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Abstract 

 

Real-time underwater video transmission plays a key role for subsea oil and gas equipment inspection and monitoring in offshore structures by 

transferring timely and accurate data from autonomous underwater vehicles to surface platforms. However, underwater communication 

primarily relies on acoustic waves, which are limited by long propagation delays and low data rates due to restricted bandwidth. Traditional 

video compression standards, such as H.264 and HEVC, address bandwidth constraints reducing the amount of data to be transmitted through 

the channel, but the video quality can be degraded under severe compression. Recently, deep learning-based methods have gained significant 

interest for their ability to achieve efficient compression and enhanced visual quality by leveraging neural networks to learn complex patterns 

in data. This work presents a video compression framework for real-time underwater transmission, operating at 5 fps and a bit rate of 80 Kbps. 

To meet these strict requirements, the framework must maintain an end-to-end processing time below 200 ms. To achieve this, we integrate 

entropy coding methods into an optimized neural video compression model to efficiently compress the network’s output features during 

encoding and to accurately reconstruct video frame data during decoding. Three entropy coding methods were selected for their reported 

efficiency for comparison: context-adaptive binary arithmetic coding (CABAC), a widely used lossless compression method in traditional 

codecs; fast-arithmetic coding for PyTorch (torchac), optimized for deep learning applications with lossless compression; and asymmetric 

numeral systems (ANS), which merges the compression efficiency of arithmetic coding with the speed of Huffman coding, providing high 

compression with minimal data loss. Each entropy algorithm was tuned for optimal performance. CABAC, being computationally demanding 

due to its context-adaptive modeling, was optimized with a Python-C++ wrapper to significantly reduce overhead. In contrast, optimized 

probability models were employed for torchac and ANS to enhance compression efficiency within our framework. We performed compression 

experiments on a subsea inspection video at 640×360 resolution, evaluating compression rate, total compressed size, average frame size and 

compression time per frame. Torchac achieved the highest compression rate (99.67%), resulting in the smallest total compressed size (3.08 

MB) and the lowest average frame size (16.42 Kb). This performance is attributed to the efficiency of arithmetic coding and feature-specific 

distribution modeling, which improved probability estimation, achieving an average compression time of 52.99 ms. ANS delivered a 

comparable compression rate (99.66%) with a total size of 3.15 MB and an average frame size of 16.79 Kb, while achieving the fastest 

compression time (42.39 ms) by using a single histogram-based distribution model derived from a set of test videos. In contrast, CABAC had 



the lowest compression rate (99.45%) and the slowest compression time (183.77 ms), likely due to the complexity of its context-adaptive 

modeling, which proves less effective in deep learning frameworks. Overall, torchac and ANS demonstrate efficient compression that meets the 

operational requirements of the transmission channel while adhering to the system’s processing time budget, making them well-suited for 

integration into the deep learning-based underwater video transmission framework. 


