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Abstract: The technique of turning grayscale photos into colored ones is known as image colorization, and it has several uses, 

such as enhancing visual media and restoring old photographs. Regression loss functions or classification loss functions can be 

used by an automatic colorization method to accomplish this transition. The classification loss function, on the other hand, might 

cause color overflow and necessitate substantial calculation for color categories and balance weights of the ground truth, whilst 

the regression loss function frequently produces brownish colors. This study uses a deep learning model built on the U-Net 

architecture to suggest a sophisticated method for image colorization. Our goal is to get beyond the drawbacks of conventional 

techniques by training the model on a sizable dataset of paired color and greyscale images. Peak Signal-to-Noise Ratio (PSNR) 

and Structural Similarity Index Measure (SSIM) are used to assess the model's performance; it received scores of 24.7595 and 

0.9260, respectively. When compared to traditional algorithms, these results show a notable improvement in the quality and 

realism of colorized photographs. This development demonstrates how deep learning methods may produce high-quality 

colorization, opening the door for further advanced applications across a range of domains. 
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I. INTRODUCTION 

In several fields, such as medical imaging, night vision, electron microscopy, satellite remote sensing, and the restoration of 

historical photographs, image colorization has become an essential method for processing greyscale images. Because it is 

inherently ambiguous to assign colors to distinct locations, colorization is still a difficult and complex problem despite its 

significance. One article of clothing, for example, could be red, blue, brown, or any other color, making it more challenging to 

identify the colors precisely. Consequently, colorization remains a major problem in image processing activities. 

 

The two main categories of traditional colorization techniques are color transfer using reference images [5–8] and color expansion 

through neighboring pixels [1–4]. However, both methods necessitate a significant amount of manual labor and mostly depend on 

the precision of the color marking or the choice of relevant reference photos. Numerous automatic colorization techniques based on 

Convolutional Neural Networks (CNNs) have been presented in recent years due to the growth of deep learning. The colorization 

process can be automated with the help of these algorithms. However, the majority of these methods make use of regression loss 

functions (such L1 and L2) [9–21], which analyze greyscale picture features and add color channels to produce the final colorized 

output. Although this approach has been usually successful, it frequently produces colorization with unsaturated and brownish 

tones, which reduces the vibrancy of the images that are produced.  

 

Using a classification loss function, Zhang et al. [22] developed a colorization technique to solve this problem and provide more 

vivid and saturated hues. However, this method created the issue of color overflow, which causes unwanted color distortions in the 

resulting photos. 

 

We provide a novel technique to address these problems, including the unsaturated and brownish coloration and the overflow 

problems related to classification loss functions. By calculating color categories and balancing the weights of the color channels, 

our method aims to increase color prediction accuracy while minimizing the problems associated with both regression and 

classification-based approaches and cutting down on the amount of time needed for these networks' training.  

II. LITERATURE REVIEW 

A. Conventional Colorization Techniques 

Traditional colorization techniques, which fall into two primary categories—color mapping using reference images and color 

propagation using nearby pixels—heavily rely on human input. Despite being fundamental, these techniques are often labor-

intensive and might not scale well for automated applications. 

1) Color Propagation Using Neighboring Pixels 

Levin et al. [1] first proposed the color propagation approach, showing that adjacent pixels with comparable greyscale 

intensities frequently have similar colors. They were able to apply the manually assigned colors throughout the entire 

image thanks to this finding. Yatziv et al. [2] expanded on this concept by introducing a weighted distance function to 

improve color propagation based on pixel proximity, thus refining the colorization process. Using textural information in 
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the image, Qu et al. [3] and Luan et al. [4] considerably decreased the process's processing cost. Although this method 

yielded acceptable colorizations, it had drawbacks, such as color misinterpretations brought on by erroneous or badly 

positioned initial color assignments, especially close to image boundaries.   

2) Color Mapping Using Reference Images 

Welsh et al. [5] introduced the color mapping technique, in which they compared a greyscale image to a color reference 
image and then applied the reference colors to the greyscale image's corresponding pixels. Although less manual input is 
required with this method, selecting a suitable reference image is still necessary. This was enhanced by Irony et al. [6] 
through the use of high-resolution reference photos and color transfer based on textural similarity. Liu et al. [7] used the 
internet to locate color photographs that were aesthetically comparable to greyscale images in order to get around the 
problem of finding appropriate reference images. This was further enhanced by Wang et al. [8], who used semantic 
analysis to determine the best reference images based on the greyscale image's content. Even with these improvements, the 
final coloration still mainly depended on the transfer procedure and the reference image, which frequently produced 
uneven results. 

