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Abstract

Single-sensor imaging systems are widely deployed in portable devices including digital cameras, smartphones, 
and personal digital assistants (PDAs) for real-time image acquisition. While convolutional neural networks 
(CNNs) have demonstrated exceptional capabilities in various image processing tasks, their potential for 
demosaicking applications remains underexplored. This paper presents a demosaicking framework utilizing a 
Deep Residual Convolutional Neural Network (DRCNN) architecture. Firstly, we initialize the mosaicked images 
using conventional demosaicking algorithms and learn the DRCNN for three color channels. The proposed 
DRCNN architecture innovatively integrates three core components: Binary Convolution Units (BCUs) for 
computational efficiency, Efficient Layer Aggregation Networks (ELAN) for multi-scale feature fusion, and 
Dense Residual Blocks (DRBs) for enhanced gradient flow. Comprehensive evaluations demonstrate that the 
proposed algorithms outperform existing approaches in PSNR, computational complexity, and visual quality.
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I.	 Introduction

IN most digital cameras, images are captured by a single image sensor, 
its surface overlaid with a color filter array (CFA). This design choice 

is primarily driven by the need to reduce both cost and size, as the 
image sensor represents the most expensive component of the camera 
system [1]. To correctly restore missing color channels, demosaicking 
methods [2] using color differences between green (G) channels and 
red/blue (R/B) channels have been studied. Certain approaches first 
perform edge detection, subsequently interpolating missing color 
values along the detected edges rather than across them. One such 
technique, adaptive color plane interpolation (ACPI), employs an 
edge-sensing interpolation method [3]. ACPI generates three distinct 
predictors and selects the optimal one via an edge classifier, which 
utilizes the Laplacian second-order term for the R or B planes and 
the gradient term for the G plane. Another noteworthy method, 
effective color interpolation (ECI), relies on color differences between 
the G and R/B channels to estimate the missing values [4]. Building 
on this concept, enhanced ECI (EECI) refines the interpolation 
by incorporating pixel differences as weights [5]. Meanwhile, the 
adaptive homogeneity-directed (AHD) method capitalizes on color 
homogeneity within the CIELAB color space [6], and an adaptive 
filtering approach has also been applied to CFA demosaicking [7]. 

Additionally, a demosaicking technique based on the variance of color 
differences (VCD) has been introduced to identify reliable edges [8].

In this approach, the missing G values are categorized into two 
distinct regions: the plane region and the edge region. To determine 
whether a pixel lies on an edge, the gradient variation within an 
N × N window is computed. The directional filtering and a posteriori 
decision method (DFPD) utilizes the sum of the gradients in both 
the horizontal and vertical directions within a 5 × 5 window [9]. By 
combining DFPD with enhanced effective color interpolation (EECI), 
the color demosaicking with directional filtering and weighting 
(CDDFW) method was introduced [10].

The high-order interpolation (HOI) method, which employs a 
Taylor series expansion for interpolation, alongside a weighted 
median filter to select the optimal predictor, has also been proposed 
[11]. The effective demosaicking based on subband correlation 
(EDUSC) method utilizes discrete wavelet transforms to classify 
edge pixels [12]. In the effective demosaicking method based on edge 
properties (EDAEP), fixed weights are added to the ECI method to 
enhance interpolation quality [13]. Further advancements are found 
in the work of Pekkucuksen et al., who introduced demosaicking 
methods that leverage edge strength filters and multiscale gradients 
[14], [15]. Kim et al. proposed a novel method incorporating geometric 
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duality and dilated directional differentiation for more accurate color 
reconstruction [16]. Several techniques also explore the frequency 
domain of CFA images. The regularization approach to demosaicking 
(RAD) employs frequency properties to evaluate the luminance 
component, offering spatially adaptive regularization [17]. Dubois 
et al. introduced a luma-chroma demultiplexing algorithm [18] and 
further refined it by applying a least-squares strategy to design an 
optimal filter [19], [20].

Recently, considerable attention has been devoted to convolutional 
neural networks (CNNs) within the fields of computer vision and 
image processing. CNN-based approaches have led to significant 
breakthroughs in various tasks, including image recognition, 
segmentation, super-resolution, and denoising [21]–[34]. The very 
deep convolutional network (VDSR) [33], which introduced the 
concept of residual learning, marked a major advancement in image 
super-resolution, yielding substantial performance improvements. 
Inspired by VDSR, we propose a deep residual CNN-based 
demosaicking method. In recent years, numerous demosaicking 
algorithms leveraging CNNs have emerged [35]–[41]. Wang et al. 
introduced a compact demosaicking neural network based on the 
UNet++ architecture [35], while joint denoising and demosaicking 
algorithms were explored by Gharbi et al. [36]. Several approaches 
have focused on color image demosaicking through deep residual 
learning (DDRL) [40], and a deep fully convolutional network for 
demosaicking was proposed by Tan et al. [41].

