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Abstract

A major bottleneck of interdisciplinary computer vision
(CV) research is the lack of a framework that eases the re-
use and abstraction of state-of-the-art CV models by CV
and non-CV researchers alike. We present here BU-CVKit,
a computer vision framework that allows the creation of re-
search pipelines with chainable Processors. The commu-
nity can create plugins of their work for the framework,
hence improving the re-usability, accessibility, and expo-
sure of their work with minimal overhead. Furthermore,
we provide MuSeqPose Kit, a user interface for the pose es-
timation package of BU-CVKit, which automatically scans
for installed plugins and programmatically generates an in-
terface for them based on the metadata provided by the user.
It also provides software support for standard pose estima-
tion features such as annotations, 3D reconstruction, re-
projection, and camera calibration. Finally, we show exam-
ples of behavioral neuroscience pipelines created through
the sample plugins created for our framework.

1. Introduction

Computer Vision has the potential to become an inte-
gral part of interdisciplinary research. The advances in
sub-fields such as Pose Estimation, Object Detection, Seg-
mentation, and 3D Reconstruction can directly impact re-
search in sciences as diverse as Conservation Ecology, Neu-
roscience, Physiology, Psychology, and many more. Inte-
gration of state-of-the-art computer vision with applied sci-
ences can be supported by open-source python packages or
wrappers like OpenCV [4], TensorFlow [1], PyTorch [13],
Scikit-learn [15], OpenPose [5], MMPose [7], DeepLab-
Cut [12], and SLEAP [16] with different levels of ab-
straction and complexity. However, researchers in the ap-
plied sciences usually have to rely on themselves to imple-
ment or, at best, adapt computer vision methods for their re-
search pipeline. There is an absence of an extendable frame-
work that provides a high-level abstraction for accessing the

methods implemented through these open-source software.
Such a framework could allow for easier integration of these
methods in interdisciplinary pipelines, thus benefiting non-
computer-vision specialists on the one hand and also pro-
viding computer vision researchers the tools to further their
research on the other.

We present here BU-CVKit framework, which bridges
the accessibility gap to state-of-the-art computer vision re-
search for researchers from diverse backgrounds and appli-
cation disciplines. The core idea behind BU-CVKit is to
provide chainable modules that can be used to create ab-
stract research pipelines which can be easily modified and
shared with the community. We also present MuSeqPose
Kit, which provides an intuitive user interface to the pose
estimation sub-module of the framework.

We demonstrate the potential of our framework by im-
plementing plugins for two state-of-the-art 2D/3D pose es-
timation methods, DeepLabCut [12] and OptiPose [14].
DeepLabCut is a widely-used feature-rich framework that
provides state-of-the-art markerless 2D pose estimation of
animals. OptiPose is a denoising auto-encoder that en-
codes postural dynamics to optimize coarse 3D poses. We
use the plugins to create standard behavioral neuroscience
pipelines.

2. BU-CVKit Framework

BU-CVKit is an extendable framework that provides
standard functionalities such as efficient input/output, eval-
uation metrics, geometric transformations, camera calibra-
tion, multi-view reconstruction, and other abstractions.

To illustrate how BU-CVKit can reduce programming
overhead and thus potentially accelerate computer vision re-
search, we give the following pipeline example. We denote
a 2D pose estimation method as function f , a 3D recon-
struction method as function g, a 3D pose filtering method
as function h, and a data analysis method as function i. BU-
CVKit enables the user to design a research pipeline that
outputs

o = i(h(g(f(data)))). (1)
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Furthermore, consider a single-step 3D-pose estimation
method j, where j ≈ g ∗ f . A user can replace f and g
without affecting the semantics or flow of the pipeline and
can thus explore different methods.

In the remainder of this section, we discuss the three ma-
jor modules of the framework.

2.1. Input/Output Modules

Efficient and intuitive input/output is necessary for the
application domains of computer vision. We here describe
two types of input/output modules. First, BU-CVKit con-
tains an abstract buffered VideoReader class that can be
extended to provide sequential or random access to video
frames using different backbone libraries. With our pack-
age, we provide buffered implementation of OpenCV [4],
Deffcode [17], Decord, and an Image plugin, which sup-
ports reading a directory of images and providing them
as a video stream to support the data format adopted by
the datasets. We compared the throughput of the standard
OpenCV video reader versus the buffered modules of BU-
CVKit under different CPU loads reading high-resolution
video frames, see Table 1. The buffered module performs
better than the standard OpenCV video readers and the im-
provement is much more evident when the CPU is idle. This
performance improvement may be beneficial for scientists
who need to review videos of animal behavior and their
analysis in real-time. Users can also create their own IO
plugins, perhaps one that utilizes GPU codecs to achieve
even better performance.