B. Deep Learning-Driven Colorization Methods 

Deep learning has led to the development of fully automated colorization techniques. Regression loss functions and 

classification loss functions are the two main categories into which these techniques are usually divided. 

1) Regression Loss Functions 

A dominant approach in deep learning-based colorization is the use of regression loss functions (such as L1 and L2 

losses). These methods focus on predicting color values for pixels by estimating the a and b channels in the Lab color 

space. Cheng et al. [9] combined CNN feature extraction with bilateral filtering to enhance the quality of colorization. 

Larsson et al. [10] used a deep VGG network to capture semantic features of the image and guided the colorization 

process based on hue and chroma histograms of individual pixels. Iizuka et al. [11] designed a two-channel CNN to 

extract global and local features separately, which were then fused to improve colorization accuracy. In a similar vein, 

Nazeri et al. [12] utilized Conditional Generative Adversarial Networks (cGANs) for colorization, which significantly 

improved the results. Patricia et al. [15] introduced ChromaGAN, which not only generates colorized images but also 

outputs category distributions for better color predictions. Other approaches, like those by Su et al. [19], Wu et al. [20], 

and Jin et al. [21], used GANs and additional semantic features to improve colorization. Despite these successes, 

regression loss functions remain prone to issues, particularly when it comes to assigning colors to various objects in the 

image. This uncertainty often results in brownish and unsaturated colorization effects. 

2) Classification Loss Functions 

An alternative approach to the regression loss function is the classification loss function, which was explored by Zhang et 

al. [22]. In their method, they created 313 color categories based on the a and b channels of the Lab color space. By 

calculating the geometric distance between the a and b values of each pixel and the nearest 32 color categories, they were 

able to build a probability distribution for each pixel’s color category. This method used Gaussian weighting to select the 

color category with the highest probability, resulting in more vivid and saturated colors. To further enhance the 

colorization quality, they balanced the weights using the ImageNet dataset’s color category distribution. However, 

although this technique produced more vibrant results, it suffered from color overflow due to the lack of effective fusion 

between global and local image features, making the colorization network inefficient and prone to over-saturation. 

Additionally, the method required long training times due to the large computational load involved in calculating the color 

categories and balancing the weights. 

 

In conclusion, while deep learning has significantly advanced colorization techniques, challenges persist. Regression-based 

methods tend to produce unsaturated and brownish results, while classification-based methods offer more vibrant colorization but 

are hindered by issues like color overflow and excessive computational requirements. Researchers continue to seek innovative 

solutions to improve both the quality and efficiency of image colorization algorithms. 

 

 

 

 

III. METHODOLOGY 

A. Overview 

In this study, we propose an end-to-end deep learning approach for colorizing grayscale images using a U-Net-based generator 
network. The objective is to predict the missing chromatic channels (a and b) in the Lab color space, given the luminance (L) 
channel. This method involves transforming a single-channel grayscale image 𝑥𝑙 𝜖 ℝ𝐻×𝑊 into a full-color image 𝑥𝑙𝑎𝑏 𝜖 ℝ𝐻×𝑊×3 by 
predicting the a and b channels. In the Lab color space, the L channel represents brightness, while the a and b channels correspond 
to the color components ranging from red to green and from yellow to blue, respectively. Our approach leverages the power of 
convolutional neural networks (CNNs) and adversarial training through a Generative Adversarial Network (GAN) structure, using a 
U-Net architecture for the generator and a PatchGAN for the discriminator. 

B. Generator Architecture 

The generator network G is based on U-Net architecture, which is known for its effectiveness in pixel-level image generation 

tasks. The core of the generator is a convolutional encoder-decoder structure, where the encoder learns features from the input 

grayscale image (L channel), and the decoder reconstructs the predicted a and b channels. 
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1) U-Net Architecture:  

a. Encoder: This part gradually reduces the spatial dimensions of the input while increasing the number of feature 

channels. It consists of several convolutional layers with ReLU activations and downsampling operations, enabling 

the network to learn hierarchical feature representations. 

b. Decoder: The decoder gradually upsamples the feature maps produced by the encoder, ultimately producing the 

output color channels (a and b). Skip connections from the encoder to the decoder help preserve spatial information 

during the upsampling process. 