While deep-learning-based demosaicking has demonstrated 
significant improvements over traditional methods, existing 
approaches often suffer from large model sizes and inefficient 
architectures, making them less practical for real-time applications. 
Additionally, handling complex edges and fine textures remains a 
challenge due to insufficient feature aggregation and redundant 
network parameters.

To address these issues, we introduce a novel combination of 
binary convolution units (BCUs) [42], efficient layer aggregation 
networks (ELAN) [43], and dense residual blocks (DRBs). BCUs 
improve computational efficiency by approximating full-precision 
weights through linear combinations of binary weights, reducing 
memory usage while maintaining performance. ELAN enhances 
gradient propagation, allowing deeper networks to learn high-quality 
demosaicked images with improved feature fusion. Meanwhile, DRBs 
mitigate weight redundancy and strengthen feature reuse, which 
is particularly beneficial for preserving fine details in challenging 
demosaicking scenarios. By integrating these components, our method 
achieves high-quality color reconstruction with improved efficiency, 
making it well-suited for practical applications.

The rest of the paper is organized as follow: a brief review of 
related work is introduced in section II. In Section III, we present a 
detailed description of the proposed algorithm. Section IV presents 
experimental results and a discussion of the findings. Finally, Section 
V concludes the paper.

II.	 Related Work

Digital camera acquires digital images by a single monochromatic 
image sensor which processes only one-color channel at each pixel 
location shown in Fig. 1. Therefore, the acquired image is in the 
pattern of a mosaic. Fig. 2 shows 7 × 7 Bayer pattern CFA. The number 
of G color pixels is twice that of blue and red pixels, and the G channel 

retains more image details in the Bayer CFA pattern. To restore a three-
channel full-color image from the mosaicked one, an interpolation 
method that reconstructs the missing color values is necessary. This 
algorithm is called demosaicking or CFA interpolation [2].
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Fig. 2. Illustration of the 7 × 7 CFA Bayer pattern.

The conventional demosaicking algorithms are divided into three 
categories: one is weighted-average based methods using a directional 
filter; the other is dictionary learning methods; another is neural 
network based methods. Most weighted-average based methods 
reconstruct the G channel component and then estimate the red and 
blue channels using the reconstructed G color channel. The to-be-
interpolated green color pixels are a weighted average of the given 
color pixels around the missing green pixels. Gharbi et al. [36] and 
Tan et al. [41] proposed deep convolutional neural network based 
demosaicking algorithms. Tan et al. [41] adopts a fully convolutional 
network which needs huge parameters to train the datasets. They 
proposed three-model training and weighted double interpolation 
fusion to reconstruct the color channels. In contrast, we just adopt 
two-model training and image-complex selection criteria.

III.	The Proposed Deep Residual Convolutional Neural 
Network-based Demosaicking Algorithm

Gharbi et al. [36] directly rearranged the original mosaicked 
images as the input of the network, and Tan et al. [41] provided 
a two-step image demosaicking method which initialized the 
mosaicked images using gradient-corrected bilinear interpolation to 
reconstruct the demosaicked images as the input of the network. We 
conduct experiments in two ways: (1) using BDD [44] to reconstruct 
demosaicked images as input, and (2) directly using the original 
mosaicked images as the input of the network. All the training and 
testing conditions are the same for the two models, and we randomly 
choose some images to evaluate the two models. We can see from 
Table I that in our network, with the same training time, the initial 
demosaicked images as input achieve better performance than the 
original mosaicked images as input. Therefore, we chose the initial 
demosaicked images using BDD [44] as input for our network.

Scene
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Image
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Fig. 1. Digital image acquisition using a digital camera.
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TABLE I. PSNR and SSIM Comparisons of Two Models

Image Type PSNR SSIM

Initial demosaicked images 41.34 0.9926

Original mosaicked images 40.45 0.9908

A.	Network Architecture
Our proposed DRCNN consists of a cascade of nineteen repeated 

layers, each composed of one BCU and an ELAN layer. The overall 
structure of our DRCNN architecture is shown in Fig. 3. Each 
convolutional layer has 64 feature maps with a filter size of 3 × 3. 
To prevent gradient vanishing and enhance model robustness, we add 
a nonlinear layer (RPRELU) after each convolutional layer. Residual 
learning has been shown to enable fast convergence and achieve 
strong performance in image processing.