The second I/O Module we describe here is the pose
estimation data reader module. It provides an abstract
DataReader class that can be extended to provide intuitive
access to 2D or 3D pose estimation data. Each instance of
a person’s or animal’s pose is converted into a Skeleton ob-
ject which in turn contains multiple Part Objects. Each Part
object extends a Numpy array and therefore supports effi-
cient vectorized operations. In addition, the Skeleton object
supports further Pose-Estimation-specific features such as
behavior annotations and unified arithmetic and geometric

Table 1. Average frames-per-second throughput of baseline
OpenCV implementation and different BU-CVKit buffered im-
plementations, when computed over 1,000 1,024x1,024 H264-
encoded frames under two CPU work modes on a 6-core Xeon
processor.

VideoReader Throughput [fps]
CPU Load CPU Idle

OpenCV VideoCapture(original) 47.23 162.07
CVReader (buffered OpenCV) 48.59 193.05
Deffcode 49.30 193.09
Decord 64.71 193.42

operations.
To support input/output operations with a wide area of

toolkits, the module includes implementations for reading,
writing, and translating flattened CSV files, our custom n-
dimensional CVKit files for storing pose data, HDF5 [8]
files, Mat [10] files, and 2D DeepLabCut [12] files.

2.2. Processor Modules

The pose estimation package provides an abstract Pro-
cessor class that can be extended to implement plugins for
state-of-the-art computer vision methods. The instances of
these Processors are chainable and, therefore, can be used
to create a pipeline that takes raw data and generate the de-
sired output. The Processors can be classified into three
categories - filters, generative, and utility. The filter pack-
age contains the Processors that denoise the input data. The
included dimension-independent filters are a constant accel-
eration Kalman filter, linear interpolation, a statistical dis-
tance filter, a moving average filter, and a velocity filter.
The generative module contains the Processors that gener-
ate new data from the provided input. This module includes
3D reconstruction and reprojection processors, a kinemat-
ics generator, and plot generators. Finally, the utility mod-
ule contains a file loader, a file saver, and an input statistics
generator. Although these Processors are not directly used
in processing or analyzing data, they are required to facili-
tate chaining and other utilities.

2.3. Pose Estimation Utility Modules

The framework provides several pose estimation utility
modules. The camera calibration is a standard first step
in any pose estimation work. Therefore we provide a cal-
ibration module that uses EasyWand [18] to generate Di-
rect Linear Transformation (DLT) [2, 19] coefficients and
camera parameters. The 3D reconstruction and reprojection
modules use DLT to estimate the 3D positions of matching
2D keypoints and mapping 3D coordinates into 2D camera
planes. The metrics module for pose estimation provides
the Mean Per Joint Position Error (MPJPE) [11] and dy-
namic percentage of correct keypoints (PCK@x) [11] met-
rics. Finally, the geometric transformations module enables
3D rotation, translation, and axes alignment.

3. Plugin Sub-system
The abstract code design of the CVKit enables re-

searchers to extend the framework by creating plugins for
their own work. The Processor class described in the pre-
vious section acts as the main entry point for plugins. We
here showcase the potential of the plugin system by extend-
ing the capabilities of BU-CVKit through our three plug-
ins. Our DeepLabCut [12] plugin provides a Processor for
running a DeepLabCut model on videos and providing 2D
pose predictions. Our OptiPose [14] processor takes in the



Figure 1. Chainable Processors: A Processor pipeline using the
DeepLabCut [12] and OptiPose [14] plugins. (a) The raw input
thermal and RGB images. (b) Predicted 2D poses generated by
the DeepLabCut plugin. (c) Optimized 3D poses generated by
the pose-optimization Processor from the OptiPose plugin. (d) A
simulated binocular egocentric view generated by the viewpoint
reconstruction Processor from the OptiPose plugin.

Figure 2. Gaze heatmaps computed by a Generative plugin that
uses ray tracing with radially attenuated focus to approximate the
gaze of the animal on the blue tower shown in Fig. 1, for each wall
of the tower (the west wall of the blue tower faces the red tower).
The dimensions of the heatmaps correspond to the dimensions of
the walls, i.e., 62 mm (width) and 247 mm (height). The rodent
most often looked at the center of the East wall (hot colors).

