
A
Company

Scaling Maritime Weather Pipelines 
for Long-Term Historical Analytics
Overcoming vessel onboarding bottlenecks by replacing legacy, 
sequence-dependent data ingestion with a time-based parallelized 
weather backfilling engine.



Overview

We re-architected a legacy maritime weather data ingestion platform to support 
historical backfilling for up to 5 years, with built-in architectural extensibility.

Transitioned the data engineering strategy from a vessel-by-vessel processing 
model to a parallelized, time-window distributed workload.

Stabilized data ingestion velocity so that processing times remain constant 
whether onboarding a single vessel or large concurrent fleets, eliminating 
operational scale bottlenecks.

Client Profile

This maritime industry leader turns 

traditional shipping systems into 

smart, connected enterprises. By 

leveraging IoT and AI, they provide 

global operators with the tools to 

optimize predictability, reduce costs, 

and achieve aggressive environmental 

sustainability goals.

Challenges: The Accumulative Latency of 

Legacy Ingestion 

The client’s weather pipeline suffered from linear processing dependency, 
causing systemic strain as their market share expanded:

Severe Hindcast Restrictions: A strict 180-day retrieval wall prevented data 
scientists from training highly accurate, long-term forecasting models.

On boarding Bottlenecks: Because the legacy system processed weather 
metrics vessel-by-vessel, backfilling duration grew proportionally with the 
number of ships added, stalling commercial onboarding times.



Analytics Starvation: Historical safety reports and machine learning models 
lacked the depth of data necessary to provide reliable multi-year structural 
comparisons.

Operational Latency: Adding large batches of commercial vessels caused 
severe computational queues, slowing down downstream analytics and 
automated operational reporting.

QBurst Solution: Shifting to Time-Based  
Parallelized Pipelines

QBurst completely overhauled the data engineering topology. Rather than treating 
each vessel as a separate data thread, we built a highly parallelized ingestion 
pipeline that divides historical requests into distinct time windows.

The architectural transformation focused on decoupled scale:

Time-Window Workload Distribution: The infrastructure was re-programmed 
to partition historical data into chunks grouped by dates and ranges rather 
than hardware IDs.

Parallel Processing Core: Constructed a processing cluster that handles 
overlapping intervals simultaneously, feeding information from multiple 
weather providers into a unified data lake.

E lastic Scale Isolation: Decoupled the relationship between fleet size and 
execution latency. Whether processing data for 1 vessel or over 10 vessels 
across a 1-year window, the cluster executes the pipeline in nearly identical 
timeframes.

Ex tensible Storage Core: Re-engineered database indexing configurations to 
store up to 5 years of historical high-frequency hindcast entries smoothly, 
leaving open conduits to scale beyond that threshold as required.



Key Features

Asynchronous Bulk Ingestion: Specialized multi-threading patterns to query 
diverse third-party weather APIs concurrently without hitches.

Dynamic Range Modifiers: An administrative controller allowing operators to 
easily adjust backfill lengths (e.g., pulling 1, 3, or 5+ years of data) on demand.

Consistent-Time Onboarding Engine: Performance is completely insulated 
from asset spikes, ensuring stable operational predictability.

High-Accuracy Geospatial Mapping: Precision synchronization of latitude, 
longitude, and timestamp weather plots with historical vessel route tracks.

Impact

Eliminated Fleet Onboarding Delays: Bulk vessel onboarding no longer 
creates systemic gridlock, accelerating commercial time-to-value for new 
fleet accounts.

10x  Expansion of Analytical Data: Transitioning from 180 days to 5 years of 
immediate historical coverage radically improved the validation of seasonal 
ship performance reports.

Refined Predictive Forecasting Models: Machine learning algorithms now 
access rich multi-year seasonal baselines, driving up routing and wind/wave 
prediction accuracy.

Enterprise-Ready In frastructure: Shifting from asset-based sequencing to 
time-window grouping transformed a rigid pipeline into an elastic, enterprise-
grade data platform positioned for global corporate expansion.

www.qburst.com bdg@qburst.com


