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Figure 1: VFX Data Analysis and Predictive Analytics Work�ow

ABSTRACT
VFX production companies are currently challenged by the in-
creasing complexity of visual e�ects shots combined with constant
schedule demands. �e ability to execute in an e�cient and cost-
e�ective manner requires extensive coordination between di�er-
ent sites, di�erent departments, and di�erent artists. �is coor-
dination demands data-intensive analysis of VFX work�ows be-
yond standard project management practices and existing tools.
In this paper, we propose a novel solution centered around a gen-
eral evaluation data model and APIs that convert production data
(job/scene/shot/schedule/task) to business intelligence insights en-
abling performance analytics and generation of data summarization
for process controlling. �ese analytics provide an impact mea-
suring framework for analyzing performance over time, with the
introduction of new production technologies, and across separate
jobs. Finally, we show how the historical production data can be
used to create predictive analytics for the accurate forecasting of
future VFX production process performance.
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1 INTRODUCTION
Over the span of several years, MPC has built considerable internal
so�ware infrastructure around data reporting and project manage-
ment [Ricklefs 2013]. �ese so�ware systems track the progress
and work of individual artists, account for working hours, and ag-
gregate performance of work across multiple levels (e.g., job, scene,
shot). �is data allows for department managers to be�er assess the
progress of their teams. While this level of detail su�ces for small
projects, digging through all this data can become overwhelming
when looking at larger projects or trying to aggregate across an en-
tire organization. As MPC grows to multiple sites and thousands of
employees, new tools become necessary to make sense and derive
insights from this data.

�e �rst e�ort was focused on business intelligence, speci�cally
on implementing a real-time data pipeline to ingest production
data and process relevant key performance indicator (KPI). Using a
MapReduce framework, we constructed a cloud-based data ingest
pipeline that takes project management data and outputs descrip-
tive statistics. �ese statistics are structured into an Evaluation
Matrix format that aggregates these statistics into a desired organi-
zational level (e.g., job, shot, scene). �e goal is to use these statistics
to create holistic insights into segments of the MPC business.

�e second e�ort was to exploit this large corpus of historical
project data to generate predictive models to forecast future project
performance. �is was implemented as a real-time predictive an-
alytics pipeline that ingests current project data, trains machine
learning models, and output predictive forecasts for each project
group. With our initial models, we currently have a 73% accu-
racy rate when predicting if a speci�c task will overspend. �ese
initial results reveal the promise of using predictive analytics for
large-scale VFX production.
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2 DATASET
�e MPC Project Management dataset consists of both continuous
integration of new production data and a large corpus of historical
production data from January 2012 to October 2016. �is historical
data has over 1.3 million entries containing VFX disciplines, artists,
sites, bids and actual times associated with the speci�c tasks.

3 DATA INGEST PIPELINE
In order to understand current production process performance and
identify areas which can be improved for e�ciency, we built the
data processing pipeline shown in Figure 1 to measure overspend,
overtime, performance and job duration. In the initial stage, data
cleaning identi�es valid shots and builds for further processing.
�e next stage creates summary and breakdown statistics for site-
department-jobs-scene-shots over multiple time durations ranging
from years to weeks. �is is e�ciently performed by passing the
data to two separate multi-level MapReduce [Dean and Ghemawat
2008] tasks corresponding to the year time-scale and week time-
scale, respectively. �e �nal stage stores the statistics results in
a MongoDB database [MongoDB 2017]. All three stages are re-
peated regularly as new data arrives, providing updated production
statistics in real-time.

4 PREDICTIVE ANALYTICS PIPELINE
Using the predictive analytics pipeline, we estimate production task
actuals using machine learning models trained from our historical
data corpus. �e overall predictive analytics pipeline can be seen
in Figure 1.

To rigorously train a machine learning model using ”cross-vali-
dation” [Friedman et al. 2001], we �rst split the cleaned data from
the ingest pipeline into separate train and test sets. �ese train and
test datasets are build based on the job completion status and the
data timeline. Currently, all completed jobs from 2014 to 2015 are
used for training and jobs from 2016 for testing. �is component
was speci�cally designed to be adaptable as new job data is added.

Next we translate the unstructured production data into a format
that can be used in machine learning algorithms. Speci�cally, this
requires each tasks to be reduced to a series of observed, relevant
features in a vector format. We convert the id numbers for each
artist, department, site, and job into a categorical binary variable.
�e end result is each task being represented by a feature vector of
length X.

Using the structured train and test sets, we next identify a set of
candidate classi�cation or regression machine learning models for
a given objective. Speci�c machine learning models used are o�-
the-shelf using Python Sklearn [Pedregosa et al. 2011] (e.g., Ridge
classi�er, Nearest Neighbor Classi�er, Gradient boosted classi�er).
All machine learning models have a set of parameters that must
be learned via optimization on the training set, with subsequent
accuracy measurement of the model on the test set. �e best model
corresponds to the model that provides the best accuracy metrics
on the test set (e.g., misclassi�cation rate, F1 score, precision score).

Finally, we save the trained model parameters to be packaged in
an API. As new data is made available, the Machine Learning (ML)
pipeline is re-run with the updated test and train sets to retrain the

machine learning models. �e modular design of the ML pipeline
gives numerous bene�ts,

• (1) - �e ability to create new test and train models on the
�y,

• (2) - the ability to add new custom features with minimum
changes to existing code base, and

• (3) - and the ability to easily include new machine learning
(or deep learning) models.

Initial results indicate the ability to accurately forecast future pro-
duction performance. Our results show that gradient boosted clas-
si�ers have an accuracy score of over 73.25% on our test data for
classifying whether a task will overspend on initial estimates. �ese
initial results show the promise of using machine learning to pre-
dictive future VFX production process performance.

5 CONCLUSION AND FUTUREWORK
In this paper we presented a data analytics pipeline for analyzing
VFX production data and providing predictive forecasts using ma-
chine learning. �is work is a �rst a�empt at creating intelligent
tools to cope with the massive amounts of data generated by mod-
ern VFX organizations. Our initial results show that this framework
provides key insights into production and obtains considerable ac-
curacy with respect to common production problems (e.g., Bid vs
Actuals overspend). Next steps include providing more compre-
hensive business insights by incorporating additional datasets (e.g.,
asset management, resource planning, render and data consump-
tion) to fully understand and evaluate the complete production
process. Additionally, we look to further re�ne and add new ma-
chine learning algorithms to our predictive analytics pipeline.
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