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Abstract – In this work in progress paper, we describe an REU 
summer experience on imaging sensors that involved a female 
junior level Electrical Engineering student, a graduate student 
advisor, and three faculty. A research plan was designed to embed 
the student in a sensor and machine learning research with specific 
emphasis on energy-efficient cameras. The motivation for 
submitting this paper is the unique planning and the quality of the 
overall student experience which resulted in continuous 
engagement of the REU student with the faculty after the REU 
summer program completed. The program resulted in a major 
presentation at an international event, an NSF I/UCRC poster 
presentation, a research conference submission which is 
remarkable for an undergraduate student, and finally a new 
research direction for the graduate mentor and faculty. This paper 
describes successful strategies for research engagement for 
undergraduates in state-of-the-art research fields which yield 
positive outcomes for all participants, and is grounded in 
contemporary educational methodology and theoretical 
frameworks. 
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I.  Introduction

   Research experiences for undergraduates (REUs) have been 
shown to give positive outcomes for student participants. Alumni 
from REUs are more likely to pursue graduate degrees and show 
improved cognitive and communications skills after their 
experience [1]. These skills include creativity, independent 
thinking, originality, and intellectual curiosity [2]. Further, 
education research has demonstrated that faculty and graduate 
student mentors yield positive outcomes from these REUs, albeit 
mostly in personal satisfaction and fulfillment from mentoring 
rather than concrete outcomes that advance their own careers [3]. 
This raises an interesting question: how can research experiences 
for undergraduates be designed to promote beneficial, tangible 
outcomes for the professional careers of the whole team involved?

In this paper, we aim to explore this question by learning from 
a specific case study of a successful REU program in machine 
learning and computational cameras that resulted not only in 
research conference paper submission and presentation for the 
undergraduate student, but also an avenue for grant submissions 
and follow-up work for the graduate student and faculty mentors. 
We perform qualitative analysis of the experience through quotes 
and feedback solicited from the student and faculty involved as 
this allows a rich thick description of the REU that is not available 
through surveys and quantitative methods. We further highlight the 
work that continued even after the REU was finished, and discuss 
strategies of how to extend REU benefits beyond the timeframe of 
the program itself. 

Overview of REU: Arizona State University has established a 
three-year NSF research experiences for undergraduates (REU) 
program entitled Sensors and Machine Learning as part of the 
Sensor Signal and Information Processing (SenSIP) Center (an 
NSF funded I/UCRC industry-university consortium).  In this REU 
program, we received more than three hundred applications and 
nine undergraduate students from the entire country have been 

recruited for the REU in 2017, 2018 and 2019. One of our REU 
students in 2018 was engaged in a research program for designing 
intelligent low power cameras which was one of the success stories 
for undergraduate engagement. The program was designed to 
provide a unique training and research experience at the overlap of 
image processing, machine learning, and computational cameras. 
To prepare all the students, the REU faculty created signal 
processing and machine learning video lectures. The modules 
included transducer and sensor hardware descriptions and covered 
basic machine learning and signal processing algorithms [4]. These 
modules included hands on computer lab training sessions.  All 
training modules were assessed by an independent evaluation 
organization. 

The student received tutorials and training sessions in 
developing machine learning and signal processing software and 
was engaged in one-to-one sessions with a graduate student and 
faculty advisors. The program continued for 9 weeks where the 
student worked both in the signal processing and the 
computational camera labs in which she was guided to begin 
developing her own algorithm for image and video subsampling to 
aid in energy saving. The student investigated uniform and non-
uniform image sampling and produced an REU report with 
original results. The REU experience also had planned visits to 
industry and a presentation to I/UCRC industry members that 
included Intel, NXP, PSG, Sprint, Raytheon and several smaller 
companies. The engagement with industry was also assessed by an 
independent REU evaluator. At the end of the program and during 
the fall semester of 2018, the student remained engaged with the 
advising team and produced additional results which were deemed 
to be of publication quality.  As a result, the team submitted a 
refereed conference paper to a major IEEE imaging conference 
with the REU student as the lead author [5], as well as filed a 
patent pre-disclosure [6]. 

