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Abstract 

Chromatic aberration is a common optical defect in simple lens systems that degrades image quality by 
causing unwanted color fringes and reduced sharpness. In this paper, we propose a method based on a 
convolutional neural network with a U-Net architecture to automatically correct chromatic aberration. We 
generated a synthetic dataset of 80,000 images from Google Open Images by simulating aberration using per-
channel Gaussian blur and lateral chromatic shift. Trained for 100 epochs with a combined loss function (MSE 
+ 0.1·L1), the network achieved a PSNR of 30.4 dB and an SSIM of 0.9418 on the test set. The results 
demonstrate the feasibility of this approach for restoring degraded images.  
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Introduction  

Chromatic aberration is an optical phenomenon caused by light dispersion, in which different wavelengths 
focus at different points, creating unwanted color fringes and reduced image sharpness (Hecht, 2017; Hu et 
al., 2023). This defect is particularly critical in low-cost optical systems and in applications that require high 
color fidelity, such as fluorescence microscopy or computational photography (Bian et al., 2021; Dong et al., 
2024). 

Traditionally, researchers have addressed this through advanced optical design (achromatic doublets) or 
algorithms based on inverse physical models (Duplov, 2025; Weligampola et al., 2025). However, these 
approaches are limited by complexity, cost, and performance across scenarios (Qian et al., 2026). 

In recent years, deep learning has emerged as a transformative tool in image restoration (Fanous et al., 2024; 
Nie et al., 2026). Convolutional neural networks (CNNs) have demonstrated an exceptional ability to learn 
nonlinear mappings directly from the data, often outperforming traditional techniques (Contreras & Bacca, 
2025; Guo et al., 2025; Wang et al., 2025). In particular, U-Net architectures, with their encoder-decoder 
structure and “skip” connections, have proven effective at preserving fine details while correcting pixel-level 
degradation (Guo et al., 2025; Ronneberger et al., 2015). 

In this paper, we propose a U-Net-based method for automatically correcting chromatic aberration in images. 
We train the model on a synthetic dataset of 80,000 images and evaluate it using objective and subjective 
metrics. The results demonstrate the feasibility of implementing the proposed method in optical systems. 

Methodology 

Dataset 

Because no large-scale dataset contains real images with and without chromatic aberration, we generated a 
synthetic dataset from 80,000 images from Google Open Images. A per-channel degradation model was 
applied that incorporates wavelength-dependent blurring: Each channel (R, G, B) is convolved with a Gaussian 
kernel with different standard deviations (𝜎): 
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𝜎! ∈ [σ"#$, σ"%&] (1) 

𝜎' = 𝜎! + Δ(, where 𝛥( ∈ [0, 𝛥(!"#	] (2) 

𝜎* = 𝜎' + Δ+, where Δ+ ∈ [0, Δ(!$%	] (3) 

 

and lateral chromatic shift: Random shifts are applied to the red and blue channels in opposite directions.  

 

 
Ground Truth 

 
Blurry 

Figure 1. Chromatic aberration in an image left, “Ground Truth” iamge; rigth, “Blurry” image. 
Source: Own elaboration based on Open images Dataset V7. 

 

Thus, for each original image 𝐼, a corresponding input image with chromatic aberration, 𝐼+,-., is generated, as 
shown in Figure 1. 

The dataset was divided into 70,000 training examples, 5,000 validation examples, and 5,000 test examples. 

Model Architecture 
We implemented a modified U-Net in PyTorch 2.0 with approximately 7.8 million parameters. 

The architecture consists of: 

• Encoder: 4 convolutional blocks (3×3, BatchNorm, ReLU) with 2×2 max pooling. Channels: 64 → 
128 → 256 → 512. 
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Figura 2. Encoder architecture: convolutional blocks with ther respective channel dimensions and spatial resolution. 

Source: Own elaboration. 

 

• Bottleneck: 1,024 channels at 6×6 pixels. 

• Decoder: 4 deconvolution blocks (ConvTranspose2d) with “skip” connections. 

 

 
Figure 3. Decoder architecture: deconvolution blocks with their respective channel dimensions and spatial resolution. 