BCU: BCU (as shown in Fig. 4) approximates the full-precision 
weights and activations to only 1 bit with a pre-defined binary 
function which can achieving high computational efficiency [42]. BCU 
can be expressed as

	 (1)

Then the weights are approximated as

	 (2)

where  and  are full-precision activations and weights in the 
i − th channel of j − th layer separately. αi,j is the learnable coefficient 
to control the threshold of the sign function for the i − th channel of 
the j − th layer.

RPReLU: The RPReLU [45] is proposed as the activation function 
in BCU defined as:

	 (3)

where f(·) is the RPReLU function, y(i, j) is the input of the function 
and is the element of i − th channel of j − th layer, (i, j) and (i, j) are 
shifts for moving the distribution, and (i, j) is parameter of the slope 
of the negative parts. 

ELAN: ELAN is an ensemble scaling method to choose a better 
trade-off of performance and efficiency as shown in Fig. 5. ELAN 
aims to make a more efficient neural network to converge quickly by 
guiding the shortest or longest gradient path.
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Fig. 5. Structure of ELAN.

Residual unit: Inspired by VDSR [33], at the end of the network, 
we provide two residual layers, one is local residual learning and the 
other is global residual learning, as seen in Fig. 3. Let X be the input and 
Xi represent the output of i − th convolution. We have the expression as

	 (4)

The local residual learning can be expressed as

	 (5)

The local residual unit is adding the two feature maps Xi−1 and Xi to 
the input of the next convolutional layer. Local residual learning has 
been proven to further improve the performance of image restoration, 
which can efficiently increase the ability of the model.

Global residual learning is shown as

	 (6)

VDSR [33] introduced the global residual learning to avoid gradient 
vanishing. After the global residual learning we get the reconstructed 
demosaicking images.

Image complex selection: The choice of the training set is 
significant for the network. The different kinds of images have varied 
features, such as flat images, complex images, colorful images, and so 
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Fig. 3. The proposed DRCNN architecture. We initialized the mosaicked image with BDD [44] as the input of the network. We repeatedly cascade layers (each 
layer contains one BCU and one ELAN) and two residual learning layers (Local and global residual learning).
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on. Sorting all the images into a single category is not appropriate. 
The more similar the test images to the training sets, the better 
performance the results show. Based on the discussion, we provide 
an image complex selection criterion to extract the images with more 
complex regions. Our target is to increase the MSE of the image with 
low quality. As we know the image detail is difficult to reconstruct and 
causes image degradation during image reconstruction thereby most 
methods achieve low PSNR. Therefore, we simply utilize the PNSR 
between the reconstructed image and the original images to select the 
complex images. A threshold T is introduced to divide which training 
images belong to complex image sets.

Ensemble image fusion: With the training of the two image 
datasets, we simply use a weighted average to fuse the output of the 
two models as follows:

	 (7)

In Table II, we provide the comparison of average PSNR and SSIM of 
Kodak and McM datasets and we can find out that the ensemble model 
improves both PSNR and SSIM compared with the two single models.

TABLE II. Comparison of Average PSNR and SSIM of Kodak and McM 
Datasets

Model PSNR SSIM

General model 40.921 0.99278

Complex model 40.925 0.99282

Esemble model 40.957 0.99283

IV.	Experimental Results

In this section, the performance of the proposed algorithm is 
evaluated and compared with some reference methods. We assessed 
the objective performance in terms of color PSNR and structural 
similarity index (SSIM), which are widely adopted metrics in the 
literature. The parameters w and the threshold T are super parameters 
and they are chosen as T = 35.5 and w = 0.4.

A.	Implementation Details
Datasets for training. DIV2K dataset [46] is a recently introduced 

high-quality image dataset with 2K resolution for image restoration and 
contains 800 training images. Flickr is another popular high-quality 
image dataset with 2K resolution. For the general model, we adopt 
800 DIV2K images as the training dataset. For the complex region, 
we test all the DIV2K and Flickr images and choose the images with 
PSNR lower than T = 35.5. We get 997 images for complex models. The 
training data is firstly preprocessed by BDD [44] and then we cut the 
training RGB input image with patches size 64 × 64 with stride 64. Our 
proposed deep residual convolutional network-based demosaicking 
algorithm (DRCNN) was implemented using PyTorch and trained on an 
NVIDIA RTX 3090 GPU with 24GB VRAM. The training process took 
approximately 72 hours for convergence on a dataset of high-resolution 
images. For weight initialization, we applied the Xavier initialization 
to ensure stable gradient propagation in deep layers. Additionally, we 
experimented with He initialization for convolutional layers but found 
that Xavier provided more stable training dynamics. To enhance training 
efficiency and prevent overfitting, we froze the initial convolutional 
layers during early training epochs, allowing higher layers to focus on 
learning complex textures and edge details before fine-tuning the entire 

