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Rain severely degrades outdoor images in two distinct ways:
● Raindrops on the camera lens cause localized geometric 

distortions that blur, magnify, or refract background structures.
● Fine rain streaks introduce global high-frequency noise that reduces 

contrast and obscures important scene details.
When both appear together, the degradation becomes even more 
complex and challenging to reverse (Figure 1). 

Reliable deraining is crucial for a wide range of downstream 
applications, such as autonomous driving, video surveillance, robust 
object detection, and outdoor image enhancement, where rain artifacts 
can substantially impair visual understanding.

Figure 1: raindrop, rain streak, and combined raindrop + rain streak degradation.

● Filter-Based Methods 
Classical approaches use filter-based decomposition of high-frequency 
components.[1]
Limitation: break down when noise is nonstationary or structured.

● CNN-based Methods
Jointly detect rain regions and remove streaks within a single feed-forward 
network. [2, 3] 
Limitation: struggle with highly complex or overlapping rain patterns.

● GAN-based Methods
Models such as AttentiveGAN [4] incorporate spatial attention to emphasize 
rain-affected areas and guide the generator.  
Limitation: GAN training is inherently unstable and often introduces 
hallucinated textures or structural artifacts.

● Diffusion Models
DDPM/DDIM [5, 6] progressively denoise images using a learned noise 
schedule. 
Literature gap: rarely explored for deraining because Gaussian noise 
assumptions misalign with structured, directional rain.
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Model Architecture

● Spatial Attention injects location information by producing 
an attention map that highlights rain-affected regions and 
amplifies or suppresses U-Net features accordingly.

● Feature-wise Linear Modulation (FiLM) injects rain-type 
information into the U-Net by applying feature-wise scale 
and shift to modulate its intermediate activations.

● Diffusion U-Net predicts the noise from a noisy input by 
combining timestep embeddings, spatial attention, and 
FiLM conditioning to guide the reverse diffusion process.

Loss Function

●                            fits to true Gaussian noise.

●                             ensures predicted image matches target.

●                                 stabilizes results across samples.

●                                                                           supervises 
attention mask using pseudo-map, robust to imbalance.
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Figure 2: model design 

Figure 3: qualitative results Figure 4: quantitative results 
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