Source: Own elaboration. 
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• Final layers: 3×3 convolution, 1×1 convolution (3 channels), bilinear upsampling to 101×101 pixels. 

 

 
Figure 4. Architecture of the final layers: convolution, channel reduction, and resolution adjustment. 

Fuente: Own elaboration. 

 

Training 
The model was trained for 100 epochs using: 

• Optimizer: Adam, learning rate 0.001 

• Scheduler: StepLR (factor of 0.5 every 30 epochs) 

• Batch size: 32 

• Loss function: L = MSE + 0.1·L1 

The MSE + L1 combination balances overall fidelity with preserving edges and textures. 

 

Results 

Training Progress 
The initial loss of 0.0684 decreased rapidly over the first 20 epochs, stabilizing at ~0.0065 after 80 epochs. 
The curve shows a smooth convergence with no evidence of overfitting. Figure 5 shows the evolution of the 
training loss over 100 epochs 
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Figure 5. Evolution of the tarining loss (MSE + 0.1·L1) over the course of 100 epochs. 

Fuente: Own elaboration. 

 

Qualitative Assessment 
The corrected images gradually eliminate color fringing along high-contrast edges while preserving textures 
and fine details. Starting epoch 60, the visual differences are minimal. Figure 6 shows an example of 
corrections applied to a static test image captured at the beginning, during, and at the end of training. 

 

Epoch 1 Epoch 50 Epoch 100 
Figure 6. Evolution of the correction in a test image during training.  

Source: Own elaboration based on Open images Dataset V7. 

 

Figure 7 shows a direct comparison between the input image with aberration, the corrected image at the end 
of training, and the reference image (ground truth), clearly demonstrating reduced chromatic artifacts. 
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Quantitative Assessment 
The model was evaluated on 100 test images using the following metrics: 

 

Table 1. Model Performance. 

Metrics Value 

PSNR 30.4 dB 

SSIM 0.9418 

 

These results indicate high reconstruction accuracy and excellent structural preservation. 

 

Conclusions 
This work demonstrates that a U-Net architecture can effectively learn chromatic aberration correction from 
synthetic data, achieving consistent restoration with a PSNR of 30.4 dB and an SSIM of 0.9418. The results 
show that the model not only removes chromatic fringing in high-contrast regions but also preserves fine 
details and the perceptual structure of the images, confirming that convolutional networks can approximate 
complex optical degradation processes without explicit physical modeling. 

The stability observed during training suggests that the combination of the loss function (MSE + 0.1·L1) and 
the StepLR scheduler is well-suited to this type of problem. The loss curve showed a smooth decline with no 
signs of overfitting, indicating that the model generalizes well to unseen data. Automatic learning-rate 
reductions enabled finer convergence in the final stages of training, achieving an optimal balance between 
convergence speed and accuracy. 

However, the model was trained exclusively on synthetic data; therefore, its real-world performance will 
depend on how closely the simulation matches actual physical optical conditions. This inherent limitation 
suggests several avenues for future research. First, the model must be validated on real, low-cost optical 
systems to assess performance under real-world conditions and adjust training parameters as needed. 
Second, the model must be adapted to different aberration conditions including variations in intensity, lens 
type, and lighting to improve its robustness and applicability across scenarios. Third, the architecture must be 
optimized to enable real-time inference, which is essential for practical applications such as computational 
photography or embedded computer vision systems. Finally, we propose extending the model to higher-
resolution images, enabling its application in fields such as high-resolution microscopy or medical imaging. 

The practical implications of this work are significant for low-cost optical systems where advanced optical 
design is not economically feasible, for real-time processing on devices capable of neural network inference, 
and for improving image quality in computational photography, microscopy, and computer vision applications. 

Input Output Ground Truth 
Figure 7. Side-by-side compatision of a test image before and after correction. 

Source: Own elaboration based on Open images Dataset V7. 
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In conclusion, this work lays the groundwork for implementing deep learning-based chromatic aberration 
correction systems, offering a practical and effective alternative to traditional approaches based on advanced 
optical design or inverse physical modeling, with a clear path toward real-world application. 
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