3D poses generated by the reconstruction Processor and op-
timizes them through a pre-trained OptiPose model. It also
supports generating a view direction vector that can be fed
into a game engine to generate a simulated egocentric view
of the subject. The resulting pipeline created by BU-CVKit
is shown in Fig. 1. It starts with the DeepLabCut plugin
to compute 2D predictions, the reconstruction to perform
3D Reconstruction, a series of filters, pose optimization
through an OptiPose model, and viewpoint simulation.

The NeuroAnalysis plugin processes the tracking data
generated from the OptiPose plugin (not shown in Fig. 1). It
provides a single-ray-tracing Processor that is used by other

Figure 3. Results of a Generative plugin that combines neural
recording with animal tracking to plot cellular activity and their
corresponding spatial locations. The black lines indicate the tra-
jectory of the rodent exploring an area (as in Fig.1 but without
objects), and each dot is the location where the cell fired. The
color of the dot represents the head direction of the rodent at the
time the cell fired. (a) Example of non-deterministic cell firing.
(b) Example of an Egocentric Boundary Cell firing.

behavioral analysis generators. With the plugin, the gaze di-
rection of the animal can be analyzed by tracing the view di-
rection vector to surfaces in the animal’s environment. Here
we make the assumption that the rodent is generally looking
at the direction it is facing, i.e., where its snout is pointing.
We also model the rodent’s attention focus, where the atten-
tion score attenuates radially outwards from the assumed
gaze point. With these tools, we can localize the rodent’s
approximate focus of interest on the four walls of the blue
tower, shown in Fig. 1. Summative analysis then leads to
heat maps that highlight to which areas on the tower the
animal seemed to have paid attention most often, see Fig. 2.

The EBC-Processor helps detect Egocentric Boundary
Cells (EBC), neurons that exhibit increased firing when a
boundary is at a specific distance and direction relative to
the subject [3]. Analytical plots, as in Fig. 3, are gener-
ally used to distinguish non-EBC patterns from EBCs. Each
plot is produced for a specific cell. The plot on the left in
Fig. 3 shows no discernible directional or spatial pattern in
the cell activity, whereas the plot on the right exemplifies a
firing pattern when the boundary is on the left of the rodent.

Animal behavioral analysis studies how an animal ex-
plores an environment under a spectrum of novel condi-
tions. The amount of time the rodent spends occupying
certain regions and the instances of rearing are used as in-
dicators of exploration and memory [6, 9]. The Occupancy
Processor can generate 2D plots that show the distribution
of where the time was spent globally as well as locally near
the objects of interest (Fig. 4). Similarly, the Rearing Pro-
cessor detects rearing instances by monitoring selected key-
points to generate 3D bar plots of rearing frequency (Fig. 4).

We stress that a major advantage of the framework ar-
chitecture is that the processors are easily replaceable. The
DeepLabCut Processor and the OptiPose Processor can be



Figure 4. Top: Results of a behavioral analysis plugin that generates Occupancy Maps for comparing the change in behavior corresponding
to the novelty of objects. Bottom: Results of a behavioral analysis plugin that generates ”rearing” plots to compare exploratory behavior
under novel or familiar conditions.

replaced by any 2D pose estimator and 3D pose optimizer,
respectively, without affecting the neuro-processors. They
can also be bypassed entirely by creating a plugin for one of
the single-stage 3D pose estimators. This allows researchers
to try different methods without drastically changing their
analysis pipeline.

4. MuSeqPose Kit

We provide MuseqPose Kit, a user interface to the pose-
estimation sub-package of BU-CVKit. It provides a power-
ful video annotation widget that supports interpolating an-
notations across frames. The widget also provides a repro-
jection toolbox to mitigate the need for annotating every
view. The camera calibration widget automatically picks
a diverse set of synchronized annotated frames and gener-
ates the necessary files for the EasyWand Calibration pack-
age. The synchronized playback widget allows for display-
ing videos with real-time plots. Finally, the Pipeline widget
automatically scans for the installed plugin metadata and
generates a user interface to access the underlying Proces-
sors. Using this widget, users can create, visualize, execute,

and save their research pipelines using this widget.

5. Conclusions
With BU-CVKit Framework, we have provided an ex-

tendable framework for simplifying and accelerating inter-
disciplinary research. We showcase the usability of such
a framework by implementing plugins for state-of-the-art
computer vision research and using them for behavioral
neuroscience. We plan to add extendable Segmentation and
Object Detection packages. The plug-and-play aspect of
the Processors enables researchers to try different meth-
ods without extensively modifying their pipeline. Finally,
since non-computer-science researchers may have a varying
range of programming skills, we provide a powerful user
interface that automatically adapts to the installed plugins
while providing pose estimation features.
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