Fig. 6. 24 images of the Kodak dataset (up) and 18 images of the McM dataset (down).
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TABLE III. Performance Comparison of PSNR and SSIM of Kodak Dataset (The Best Performances Are Marked in Bold).  
DDRCNN Is the Proposed Algorithm

Image 1 2 3 4 5 6
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

AFD 37.56 0.9891 40.70 0.9978 42.69 0.9966 41.06 0.9968 38.04 0.9930 38.04 0.9910
VCD 38.42 0.9846 40.43 0.9927 42.54 0.9871 40.77 0.9897 37.78 0.9853 40.00 0.9882
HOI 36.56 0.9871 40.83 0.9980 42.71 0.9965 40.72 0.9966 37.63 0.9925 38.81 0.9926
ESF 39.91 0.9936 40.82 0.9979 42.55 0.9968 40.45 0.9967 37.55 0.9927 41.22 0.9955

EDAEP 34.92 0.9060 39.74 0.9334 41.75 0.9200 40.03 0.9231 35.78 0.9173 36.85 0.9087
ECI 33.96 0.9816 38.49 0.9971 40.76 0.9956 39.49 0.9959 35.31 0.9886 35.05 0.9886
GD 38.98 0.9924 41.07 0.9982 42.41 0.9970 40.96 0.9972 38.11 0.9939 40.76 0.9951

NAT 34.45 0.9772 39.78 0.9861 41.94 0.9928 39.67 0.9898 35.82 0.9864 35.80 0.9838
ARI 38.81 0.9911 39.66 0.9949 42.68 0.9959 40.70 0.9955 38.27 0.9932 40.52 0.9938
FR 39.66 0.9928 41.62 0.9976 44.00 0.9964 41.50 0.9967 39.27 0.9940 41.24 0.9949

BDD 38.75 0.9920 41.50 0.9982 43.22 0.9970 41.30 0.9971 38.56 0.9938 40.59 0.9949
DJDD 41.60 0.9955 41.70 0.9979 43.80 0.9967 42.30 0.9975 39.40 0.9947 41.70 0.9956
DFCD 41.96 0.9958 42.14 0.9976 44.83 0.9968 42.85 0.9976 40.56 0.9956 42.46 0.9960

DRCNN 42.58 0.9967 42.56 0.9985 45.38 0.9975 43.63 0.9979 41.32 0.9964 42.92 0.9966

Image 7 8 9 10 11 12
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

AFD 42.91 0.9966 35.23 0.9873 42.57 0.9892 42.70 0.9916 39.34 0.9914 42.77 0.9955
VCD 42.13 0.9876 36.29 0.9828 42.85 0.9803 42.47 0.9815 39.89 0.9825 43.43 0.9912
HOI 42.72 0.9965 34.86 0.9860 42.39 0.9877 42.27 0.9906 39.13 0.9917 43.03 0.9958
ESF 42.15 0.9962 37.19 0.9906 42.96 0.9900 42.60 0.9919 40.69 0.9936 43.80 0.9966

EDAEP 41.28 0.9211 32.83 0.9002 40.90 0.9052 40.98 0.9103 37.48 0.9077 41.67 0.9144
ECI 40.30 0.9955 30.52 0.9806 39.66 0.9856 40.18 0.9888 36.20 0.9885 40.00 0.9944
GD 42.59 0.9967 36.93 0.9905 42.92 0.9904 42.89 0.9923 40.50 0.9937 43.77 0.9967

NAT 41.50 0.9919 32.61 0.9772 40.53 0.9846 40.84 0.9861 39.65 0.9850 41.02 0.9914
ARI 42.67 0.9954 34.98 0.9847 41.57 0.9785 41.55 0.9888 39.63 0.9904 43.17 0.9956
FR 43.75 0.9962 37.34 0.9907 43.65 0.9898 43.28 0.9916 41.16 0.9934 44.58 0.9965

BDD 43.10 0.9967 36.96 0.9903 43.29 0.9900 42.97 0.9919 40.71 0.9937 44.02 0.9967
DJDD 44.10 0.9968 37.70 0.9917 43.30 0.9891 43.50 0.9917 41.50 0.9938 44.50 0.9967
DFCD 44.90 0.9970 38.11 0.9926 44.09 0.9901 43.75 0.9923 42.23 0.9941 45.26 0.9970

