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Summary
• It is important to measure image quality for the Prime Video team

• Improve their live streaming and movie on demand services
• Image quality metrics type

• Full Reference (FR): require a master video/image, e.g., PSNR, MSE, VMAF
• Reduced Reference (RR): require some samples from the master
• Non Reference (NR): no master required, e.g., BRISQUE, NIQE, VIDMAP

• Advantages of using non-reference metrics
• Expense to spatially and temporally align a master video and a captured video

• A movie of 2 hours captured at 30fps: 2 * 3600 * 30 = 216,000 frames
• No master video: live streaming

• Contributions of this work
• A novel DNN that has better accuracy than state-of-art algorithms and is scalable
• Measure 5 commonly seen NR artifacts: upscaling, interlacing, h264 hits, mpeg2 hits and compression
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Algorithm Part 1: Image Preprocessing

Color Transform
Y = 0.299R + 0.587G + 0.114B

U = -0.147R + 0.289G + 0.436B
V = 0.615R + 0.515G + 0.100B

Input Image (Iin)
MSCN Transform
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Preprocessed Image: 4 channels 𝐼pre(x, y) = [𝑁 𝑌 , 𝜎 𝑌 , Iin(U), Iin(V)](x, y) 
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Algorithm Part 2: Image Impairment Artifact Detection Model
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Upscaling and compression: [N Y ,Iin(U), Iin(V)]
Interlacing and hits: [N Y , σ Y ]

Probability: Softmax
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Input Image Detected Positive Regions

• Why use MSCN transform:
It has been observed that Gaussianize and de-correlate pixels can better separate the 
high quality images from impaired images.

• Why use color (uv):
It is our observation that color helps some artifacts such as upscaling and compression Performance Evaluation and Experiments

Dataset: video clips
• UHD: 3840 x 2160
• HD: 1920 x 1080
• non-HD: <1920 x 1080
• 5-60 seconds

Training Data Generation
• Crop 256 x 256 image 

patches
• Use clean images as class 0
• Use synthesized images as 

class 1
Clean H264 hit Upscaling Interlacing

Testing Data Generation
• Input the full image into the model
• For Upscaling and interlacing, we use the images identified by the video 

specialists from the PV lab data
• For the h264 hits, mpeg2 hits and compression, we use the synthesized 

images.

Upscaling Interlacing

H264 hits Mpeg2 hits

The ROC curves of our algorithm, the state of art DNN algorithm (VIDMAP) and traditional MITSU algorithm

Conclusions
• We presented a DNN framework to detect the NR metrics from an input image
• For training, we use 256x256 image patches. 
• For testing, we use the full image. 
• Our algorithm output performs the state of art of VIDMAP in terms of both accuracy and speed
• The color information helps for some artifacts (upscaling), but regresses for others (interlacing, hits)

Future Study
• Change the binary classifier into multiple classifier: one pass to predict multiple artifacts
• Change the super-pixel level output to pixel level output: FPN backbone
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