 

In this specific implementation, we use a ResNet-based encoder (ResNet-18) combined with a U-Net decoder, leveraging the 

power of pretrained weights from the ResNet architecture to enhance performance in feature extraction. The decoder uses 

transposed convolutions to upsample the feature maps and generate high-resolution outputs. 

 

2) Output Layer: 

The output layer of the generator network is designed to predict the a and b channels, which are concatenated to the L channel 

to form the final colorized image in the Lab color space. The output of the generator is passed through a Sigmoid activation to 

ensure that the predicted color values fall within a specific range. 

 

C. Loss Functions 

To train the generator network, we use a combination of L1 Loss and GAN Loss. 

a. L1 Loss: L1 loss measures the pixel-wise difference between the predicted a and b channels and the ground truth 

values. It is defined as: 

 
ℒ𝐿1(𝐺) = 𝔼𝑥,𝑦,𝑧[∥ 𝑦 − 𝐺(𝑥) ∥1 ] 

 

Here, x is the grayscale image input, z as the input noise for the generator, y is the 2-channel output (2 color channels 

of a real image), and G(x) is the generated color channels by the generator. L1 Loss is used to ensure that the generated 

colors are close to the true color values, encouraging the generator to produce realistic outputs. 

 

Using only L1 loss allows the model to still colorize images, but it tends to be overly conservative, often resorting to 

neutral colors like "gray" or "brown." This happens because when the model is uncertain about which color to apply, it 

opts for the average color to minimize the L1 loss. This behavior is similar to the blurring effect seen in super-

resolution tasks. Additionally, L1 loss is preferred over L2 loss (mean squared error) because it helps mitigate the 

tendency to generate grayish images. 

 

b. GAN Loss: GAN loss helps the generator learn to produce more realistic colorization outputs by encouraging it to 

fool the discriminator into classifying the generated images as real. The GAN loss is based on the output of a Patch-

GAN discriminator, which classifies patches of the image as real or fake. The loss function used here 

is BCEWithLogitsLoss, which combines binary cross-entropy loss with a sigmoid activation, making it suitable for 

binary classification tasks. 

 

Let x represent the grayscale image, z be the noise input for the generator, and y denote the desired 2-channel output 

from the generator (which can also correspond to the two-color channels of a real image). In this case, G refers to the 

generator model and D is the discriminator. The loss function for our conditional GAN can then be expressed as:  

 

ℒ𝑐𝐺𝐴𝑁(𝐺, 𝐷) = 𝔼𝑥,𝑦[𝑙𝑜𝑔𝐷(𝑥, 𝑦)] + 𝔼𝑥,𝑧 [log (1 − 𝐷(𝑥, 𝐺(𝑥, 𝑧)))] 

 

c. Combined Loss: 

The total loss used to train the generator is a weighted sum of the L1 loss and the GAN loss: 

 

𝐺∗ = 𝑎𝑟𝑔𝑚𝑖𝑛
𝐺

 𝑚𝑎𝑥  
𝐷

ℒ𝑐𝐺𝐴𝑁(𝐺, 𝐷) + 𝜆ℒ𝐿1(𝐺) 

 

Here λ is a coefficient that controls the relative influence of the two losses in the overall loss function (naturally, the 

discriminator loss does not include the L1 loss). 

 

 

D. Training Strategy 

 During training, the generator and discriminator networks are updated alternately. The discriminator is first trained to 

differentiate between real and generated images. Then, the generator is trained to produce colorized images that can fool the 

discriminator. This adversarial process continues iteratively, with the generator improving its output and the discriminator 

becoming more adept at detecting fake images. 

 

The discriminator is trained to minimize the loss which consists of the real loss (real images labeled as real) and the fake loss 

(generated images labeled as fake). The generator is trained to minimize the loss, combining the adversarial loss and the L1 loss.  
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The optimization is done using the Adam optimizer, with different learning rates for the generator and discriminator to maintain 

stability during training. The generator's learning rate is typically set to 2 × 10−4, and the discriminator's learning rate is set 

to 2 × 10−4 with betas (β1=0.5, β2=0.999) (β1=0.5, β2=0.999).  