DRCNN 45.23 0.9975 39.41 0.9939 44.66 0.9913 42.69 0.9934 42.69 0.9950 45.90 0.9975

Image 13 14 15 16 17 18
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

AFD 33.77 0.9857 37.17 0.9908 39.84 0.9933 41.15 0.9889 41.39 0.9912 37.12 0.9867
VCD 34.80 0.9815 37.01 0.9834 39.70 0.9895 43.71 0.9823 41.52 0.9837 37.12 0.9830
HOI 32.77 0.9820 37.17 0.9903 39.05 0.9925 42.47 0.9917 40.85 0.9900 36.45 0.9845
ESF 36.11 0.9904 36.11 0.9916 39.27 0.9932 44.77 0.9945 41.95 0.9916 37.72 0.9859

EDAEP 31.48 0.9059 36.27 0.9154 38.81 0.9185 40.44 0.9055 39.63 0.9176 35.38 0.9162
ECI 31.34 0.9767 35.28 0.9867 38.73 0.9911 38.07 0.9874 39.31 0.9875 35.19 0.9818
GD 35.07 0.9888 36.78 0.9926 39.61 0.9936 44.18 0.9938 42.07 0.9919 37.79 0.9878

NAT 30.74 0.9706 36.32 0.9844 38.49 0.9886 39.04 0.9814 39.06 0.9864 34.83 0.9669
ARI 35.21 0.9877 37.55 0.9918 38.61 0.9893 43.25 0.9930 41.14 0.9900 36.87 0.9833
FR 35.75 0.9896 38.27 0.9926 40.28 0.9938 44.60 0.9936 42.29 0.9917 38.15 0.9865

BDD 34.95 0.9886 37.70 0.9926 39.61 0.9935 44.42 0.9941 42.02 0.9918 37.64 0.9873
DJDD 37.50 0.9929 39.20 0.9936 41.50 0.9940 44.70 0.9940 42.00 0.9909 39.30 0.9890
DFCD 37.67 0.9935 40.27 0.9944 42.09 0.9945 45.44 0.9946 42.76 0.9917 39.05 0.9895

DRCNN 37 .89 0.9936 40.48 0.9954 42.67 0.9956 45.92 0.9954 43.13 0.9929 39.63 0.9902

Image 19 20 21 22 23 24
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

AFD 40.00 0.9911 41.12 0.9894 38.68 0.9911 38.51 0.9903 43.15 0.9961 34.83 0.9872
VCD 40.51 0.9830 41.13 0.9810 39.16 0.9852 38.07 0.9790 43.00 0.9876 35.10 0.9792
HOI 39.82 0.9902 40.63 0.9889 37.92 0.9904 38.03 0.9889 43.48 0.9959 34.16 0.9854
ESF 41.49 0.9913 41.52 0.9897 40.30 0.9929 38.41 0.9891 42.45 0.9951 35.34 0.9873

EDAEP 37.75 0.9119 39.26 0.9097 36.45 0.9133 37.17 0.9140 42.36 0.9240 33.73 0.9095
ECI 35.30 0.9877 38.62 0.9873 35.82 0.9874 36.37 0.9876 40.67 0.9955 33.18 0.9828
GD 41.38 0.9924 41.49 0.9902 39.37 0.9924 38.69 0.9907 42.87 0.9962 35.19 0.9881

NAT 37.51 0.9738 39.41 0.9788 35.92 0.9721 37.28 0.9767 42.28 0.9773 33.35 0.9735
ARI 40.46 0.9902 40.86 0.9867 39.24 0.9911 38.06 0.9878 43.37 0.9960 35.35 0.9872
FR 41.85 0.9884 42.32 0.9887 40.31 0.9893 39.48 0.9885 44.08 0.9943 35.65 0.9868

BDD 41.07 0.9917 41.69 0.9901 39.61 0.9926 38.82 0.9906 43.46 0.9961 34.92 0.9878
DJDD 42.20 0.9935 42.30 0.9904 41.00 0.9937 39.30 0.9918 44.10 0.9963 36.60 0.9900
DFCD 42.56 0.9933 42.97 0.9908 41.51 0.9940 39.96 0.9920 44.97 0.9965 36.58 0.9905

DRCNN 43.15 0.9938 43.53 0.9921 41.99 0.9947 40.73 0.9930 45.52 0.9973 37.92 0.9922
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TABLE IV. Performance Comparison of Average PSNR and SSIM of Kodak Dataset (The Best Performances Are Marked in Bold).  
DDRCNN Is the Proposed Algorithm

Method VCD HOI ESF ECI EDAEP GD BDD
PSNR 39.596 39.909 39.352 40.306 38.039 39.991 40.45
SSIM 0.9847 0.9909 0.9927 0.9137 0.9883 0.9930 0.9929

Method NAT ARI CHID FR DIDD DFCN DRCNN
PSNR 37.714 39.75 40.82 41.00 41.145 42.04 42.64
SSIM 0.9818 0.9905 0.9923 0.9937 0.9944 0.9949 0.9949

