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1 Introduction
For the computer vision course project, students can choose a topic related to computer vision,
and explore the topic in one of the three different ways:

• Research-oriented. In this direction, students are going to propose a new idea that has not
been explored before in the literature, then implement the new idea and conduct experiments
to verify it.

• Application-oriented. In this direction, students can apply an existing computer vision
algorithm or method to a new problem or a new application. For example, if a method is
proposed for domain A, the project can explore applying the method to domain B where
different data are collected.

• Implementation-oriented. In this direction, students can select an existing computer
vision algorithm or method, and then implement it and conduct experiments to verify the
implementation. Since most computer vision methods are open-source these days, for
implementation-oriented projects, students cannot just use an open-source code and run
experiments with it.

For project evaluation, all three categories will be considered equally. A project will be evaluated
according its quality in terms of implementation, experiments, presentation and writing, regardless
of its category. However, students are encouraged to consider research-oriented projects and
application-oriented projects. Even if the introduced novelty is incremental, it is still exploring
new things researchers have not been tried before or applying an approach to new applications.
Moreover, collecting real-world data for testing is highly encouraged.

2 Proposal Format
The project proposal should be prepared using the CVPR latex template. A useful online LaTex
tool is Overleaf https://www.overleaf.com/. We have the CVPR latex template accessible here
via overleaf: https://www.overleaf.com/read/gpjssbtrrpqm. You can download a copy of the
template or make a copy in overleaf for your own project, and then edit it.

The project proposal should be a 1-page PDF using the latex template with the following items:
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• Title. Let’s give a name to your project.

• Team Members. List the names of the team members as the authors in the proposal. We
expect you to work in groups of 2-3 students for the course projects.

• Problem Statement. Describe what is the problem you are trying to solve in this project.

• Approach. Describe what is your idea to solve the problem. It is fine if some details have
not been figured out in the project proposal. But students should have rough ideas on how
to proceed.

First, explicitly state that which category the project is in: research-oriented, application-
oriented or implementation-oriented. Second, for research-oriented projects, describe the
proposed idea and the novelty of the idea. For application-oriented projects, describe which
approach is going to be used and how to apply this approach to a new application. For
implementation-oriented projects, describe which approach is going to be implemented and
the plan for the implementation.

• Data. Describe what dataset the project is going to use. Students can use existing datasets
for experiments, or collect your own datasets, or even test the method with real-time data
stream from a camera.

• Evaluation. Describe how to evaluate the success of the project. For example, what
evaluation metrics will be used to evaluate the performance of the method?

• References. Cite related works in the proposal.

3 Suggested Topics
Based on the materials we cover in the lectures, we suggest the follow topics for the course project.
However, the scope of the project is not limited to the mentioned topics below. Students can
explore other topics in computer vision as well. Also, the references in the suggested topics are
recent representative works. Students can explore methods beyond these references and propose
new ideas for different topics.

• Neural 3D Representations and Neural Rendering. Neural networks can be utilized
to learn 3D representations of objects or scenes and render these 3D representations into
images [24, 13, 34, 32, 49].

• Feature Detection and Matching. For this topic, students can explore methods for
detecting keypoint features [9], edges [57, 35], lines [59] or contours [43] as well matching
these features [41, 48].

• Stereo Depth Estimation. This topic is about using stereo images for depth estimation [26,
1, 25].

• Structure fromMotion (SfM) and SLAM. SfM and SLAM are very actively research areas
with large numbers of references [42, 2, 3].
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• 3D Object Reconstruction. This topic is about reconstructing a 3D model of an object
from a single image or multiple images [10, 14, 19, 27, 47].

• Optical Flow. This topic is about estimating the optical flow between two images [21, 36, 20].

• Object Detection. This topic is about detecting objects on images using bounding boxes [38,
37, 5].

• Semantic Segmentation. This topic is about labeling pixels in an image into semantic
classes [29, 33, 39, 46].

• Object Pose Estimation. This topic is about estimating the pose of objects from images or
videos [56, 51, 54, 8].