Research Problem for the REU Project: Computer vision and 
machine learning are ubiquitous in medical applications, 
security/surveillance, sustainability, and consumer entertainment 
and products. In particular, the theory and science for developing 
these products are at the overlap of signal processing, imaging 
algorithms, and sensors. This trend of hardware-software co-
design is attractive for undergraduate students interested in 
research, as they are able to explore their interests and utilize the 
breadth of knowledge that they have gleaned from their previous 
courses and experiences. This is counter to the more highly 
specialized research of graduate programs that focus on a specific 
topic, and thus will likely be hard to attract a diverse set of 
undergraduates with wide-varying interests to explore research in 
that topic. 

For this specific research project, the goal was to align the 
research conducted by the undergraduate with national trends in 
wireless applications for embedded and mobile platforms to 
become more energy-efficient and save battery life. In addition, 
designers are typically seeking engineering solutions that have 
efficient bandwidth usage, lowering bit rates of transmission, and 
reduced memory storage so that these computer vision and 
machine learning algorithms can operate continuously on smart 
phones and mobile devices. This theme of saving energy and 
battery life was easy for the undergraduate student to identify with, 



and clear to elucidate the socio-economic advantages to industry 
and the US which successful research would help bring about. We 
believe this was a key motivational tool for the undergraduate that 
the research context felt relevant and important, rather than just a 
small task or assignment. 

The specific problem which the undergraduate student was 
introduced was the following: how can image sensors perform a 
computer vision task while turning off a certain subset (or 
collection) of pixels to save energy? In other words, given an N-
by-M resolution image, how many pixels can be removed from 
said image such that a computer vision task (e.g. object detection 
or classification) can still be performed accurately? This has 
applications in various technological domains including self-
powered cameras [7] that need to optimally energy-harvest from 
the scene as well as video processing where prior temporal 
information can help avoid redundant sensing. The approach to the 
problem involved subsampling the image using various strategies, 
and determining an optimal policy/strategy which would preserve 
end-computer vision task accuracy while saving the most energy. 

Mentoring Structure: A team of three faculty and one graduate 
student advisor worked with the student and guided the tasks.  The 
graduate student advisor interacted with the student on a daily 
basis. Three faculty mentors provided a unique experience not 
commonly available to REU students. One faculty mentor was 
primarily “hands-on” and helped with technical issues and 
monitoring progress at the local scale, while the other two faculty 
mentors helped ensure the long-term progress of the research 
experience. This dual-mentoring approach seemed to yield positive 
results, as faculty mentors could rely on each other to fill in 
weaknesses and mistakes in both technical and organizational 
direction and advisement while the undergraduate student was able 
to experience more than one type of advising style. Further, at a 
programmatic level, the REU Co-PIs followed the work closely 
through weekly presentations where the student presented 
progress. These presentations also served to improve the 
presentation skills of the student.  

Outline for the paper: We seek to describe in detail both the REU 
program structure as well as the specific case study experience in 
machine learning and computational cameras. The rest of the paper 
is organized as follows.  Section 2 describes the structure of the 
REU program as well as the modules that the REU students 
completed.  Section 3 describes the algorithms and design used in 
the REU and Section 4 describes the assessment of the REU.  
Section 5 gives the conclusions.

II. REU Program Structure  

The REU program structure is organized to provide technical 
hardware and software skills to enable the students to undertake 
research tasks. The students are given hands-on training with 
signal processing software that familiarizes them with spectral 
analysis, filtering, and an introduction to machine learning.  
Students are also embedded in tasks involving K-Means clustering 
and supervised learning using neural networks [8, 9, 10]. We also 
provide training forming a literature survey along their research 
task. Weekly student presentations are organized and feedback is 
provided by faculty.  By the end of the first week, the students 
have a research topic and an advisor and begin interacting with the 
evaluator. A graduate mentor is also assigned to monitor the day-
to-day progress and to help in solving the technical aspects of the 
problem. The advising team helps the students with achieving 
proficiency in the programming as well as improve their efficiency 
in task accomplishment due to time constraint. Students are trained 
on the writing skills and encouraged to use IEEE Style reports. 
They are also taught to conduct comparative analysis and report it 
in appropriate tables and graphs.

III.  Research in Adaptive Image Subsampling
In this section, we describe in detail the outcomes of the research 
for the undergraduate student including the algorithms and 
experiments developed and conducted. Our goal is not to give a 
complete description of the submitted paper, but rather to 
showcase the depth of research the student was able to complete 
during both the REU experience and continued work after the REU 
was completed. In Section 5, we will assess the REU experience 
through presenting feedback from the student and faculty involved. 