TABLE V. Performance Comparison of PNSR and SSIM of McM Dataset (The Best Performances Are Marked in Bold).  
DDRCNN Is the Proposed Algorithm

Image 1 2 3 4 5 6
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

AFD 27.35 0.9642 33.89 0.9724 33.08 0.9763 36.04 0.9876 31.73 0.9701 34.24 0.9655
VCD 26.90 0.9577 33.55 0.9677 32.46 0.9550 34.49 0.9607 31.25 0.9575 33.78 0.9523
HOI 27.61 0.9664 34.19 0.9733 32.89 0.9749 36.07 0.9876 31.91 0.9703 34.36 0.9647
ESF 26.07 0.9534 33.08 0.9677 32.31 0.9724 34.66 0.9852 30.30 0.9611 32.10 0.9481

EDAEP 27.61 0.8849 34.00 0.8951 32.07 0.8801 34.37 0.8822 32.11 0.8850 35.04 0.8823
ECI 26.96 0.9661 33.32 0.9731 31.73 0.9723 33.35 0.9845 31.74 0.9718 34.38 0.9699
GD 27.16 0.9633 33.88 0.9721 33.04 0.9756 35.83 0.9873 31.50 0.9687 33.80 0.9614

NAT 29.18 0.9466 38.78 0.9688 39.57 0.9667 38.88 0.9652 40.74 0.9643 38.70 0.9599
ARI 29.63 0.9763 39.25 0.9942 40.19 0.9936 40.03 0.9975 40.60 0.9969 39.02 0.9895
FR 29.80 0.9749 39.62 0.9919 40.41 0.9913 40.14 0.9939 41.23 0.9929 39.37 0.9865

BDD 28.55 0.9719 34.79 0.9761 33.00 0.9760 36.88 0.9887 33.47 0.9771 36.54 0.9759
DJDD 28.70 0.9741 34.80 0.9767 34.20 0.9793 37.00 0.9883 33.90 0.9800 38.60 0.9823
DFCD 29.26 0.9757 39.66 0.9949 40.85 0.9944 39.39 0.9976 41.50 0.9975 39.30 0.9904

DRCNN 31.52 0.9841 36.38 0.9814 36.73 0.9856 40.79 0.9925 36.67 0.9861 41.14 0.9884

Image 7 8 9 10 11 12
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

AFD 37.89 0.9759 37.93 0.9784 35.42 0.9889 35.42 0.9918 37.63 0.9887 37.08 0.9961
VCD 38.54 0.9689 37.46 0.9711 34.37 0.9812 34.37 0.9867 36.96 0.9837 36.60 0.9916
HOI 37.17 0.9713 37.39 0.9768 35.31 0.9886 35.31 0.9919 37.81 0.9885 37.52 0.9964
ESF 38.80 0.9790 37.31 0.9767 33.96 0.9849 33.96 0.9893 36.44 0.9840 35.89 0.9951

EDAEP 36.24 0.8951 37.14 0.9081 35.25 0.9067 35.25 0.9131 37.85 0.9123 37.18 0.9118
ECI 36.47 0.9668 36.50 0.9760 34.35 0.9888 34.35 0.9919 37.10 0.9891 36.28 0.9962
GD 38.67 0.9790 37.97 0.9783 35.03 0.9881 35.03 0.9912 37.39 0.9878 36.95 0.9961

NAT 38.95 0.9651 33.84 0.9603 32.88 0.9572 35.10 0.9593 35.04 0.9520 32.60 0.9668
ARI 39.38 0.9934 35.63 0.9919 34.69 0.9879 36.42 0.9884 35.22 0.9779 34.64 0.9805
FR 39.65 0.9904 35.33 0.9876 34.21 0.9842 36.28 0.9840 35.61 0.9762 34.48 0.9669

BDD 36.23 0.9659 37.67 0.9774 36.67 0.9910 38.06 0.9930 38.73 0.9905 38.41 0.9968
DJDD 40.50 0.9852 40.00 0.9817 38.20 0.9930 38.60 0.9941 40.00 0.9931 38.50 0.9972
DFCD 39.48 0.9943 34.98 0.9901 34.30 0.9874 35.68 0.9860 34.95 0.9774 34.95 0.9818