• Camera Pose Estimation. This topic is about estimating the pose of cameras from im-
ages [31, 12, 17].

• Human and Hand Pose Estimation. This topic is about estimating the pose of humans
or hands in either 2D or 3D from images or videos [44, 50, 6, 4, 16, 53, 58].

• Human Activity Recognition. The topic is about recognizing human activities from
videos [22, 15, 11].

• Images and Languages. This topic is related to research on linking images and languages
such as object grounding [7, 40, 23, 28] and visual query answering [55, 45, 52].

• Visual Navigation. This topic is about mobile navigation using vision [18, 60, 30].

4 Deep Learning Resources
Most recent vision methods leverage deep learning to train neural networks to tackle various
problems in computer vision. If your project requires training of deep neural networks, you may
need to have GPUs for training. Google Colab is a great free resources for small amounts of GPU
resources: https://colab.research.google.com/. Two widely-used deep learning frameworks:

• PyTorch https://pytorch.org/

• TensorFlow https://www.tensorflow.org/

References
[1] Abhishek Badki, Alejandro Troccoli, Kihwan Kim, Jan Kautz, Pradeep Sen, and Orazio Gallo.

Bi3d: Stereo depth estimation via binary classifications. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pages 1600–1608, 2020.

[2] Michael Bloesch, Jan Czarnowski, Ronald Clark, Stefan Leutenegger, and Andrew J Davison.
Codeslam—learning a compact, optimisable representation for dense visual slam. In Pro-
ceedings of the IEEE conference on computer vision and pattern recognition, pages 2560–2568,
2018.

3

https://colab.research.google.com/
https://pytorch.org/
https://www.tensorflow.org/


[3] Carlos Campos, Richard Elvira, Juan J Gómez Rodríguez, José MM Montiel, and Juan D
Tardós. Orb-slam3: An accurate open-source library for visual, visual–inertial, and multimap
slam. IEEE Transactions on Robotics, 37(6):1874–1890, 2021.

[4] Zhe Cao, Tomas Simon, Shih-En Wei, and Yaser Sheikh. Realtime multi-person 2d pose
estimation using part affinity fields. In Proceedings of the IEEE conference on computer vision
and pattern recognition, pages 7291–7299, 2017.

[5] Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, and
Sergey Zagoruyko. End-to-end object detection with transformers. In European conference
on computer vision, pages 213–229. Springer, 2020.

[6] Ching-Hang Chen and Deva Ramanan. 3d human pose estimation= 2d pose estimation+
matching. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
pages 7035–7043, 2017.

[7] Lei Chen, Mengyao Zhai, Jiawei He, and Greg Mori. Object grounding via iterative context
reasoning. In Proceedings of the IEEE/CVF International Conference on Computer Vision
Workshops, pages 0–0, 2019.

[8] Xu Chen, Zijian Dong, Jie Song, Andreas Geiger, and Otmar Hilliges. Category level object
pose estimation via neural analysis-by-synthesis. In European Conference on Computer Vision,
pages 139–156. Springer, 2020.

[9] Christopher B Choy, JunYoung Gwak, Silvio Savarese, and Manmohan Chandraker. Universal
correspondence network. Advances in neural information processing systems, 29, 2016.

[10] Christopher B Choy, Danfei Xu, JunYoung Gwak, Kevin Chen, and Silvio Savarese. 3d-r2n2:
A unified approach for single and multi-view 3d object reconstruction. In European conference
on computer vision, pages 628–644. Springer, 2016.

[11] Dima Damen, Hazel Doughty, Giovanni Maria Farinella, Antonino Furnari, Evangelos Kaza-
kos, Jian Ma, Davide Moltisanti, Jonathan Munro, Toby Perrett, Will Price, et al. Rescaling
egocentric vision: Collection, pipeline and challenges for epic-kitchens-100. International
Journal of Computer Vision, 130(1):33–55, 2022.

