of σn = 15, 25, 50, 70 are added to the image.



Original Noisy BM3D WNNM MLP
14.16dB 25.82dB 26.32dB 26.26dB

EPLL TNRD DnCNN-S irCNN Ours
Monarch image 25.94dB 26.42dB 26.78dB 26.61dB 27.21dB

Figure 2. Denoising quality comparison on a sample image with strong edges and texture, selected from classical image set for noise level
�n = 50. The visual quality, i.e. sharpness of the edges on the wings and small textures reproduced by our method is the best among all.

Original Noisy BM3D WNNM MLP
14.16dB 26.21dB 26.51dB 26.54dB

EPLL TNRD DnCNN-S irCNN Ours
Castle from BSD68 26.35dB 26.60dB 26.90dB 26.88dB 27.20dB

Figure 3. Comparison on a sample image from BSD68 dataset for �n = 50. Our network is able to recover fine textures on the castle

CBM3D DnCNN CBM3D DnCNN
29.65dB 30.52dB 31.68dB 32.33dB

irCNN Ours irCNN Ours
Fish from BSD68 30.40dB 31.23dB Vase from BSD68 32.21dB 32.76dB

Figure 4. Denoising performance for state-of-the-art versus the proposed method on sample color images from the dataset in [8], where the
noise standard deviation �n is 50. The image we recover is more natural, contains less contrast artifacts and is closest to the ground-truth.