DRCNN 41.71 0.9872 41.48 0.9827 40.39 0.9951 41.13 0.9954 42.02 0.9954 41.52 0.9981

Image 13 14 15 16 17 18
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

AFD 39.26 0.9960 37.28 0.9874 37.55 0.9911 30.56 0.9790 30.65 0.9721 34.35 0.9820
VCD 38.85 0.9888 37.14 0.9833 37.10 0.9866 30.16 0.9712 29.35 0.9596 33.79 0.9744
HOI 39.40 0.9962 37.81 0.9883 37.81 0.9916 30.93 0.9789 29.80 0.9662 34.24 0.9810
ESF 38.28 0.9953 36.66 0.9858 36.71 0.9890 28.98 0.9689 28.35 0.9528 33.49 0.9766

EDAEP 39.37 0.9090 37.67 0.9066 37.78 0.9101 31.40 0.9039 30.60 0.8952 34.06 0.9005
ECI 38.56 0.9962 36.66 0.9880 37.26 0.9916 30.30 0.9812 29.97 0.9717 32.81 0.9813
GD 39.14 0.9960 37.34 0.9875 37.33 0.9909 30.50 0.9774 29.58 0.9648 34.29 0.9813

NAT 35.94 0.9848 34.09 0.9578 37.83 0.9592 35.96 0.9620 37.50 0.9733 37.00 0.9674
ARI 37.90 0.9899 35.43 0.9827 39.75 0.9857 39.71 0.9823 39.51 0.9814 37.88 0.9929
FR 39.13 0.9708 35.08 0.9765 39.46 0.9803 36.82 0.9633 39.44 0.9772 38.02 0.9907

BDD 40.38 0.9967 38.59 0.9892 38.63 0.9926 32.74 0.9841 31.77 0.9765 35.04 0.9835
DJDD 40.80 0.9971 38.70 0.9897 39.10 0.9937 34.30 0.9885 38.00 0.9837 35.80 0.9848
DFCN 38.70 0.9906 35.11 0.9825 39.40 0.9850 40.82 0.9857 40.40 0.9832 38.64 0.9939

DRCNN 42.21 0.9977 40.33 0.9914 40.60 0.9950 37.54 0.9939 36.63 0.9918 38.44 0.9911
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TABLE VI. Performance Comparison of Average PSNR and SSIM of McM Dataset (The Best Performances Are Marked in Bold).  
DDRCNN Is the Proposed Algorithm

Method VCD HOI ESF ECI EDAEP GD BDD
PSNR 34.936 34.388 34.962 33.830 34.820 34.109 35.90
SSIM 0.9721 0.9807 0.9759 0.8990 0.9809 0.9804 0.9835

Method NAT ARI FR CHID DJDD DFCN DRCNN
PSNR 36.25 37.49 37.45 36.75 36.93 37.62 39.28
SSIM 0.9631 0.9879 0.9822 - 0.9868 0.9882 0.9907

network. The model was optimized using the Adam optimizer with an 
initial learning rate of 1e-4, which was progressively decayed using a 
cosine annealing schedule. We also incorporated data augmentation 
techniques such as random cropping, horizontal/vertical flipping, and 
slight color jittering to improve generalization.

Datasets for testing. In the demosaicking algorithm, the Kodak 
dataset and McM dataset were used for testing the performance of 
the proposed algorithm, which are most adopted for evaluating the 
demosaicking methods, shown in Fig. 6. The Kodak dataset consists of 
24 images with a size of 768 × 512, and Zhang et al. [47] provided that 
Kodak dataset has very high spectral correlation and low saturation, 
and is smoother than general digital color images with high quality. 
Then McM dataset is introduced by Zhang for demosaicking methods. 
The McM dataset contains 18 images with size 500 × 500 which are 
cropped from high resolution images with original size 2310 × 1814. 
To prove the superiority of our algorithm, we test on both datasets.

Training details. The proposed demosaicking algorithm was 
trained using an Adam optimizer. The initial learning rate was set 
to 0.0001 and was halved every 10 epochs. Each model underwent 
20 epochs of training, with the learning rate being reduced twice 
throughout the process. The MSE loss was used to train each model.

B.	Comparison With State-of-the-Art Methods
A simulation was performed using standard test images from the 

Kodak and McM dataset to verify the superiority of the proposed 
method compared to the existing algorithms (adaptive filter based 
demosaicking (AFD) [7], VCD [8], HOI [11], Edge Strength Filter (ESF) 
[14], EDAEP [4], ECI [4], geometric duality (GD) [16], DFCN [41], deep 
joint demosaicking and denoising (DJDD) [36], fused regression (FR) 
[48], residual interpolation (ARI) [49], local directional and nonlocal 
adaptive thresholding (NAT) [47], BDD [44], and CHID [35]).