[12] Sovann En, Alexis Lechervy, and Frédéric Jurie. Rpnet: An end-to-end network for relative
camera pose estimation. In Proceedings of the European Conference on Computer Vision (ECCV)
Workshops, pages 0–0, 2018.

[13] SM Ali Eslami, Danilo Jimenez Rezende, Frederic Besse, Fabio Viola, Ari S Morcos, Marta
Garnelo, Avraham Ruderman, Andrei A Rusu, Ivo Danihelka, Karol Gregor, et al. Neural
scene representation and rendering. Science, 360(6394):1204–1210, 2018.

[14] Haoqiang Fan, Hao Su, and Leonidas J Guibas. A point set generation network for 3d object
reconstruction from a single image. In Proceedings of the IEEE conference on computer vision
and pattern recognition, pages 605–613, 2017.

[15] Christoph Feichtenhofer, Haoqi Fan, Jitendra Malik, and Kaiming He. Slowfast networks
for video recognition. In 2019 IEEE/CVF International Conference on Computer Vision (ICCV),
pages 6201–6210, 2019.

4



[16] Liuhao Ge, Yujun Cai, Junwu Weng, and Junsong Yuan. Hand pointnet: 3d hand pose
estimation using point sets. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pages 8417–8426, 2018.

[17] Hugo Germain, Vincent Lepetit, and Guillaume Bourmaud. Neural reprojection error:
Merging feature learning and camera pose estimation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pages 414–423, 2021.

[18] Saurabh Gupta, James Davidson, Sergey Levine, Rahul Sukthankar, and Jitendra Malik.
Cognitive mapping and planning for visual navigation. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, pages 2616–2625, 2017.

[19] Xian-Feng Han, Hamid Laga, and Mohammed Bennamoun. Image-based 3d object recon-
struction: State-of-the-art and trends in the deep learning era. IEEE transactions on pattern
analysis and machine intelligence, 43(5):1578–1604, 2019.

[20] Tak-Wai Hui, Xiaoou Tang, and Chen Change Loy. Liteflownet: A lightweight convolutional
neural network for optical flow estimation. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pages 8981–8989, 2018.

[21] Eddy Ilg, Nikolaus Mayer, Tonmoy Saikia, Margret Keuper, Alexey Dosovitskiy, and Thomas
Brox. Flownet 2.0: Evolution of optical flow estimation with deep networks. In Proceedings
of the IEEE conference on computer vision and pattern recognition, pages 2462–2470, 2017.

[22] Hueihan Jhuang, Juergen Gall, Silvia Zuffi, Cordelia Schmid, and Michael J. Black. Towards
understanding action recognition. In 2013 IEEE International Conference on Computer Vision,
pages 3192–3199, 2013.

[23] Aishwarya Kamath, Mannat Singh, Yann LeCun, Gabriel Synnaeve, Ishan Misra, and Nicolas
Carion. Mdetr-modulated detection for end-to-end multi-modal understanding. In Proceedings
of the IEEE/CVF International Conference on Computer Vision, pages 1780–1790, 2021.

[24] Hiroharu Kato, Yoshitaka Ushiku, and Tatsuya Harada. Neural 3d mesh renderer. In Pro-
ceedings of the IEEE conference on computer vision and pattern recognition, pages 3907–3916,
2018.

[25] Uday Kusupati, Shuo Cheng, Rui Chen, and Hao Su. Normal assisted stereo depth estimation.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
2189–2199, 2020.

[26] Zhaoshuo Li, Xingtong Liu, Nathan Drenkow, Andy Ding, Francis X Creighton, Russell H Tay-
lor, and Mathias Unberath. Revisiting stereo depth estimation from a sequence-to-sequence
perspective with transformers. In Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 6197–6206, 2021.

[27] Chen-Hsuan Lin, Oliver Wang, Bryan C Russell, Eli Shechtman, Vladimir G Kim, Matthew
Fisher, and Simon Lucey. Photometric mesh optimization for video-aligned 3d object re-
construction. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 969–978, 2019.