 

IV. RESULTS 

A. Experimental Details 

This project, which focuses on image colorization using a GAN-based architecture, was trained on Google Colab using a TPU 
for accelerated processing. The dataset used for training and validation is a subset of the COCO dataset, with 10,000 randomly 
selected images, split into 8,000 for training and 2,000 for validation. The input image size is standardized to 256x256 pixels to 
ensure consistency in the model's learning process. A batch size of 16 was used during training, with 50 epochs for the initial 
generator pretraining phase and further fine-tuning with adversarial training. The model utilizes a residual U-Net architecture for 
the generator and a Patch-Discriminator for the discriminator, with the GAN loss and L1 loss combined to guide the colorization 
task. 

 

B. Quantitative Analysis 

To quantitatively assess the performance of our colorization network, we use SSIM and PSNR as evaluation metrics. SSIM 
measures the similarity between a generated color image and the corresponding real image by considering factors like brightness, 
contrast, and structure. It is particularly sensitive to local structural differences between the two images. The SSIM value ranges 
from 0 to 1, where a higher SSIM value indicates greater similarity between the images. The SSIM is defined as follows: 

𝑙(𝑥, 𝑦) = (2𝜇𝑥 𝜇𝑦 + 𝐶1)/(𝜇𝑥 
2 + 𝜇𝑦

2 + 𝐶1) 

𝑐(𝑥, 𝑦) = (2𝜎𝑥𝜎𝑦)/(𝜎𝑥
2 +  𝜎𝑦 2 + 𝐶2) 

𝑠(𝑥, 𝑦) = (𝜎𝑥𝑦 + 𝐶3)/(𝜎𝑥𝜎𝑦  + 𝐶3) 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =  𝑙(𝑥, 𝑦)𝛼 ∗  𝑐(𝑥, 𝑦)𝛽 ∗  𝑠(𝑥, 𝑦)𝛾 

In this context, 𝜇𝑥  and 𝜇𝑦 represent the mean values of images x and y, respectively; 𝜎𝑥 and 𝜎𝑦 denote the variance of image x  

and y, respectively; 𝜎𝑥𝑦 refers to the covariance of image x and y; 𝐶1, 𝐶2, 𝐶3 are constant; and 𝛼, 𝛽, 𝑎𝑛𝑑 𝛾, indicate the weights or 

importance assigned to each module. 
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Figure 1 Flow chart depicting how the Image is converted from Grayscale Image to a Colorized Image. 
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Figure 2 Generator and PatchGAN Discriminator 

 

Table 1 Quantitative Analysis 

Method PSNR SSIM 

Zhang et al. [22] 21.7910 0.8915 

Deoldify [18] 23.5372 0.9144 

Iizuka et al. [11] 23.6362 0.9173 

H. Shafiq et al. [5] 24.157 0.941 

Ours 24.7595 0.9260 

 

Table 1 displays the Quantitative analysis of the colorization effect shows that our network outperforms other colorization 

algorithms when comparing PSNR and SSIM values. 

 

  

 

 

 
 

Figure 3. Comparison of Grayscale and Colorized Images. The Grayscale image is shown on the left, and the colorized output 

produced by the model is displayed on the right. 

 

V. CONCLUSION 

In conclusion, our advanced deep learning-based approach to image colorization, which leverages a U-Net architecture and a 
GAN framework, has demonstrated significant improvements in the quality and realism of colorized images. By training on a 
comprehensive dataset of paired grayscale and color images, the model effectively overcomes the limitations of traditional 
methods, such as the brownish and unsaturated tones produced by regression loss functions and the color overflow issues 
associated with classification loss functions. The quantitative evaluation metrics, specifically Peak Signal-to-Noise Ratio (PSNR) 
and Structural Similarity Index Measure (SSIM), yielded impressive scores of 24.7595 and 0.9260, respectively. These results 
underscore the model's capability to generate high-quality, realistic colorizations. 

Our methodology not only enhances the visual appeal of colorized images but also holds significant potential for diverse 
applications, including the restoration of historical photographs, enhancement of visual media, and real-time colorization for digital 
media and augmented reality. The integration of advanced architectures, larger datasets, and temporal consistency further paves the 
way for future advancements. This research highlights the promising role of deep learning techniques in achieving superior image 
colorization, offering valuable contributions to the fields of digital restoration, media production, and beyond. 
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