Objective Performance Analysis. In the paper, we present the 
objective performance of the proposed method measured in terms of 
PSNR and SSIM. Table III provides a comparison of the PSNR and SSIM 
of 24 Kodak images. We can see from Table III that except for image 
#10, we have the best PSNR and SSIM compared with the existing 
methods. For image #10, although we have a smaller PSNR, we have 
the largest SSIM. We have the best average PSNR and SSIM of the 
Kodak dataset as shown in Table IV. Table V shows the comparison of 
PSNR and SSIM of 18 McM images and Table VI shows the comparison 
of average PSNR and SSIM. We can find out that the proposed method 
achieves the best PSNR and SSIM, with improvements in the average 
PSNR when compared with AFD, VCD, HOI, ESF, EDAEP, ECI, GD, 
DFCN, DJDD, FR, ARI, NAT, and BDD.

C.	Subjective Performance Analysis
The reconstructed images always have aliasing at image edges due 

to the signal reconstructed from samples is different from the original 
continuous signal. In order to illustrate the subjective performance 
evaluation of the resulting images in terms of visual effect, we show 
part of the perceived image quality of #6 image as shown in Fig. 7. 
As shown in Fig. 7, the proposed algorithm has the best results in 
improved visual quality in terms of the details of the yellow color and 
edge information compared to the other methods.

(a)

(d)

(g)

(b)

(e)

(h)

(c)

(f)

(i)

Fig. 7. (a) Part of the original McM #6 image. Perceived image quality 
comparison using various deinterlacing methods: (b) AFD, (c) VCD, (d) HOI, 
(e) ESF, (f) EDAEP, (g) ECI, (h) GD, and (i) proposed method.

D.	Computional Efficiency Analysis
To achieve high computational efficiency, this paper adopts BCU 

and ELAN to reduce the network’s complexity. As shown in Table VII, 
we compare the inference time of our proposed algorithm with several 
conventional methods (RSTCANet [50], RNAN [51], and DRUNet [52]) 
and observe that it achieves comparable performance.

TABLE VII. Performance Comparison of Inference Time

Method Proposed RSTCANet TCPDNet DRUNet

Inference time (ms) 72 120 75 226
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E.	 CFA Pattern Analysis
We compare three different CFA patterns—Bayer, Quad, and 

Q×Q—using PSNR and SSIM, as shown in Tables VIII and IX. The 
results indicate that our algorithm achieves higher PSNR and SSIM 
scores compared to other deep learning methods (DFCN [41] and 
AirNet [53]).

TABLE VIII. Performance Comparison of Average PNSR of McM and 
Kodak Dataset With Different CFA Patterns

CFA Proposed DFCN AirNet

Bayer 40.96 39.83 40.75

Quad 40.78 39.81 40.63

QxQ 40.73 39.80 40.62

TABLE IX. Performance Comparison of Average SSIM of McM and 
Kodak Dataset With Different CFA Patterns

CFA Proposed DFCN AirNet

Bayer 0.9928 0.9913 0.9922

Quad 0.9923 0.9911 0.9920

QxQ 0.9912 0.9910 0.9915

F.	 Joint Demosaicing and Denoising Analysis
We compare the PSNR and SSIM of conventional algorithms and 

our proposed algorithm under Gaussian noise with = 20, as shown 
in Table X. The results demonstrate that our proposed algorithm 
significantly outperforms the other algorithms.

V.	 Conclusions

In this paper, we proposed an efficient adaptive BP neural network 
based demosaicking method adopting BCU and ELAN, which is 
a flexible model and can achieve better demosaicking tasks for 
different image structures and reduce the complexity of the network. 
Additionally, we utilize a few surrounding neighboring pixels and 
hidden layer neurons for training to achieve high efficiency. Our 
proposed method has a superior performance when compared to 
conventional methods in both objective and subjective performance.

While our approach demonstrates strong performance in the tested 
scenarios, it has certain limitations that warrant further exploration. 
First, the reliance on BDD for initial interpolation may introduce 
biases specific to that dataset, potentially limiting generalizability 
to other domains with different image characteristics. Additionally, 
the threshold-based approach for identifying "complex" images, 
while effective for Kodak and McM benchmarks, may not be robust 
across more diverse or unseen datasets. Future work should explore 
adaptive or learning-based strategies to enhance generalizability and 
reduce dependence on fixed heuristics. A broader evaluation across 
varied datasets and real-world conditions would also help clarify the 
method’s applicability and limitations. Future work will focus on 
enhancing generalizability by incorporating more diverse training data 

and exploring learning-based approaches for complexity assessment. 
Additionally, integrating self-supervised or reinforcement learning 
strategies may help improve adaptability to real-world scenarios. 
Another promising direction is optimizing computational efficiency to 
enable real-time processing. By acknowledging these open questions 
and outlining future improvements, we aim to encourage further 
research in this area and contribute to the development of more robust 
and generalizable solutions.
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