5



[28] Haolin Liu, Anran Lin, Xiaoguang Han, Lei Yang, Yizhou Yu, and Shuguang Cui. Refer-it-in-
rgbd: A bottom-up approach for 3d visual grounding in rgbd images. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 6032–6041, 2021.

[29] Jonathan Long, Evan Shelhamer, and Trevor Darrell. Fully convolutional networks for
semantic segmentation. In Proceedings of the IEEE conference on computer vision and pattern
recognition, pages 3431–3440, 2015.

[30] Bar Mayo, Tamir Hazan, and Ayellet Tal. Visual navigation with spatial attention. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
16898–16907, 2021.

[31] Iaroslav Melekhov, Juha Ylioinas, Juho Kannala, and Esa Rahtu. Relative camera pose
estimation using convolutional neural networks. In International Conference on Advanced
Concepts for Intelligent Vision Systems, pages 675–687. Springer, 2017.

[32] Ben Mildenhall, Pratul P Srinivasan, Matthew Tancik, Jonathan T Barron, Ravi Ramamoorthi,
and Ren Ng. Nerf: Representing scenes as neural radiance fields for view synthesis. In
European conference on computer vision, pages 405–421. Springer, 2020.

[33] Hyeonwoo Noh, Seunghoon Hong, and Bohyung Han. Learning deconvolution network for
semantic segmentation. In Proceedings of the IEEE international conference on computer vision,
pages 1520–1528, 2015.

[34] Jeong Joon Park, Peter Florence, Julian Straub, Richard Newcombe, and Steven Lovegrove.
Deepsdf: Learning continuous signed distance functions for shape representation. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 165–174,
2019.

[35] Xavier Soria Poma, Edgar Riba, and Angel Sappa. Dense extreme inception network: Towards
a robust cnn model for edge detection. In Proceedings of the IEEE/CVF winter conference on
applications of computer vision, pages 1923–1932, 2020.

[36] Anurag Ranjan and Michael J Black. Optical flow estimation using a spatial pyramid network.
In Proceedings of the IEEE conference on computer vision and pattern recognition, pages 4161–
4170, 2017.

[37] Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali Farhadi. You only look once: Unified,
real-time object detection. In Proceedings of the IEEE conference on computer vision and pattern
recognition, pages 779–788, 2016.

[38] Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster r-cnn: Towards real-time
object detection with region proposal networks. Advances in neural information processing
systems, 28, 2015.

[39] Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for
biomedical image segmentation. In International Conference on Medical image computing and
computer-assisted intervention, pages 234–241. Springer, 2015.

6



[40] Arka Sadhu, Kan Chen, and Ram Nevatia. Video object grounding using semantic roles in
language description. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 10417–10427, 2020.

[41] Paul-Edouard Sarlin, Daniel DeTone, Tomasz Malisiewicz, and Andrew Rabinovich. Superglue:
Learning feature matching with graph neural networks. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pages 4938–4947, 2020.

[42] Johannes L Schonberger and Jan-Michael Frahm. Structure-from-motion revisited. In
Proceedings of the IEEE conference on computer vision and pattern recognition, pages 4104–
4113, 2016.

[43] Wei Shen, Xinggang Wang, Yan Wang, Xiang Bai, and Zhijiang Zhang. Deepcontour: A deep
convolutional feature learned by positive-sharing loss for contour detection. In Proceedings
of the IEEE conference on computer vision and pattern recognition, pages 3982–3991, 2015.

[44] Jamie Shotton, Ross Girshick, Andrew Fitzgibbon, Toby Sharp, Mat Cook, Mark Finocchio,
Richard Moore, Pushmeet Kohli, Antonio Criminisi, Alex Kipman, et al. Efficient human
pose estimation from single depth images. IEEE transactions on pattern analysis and machine
intelligence, 35(12):2821–2840, 2012.

[45] Robik Shrestha, Kushal Kafle, and Christopher Kanan. Answer them all! toward universal
visual question answering models. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 10472–10481, 2019.