As a recap, the undergraduate student was exploring the following 
problem statement: how can image sensors perform a computer 
vision task while turning off a certain subset (or collection) of 
pixels to save energy? In order to answer these questions, the 
student researched methods of image subsampling that would 
allow turning off collections of pixels while retaining other pixels. 
As part of the REU, she tested a series of subsampling strategies 
from uniform to non-uniform image sampling and tested their 
performance on the task of object detection where the algorithm 
tries to determine whether an object is present in an image.

In particular, the creative idea behind the work was to use a notion 
of “objectness” defined in the literature which gives a measure of 
how much a certain pixel belongs to an object or not [11]. The 
student read up several IEEE conference and journal papers on this 
method and re-implemented this algorithm in MATLAB [12]. In 
Figure 1, the reader can see the results of this algorithm developed. 

Figure 1 - Here, an original picture of a train and its associated 
“objectness” heat map, where red colors indicate that a pixel is 
more likely to be part of a salient object, and blue means 
background. This method was re-implemented by the REU student 
from reading relevant research literature.

The student tested various strategies for image subsampling and 
how they affect the objectness score of the images. Different 
subsampling strategies like random pixelation and checkerboard 
style subsampling are shown in Figure 2.

Figure 2 - Demonstrates two different manners of image 
subsampling on the original image. The middle image represents 
random pixelation where 25 percent of pixels are removed. The 
right image applies a checkerboard mask where the width of each 
square is 25 pixels.

At the end of the REU, the student had tested how different image 
subsampling strategies affect the objectness score of images. She 
quantified the difference using the mean square error metric 
between importance maps between the original image and the 



subsampled images as shown in Figure 3. The student also 
performed an ablation study to analyze how the change in the 
subsampling ratio affects the objectness score. She changed the α 
parameter which controls the amount of random pixelation 
whereas in case of checkerboard mask subsampling the square area 
is varied. This ablation study results are presented in Figure 4.

Figure 3 - Diagram demonstrating the process of calculating the 
mean square error for a checkerboard subsampling pattern. This 
process was developed and implemented by the REU student.

Figure 4 - Diagram displaying the relationship between image 
subsampling and objectness scores. These experiments were 
conducted by the REU student during the program. 

She presented this in a report and presentation at the end of the 
program. However, since this work had high potential for 
publication, the mentors and the student decided to keep working 
on the project even after the student returned to her home 
institution with remote teleconferenced meetings and active 
engagement with the graduate student mentor. 

Based on the idea of objectness, the undergraduate student and 
graduate student mentor developed an algorithm for determining 
how to subsample the next frame in a video given the previous 
frame’s objectness score (called the importance map). We outline 
this developed algorithm in Figure 5. This algorithm was inspired 
by techniques in video compression to have key frames which are 
sampled at high full resolution, and other frames that use the 
subsampling developed by the student. 

To validate this algorithm, the students developed a benchmark 
consisting of videos with objects labeled in every frame and 
calculated the mean average precision of object detection for every 
video for both baseline video subsampling strategies (e.g. uniform, 
random, optical-flow based) and the proposed adaptive algorithm. 
The algorithm performed with energy savings of 18-67% with only 
a 5% decrease in object detection performance. As a result of this 
new algorithm and results, a paper was submitted to an IEEE 
conference with the undergraduate student as the first author [5]. 

IV.  Analysis of the REU Experience

In this section, we analyze the REU experience from the 
perspective of both the undergraduate student, the graduate student 
mentor, and the faculty advisors. We briefly describe our methods 
and our findings from our qualitative analysis. We use these to 

Figure 5 – Diagram illustrating the adaptive video subsampling 
algorithm developed by the REU student and graduate student 
mentor after the program has ended. A reference frame has its 
objectness/importance map calculated, and then is subsampled. 
New frames are subsampled with the same strategy until some 
intensity-based criteria tells the algorithm to update the reference 
frame and the importance map. 



highlight themes and discussion points from this successful REU 
case study. 

Methods: We solicited qualitative data in the form of feedback 
and reflection memos on the experience from the students and 
faculty. Our work draws on techniques from narrative analysis 
where we invited the participants to tell stories about their lived 
experiences in the REU [13]. The goal of this analysis is to provide 
a description of what factors played a role in the REU’s successful 
outcomes and how it can be leveraged for other REU experiences 
in the future. 

For qualitative research, one of the most difficult challenges is 
between providing rich, context-specific descriptions at the 
individual level while determining knowledge or frameworks 
which are generalizable outside of this said context. To address 
this, we adopt several qualitative researchers’ approach to 
emphasize transferability rather than generalizability of our 
methods, specifically case-to-case transferability [14]. This means 
that our techniques may not generalize to all REU experiences, but 
other researchers and REU organizers can find certain educational 
mechanisms or strategies that do transfer well to their specific 
situation [15, 16].

Undergraduate REU Student Experience: The following is a 
direct quote from the REU student herself. 

“As a student entering the REU with no prior experience in 
research, I was thoroughly supported and trained by peers, 
graduate students, and professors throughout this program. I was 
eased into the research with a two-week orientation and 
introductory modules.  I not only learned material from online the 
modules/videos but also was interactively trained by graduate 
students. Throughout this summer program, all of us REU students 
were able to view and tour several facilities, including a clean 
room, the Solar Monitoring Facility, and Intel. 

From coding in MATLAB to writing my final IEEE style report in 
LaTeX, the skills I learned from the REU program have proven to 
be vital for my current research project under the supervision of 
my assigned graduate student and the three faculty advisors. The 
experience of presenting my project at industry events and the 
interaction with industry professionals have truly been invaluable 
for me. The organization and timeline of the REU worked quite 
well.”

Graduate Student Experience: The graduate student mentor 
stated that the REU experience was mutually beneficial to both the 
mentor and the undergraduate student. It was mentioned that this 
process helps in relearning and improving technical skills and 
basics for the mentor as they sharpen their teaching and 
mentorship skills. 

The daily conversations on the research topic helped understand 
how to interact with undergraduate and novice researchers. Based 
on the submitted paper, the graduate student and the advisor got 
inspired to solve the problem using advanced techniques. 
Moreover, it helped the graduate student to learn the art of guiding 
and developing new ideas in a collaborative environment which is 
beneficial for their future in academia.

Faculty Mentor Experience: As noted earlier, there were three 
faculty mentors/advisors for this REU project. This included one 
primary faculty advisor and two secondary faculty advisors who 
helped provide organizational guidance and monitored the long-
term progress of the project. 

Primary Advisor: The primary advisor reported positive outcomes 
from the REU experience, both in terms of the tangible products 

produced from the program (IEEE conference paper submission 
and presentation), and intangible benefits such as the personal 
satisfaction of helping to develop the next generation of engineers 
in imaging and computer vision. 

 “I think what’s interesting about this REU experience is that it 
allowed me as a faculty mentor the opportunity to approach a new 
problem from a fresh perspective. Sometimes working with an 
undergraduate allows you to strip away old biases, assumptions 
that you’ve built up over the years and start from the ground up.” 

This advisor was able to use this experience to start further 
research projects in this area. The advisor is currently working 
with the graduate student to extend the conference paper into a 
journal version by developing an enhanced algorithm for 
subsampling based on reinforcement learning techniques. This 
project has also included two additional first year graduate 
students who are following up on the REU student’s work, 
extending them to new domains. 

“I was pleasantly surprised how this REU is enabling me to come 
up with new ideas in the area of computational cameras and image 
subsampling. I am planning to write a grant on these ideas using 
the submitted conference paper and continuing research as 
preliminary results.” 

Co-Advisors: The co-advisors also interacted heavily with the 
REU student and the graduate mentors.  They also organized the 
pre-training sessions, the program assessments and the industry 
interactions.  The co-advisor who is also PI on the REU program 
reported that “the continuing interaction with the REU student 
provided opportunities to expand collaborations with offsite 
student and co-advisors. The industry feedback helped the student 
built her confidence and presentation skills.”

V.  Conclusion

The REU program provided a unique opportunity for the 
undergraduate students to build research skills in sensors and 
machine learning.  The students also received cross-cutting 
training in oral presentations, writing IEEE style manuscripts, 
developing patent pre-disclosures, and becoming aware of ethics 
and policies in conducting research and disseminating results.  The 
overall program achieved also diversity goals in the recruitment.  
The external assessment reported high scores in recruitment, 
training modules, logistics, industry feedback and student 
interviews. With regard to this specific REU project, the student 
was exposed to the field of image sensing and machine learning. 
The student learnt key basic techniques in the field, received 
hands-on programming experience and developed a task-specific 
algorithm. The REU student continued the engagement with the 
advising team during the fall and submitted an IEEE conference 
paper on which she is the lead author. Overall, this is an example 
of a successful REU program which can hopefully be replicated in 
other instances around the country. 
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