[46] Robin Strudel, Ricardo Garcia, Ivan Laptev, and Cordelia Schmid. Segmenter: Transformer for
semantic segmentation. In Proceedings of the IEEE/CVF International Conference on Computer
Vision, pages 7262–7272, 2021.

[47] Edgar Sucar, Kentaro Wada, and Andrew Davison. Nodeslam: Neural object descriptors for
multi-view shape reconstruction. In 2020 International Conference on 3D Vision (3DV), pages
949–958. IEEE, 2020.

[48] Jiaming Sun, Zehong Shen, Yuang Wang, Hujun Bao, and Xiaowei Zhou. Loftr: Detector-free
local feature matching with transformers. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pages 8922–8931, 2021.

[49] Ayush Tewari, Justus Thies, Ben Mildenhall, Pratul Srinivasan, Edgar Tretschk, Yifan Wang,
Christoph Lassner, Vincent Sitzmann, Ricardo Martin-Brualla, Stephen Lombardi, et al.
Advances in neural rendering. arXiv preprint arXiv:2111.05849, 2021.

[50] Alexander Toshev and Christian Szegedy. Deeppose: Human pose estimation via deep neural
networks. In Proceedings of the IEEE conference on computer vision and pattern recognition,
pages 1653–1660, 2014.

[51] Jonathan Tremblay, Thang To, Balakumar Sundaralingam, Yu Xiang, Dieter Fox, and Stan
Birchfield. Deep object pose estimation for semantic robotic grasping of household objects.
arXiv preprint arXiv:1809.10790, 2018.

[52] Aisha Urooj, Hilde Kuehne, Kevin Duarte, Chuang Gan, Niels Lobo, and Mubarak Shah. Found
a reason for me? weakly-supervised grounded visual question answering using capsules. In

7



Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
8465–8474, 2021.

[53] Chengde Wan, Thomas Probst, Luc Van Gool, and Angela Yao. Dense 3d regression for
hand pose estimation. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, pages 5147–5156, 2018.

[54] He Wang, Srinath Sridhar, Jingwei Huang, Julien Valentin, Shuran Song, and Leonidas J
Guibas. Normalized object coordinate space for category-level 6d object pose and size
estimation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 2642–2651, 2019.

[55] Qi Wu, Peng Wang, Chunhua Shen, Anthony Dick, and Anton Van Den Hengel. Ask me
anything: Free-form visual question answering based on knowledge from external sources. In
Proceedings of the IEEE conference on computer vision and pattern recognition, pages 4622–4630,
2016.

[56] Yu Xiang, Tanner Schmidt, Venkatraman Narayanan, and Dieter Fox. Posecnn: A convo-
lutional neural network for 6d object pose estimation in cluttered scenes. arXiv preprint
arXiv:1711.00199, 2017.

[57] Saining Xie and Zhuowen Tu. Holistically-nested edge detection. In Proceedings of the IEEE
international conference on computer vision, pages 1395–1403, 2015.

[58] Shanxin Yuan, Guillermo Garcia-Hernando, Björn Stenger, Gyeongsik Moon, Ju Yong Chang,
Kyoung Mu Lee, Pavlo Molchanov, Jan Kautz, Sina Honari, Liuhao Ge, et al. Depth-based 3d
hand pose estimation: From current achievements to future goals. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, pages 2636–2645, 2018.

[59] Kai Zhao, Qi Han, Chang-Bin Zhang, Jun Xu, and Ming-Ming Cheng. Deep hough transform
for semantic line detection. IEEE Transactions on Pattern Analysis and Machine Intelligence,
2021.

[60] Yuke Zhu, Roozbeh Mottaghi, Eric Kolve, Joseph J Lim, Abhinav Gupta, Li Fei-Fei, and Ali
Farhadi. Target-driven visual navigation in indoor scenes using deep reinforcement learning.
In 2017 IEEE international conference on robotics and automation (ICRA), pages 3357–3364.
IEEE, 2017.

8


	Introduction
	Proposal Format
	Suggested Topics
	Deep Learning Resources

