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Figure 1. An introduction to [UNI]101. Six images of buildings containing labels for building classification, as well as labels for objects

such as bike racks, light posts, trash cans, electrical boxes, and doors.

Abstract

Education in Machine Learning, particularly in Computer
Vision, currently lacks modern, relatable datasets specifi-
cally designed to support a structured learning progression.
Existing datasets such as MNIST or ImageNet are corner-
stones in teaching Computer Vision, but they address iso-
lated tasks and may not resonate with students’ daily ex-
periences. Addressing this gap, we introduce [UNI]I101, a
comprehensive video dataset consisting of 277,056 frames
of university buildings, captured at 24 FPS in 1080p reso-
lution. [UNI]101 is designed to scaffold an entire semester
of introductory Computer Vision: students begin with im-
age classification across 48 campus buildings, advance to
object detection over five commonly seen campus object
classes (bike racks, trash cans, doors, electrical boxes, and
light posts), and progress to 3D scene reconstruction via
Gaussian Splatting, all using a single, familiar dataset. The
dataset includes 750 unique labeled objects, benchmark
models for each task (six for classification, five for detec-

tion), and educational Jupyter Notebooks structured as les-
son plans. By grounding an entire curriculum in scenes stu-
dents encounter daily, [UNI]101 bridges the gap between
foundational Computer Vision education and modern re-
search topics, providing a progressive, hands-on learning
experience within a unified framework.

1. Introduction

Machine Learning (ML) continues to evolve at an increased
pace, attracting an unprecedented number of learners ea-
ger to explore its complexities [1]. Among its diverse sub-
fields, Natural Language Processing (NLP) and Computer
Vision (CV) stand out; however, the educational resources
available, particularly datasets, often lag behind in terms
of relevance and accessibility. Traditional datasets, while
foundational, can often fail to resonate with students and
may present steep learning curves [8, 9, 22]. The need for
datasets that not only illustrate but also demystify the under-
lying principles of machine learning while being relatable to
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Table 1. Comparison of [UNI]101 with other Building Datasets. This table highlights differences in the number of labeled frames, unique
buildings, and objects, and indicates the presence of bounding box labels for object detection. Notably, [UNI]101 ranks second highest in
the number of labeled frames and leads in the number of unique labeled objects.

Dataset Video Data Frames Buildings Objects Bounding Boxes 3D Ready
Obeso et al. [27] X 284 - - X X
Shalunts et al. [35] X 400 - - X X
Shao et al. [36] X 1,005 201 - X X
Taoufiq et al. [40] X 1,033 - - X X
Xu et al. [44] X ~ 5,000 - - X X
Taoufiq et al. [40] X 6,297 - - X X
Cordts et al. [6] v 25,000 - - X X
Zheng et al. [46] X ~ 21.4 million 5,312 - X X
Philben et al. [28] X 5,062 11 11 v X
Philben et al. [29] X 6,300 11 11 v X
Barz and Denzler [5] X 9,485 9,346 566 v X
[UNI]101(Ours) v 277,056 48 750 v v

students is more pressing than ever [34]. Enhancements in
dataset design could include more intuitive data representa-
tions, increased contextual relevance, and a stronger align-
ment with the current trends and applications in the industry.
Recognizing these needs can lead to the development of re-
sources that are not only more instructive but also more in-
spiring to a new generation of Computer Vision enthusiasts.

Improving the quality and applicability of educational
datasets is not merely an academic exercise; it has implica-
tions for the entire field of Machine Learning. By equipping
learners with better tools and more relatable experiences,
we can accelerate the development of skilled practitioners
who are prepared to tackle modern challenges. Moreover,
datasets that better reflect the complexities of real-world
data can enhance the robustness and applicability of Ma-
chine Learning models. This transition towards more effec-
tive educational resources is crucial for fostering innovation
and ensuring that the next wave of Machine Learning ad-
vancements is grounded in a deep and practical understand-
ing of the technology.

[UNI]101: In this work, we introduce [UNI]101, the
first publicly available dataset tailored specifically for edu-
cational use in Computer Vision, designed to resonate with
university students globally. Unlike existing educational
resources that address isolated tasks, [UNI]101 is struc-
tured to support a full-semester curriculum spanning three
core Computer Vision tasks of increasing complexity. Stu-
dents begin with image classification of 48 campus build-
ings, advance to object detection of five common campus
object classes, and progress to 3D scene reconstruction us-
ing Gaussian Splatting all within the same familiar dataset.
This graduated structure enables learners to build progres-
sively on prior knowledge while working with scenes they
encounter daily. The dataset comprises video footage of
university buildings captured at 24 FPS and 1080p resolu-
tion, annotated with both classification and object detection

labels. We additionally provide starter Jupyter Notebooks
for each task, structured as lesson plans, to facilitate initial
learning and experimentation, which has been shown to be
beneficial in a classroom environment [16].

Benchmarking & Maintaining: To demonstrate the
feasibility and effectiveness of [UNI]101, we provide
benchmarks for all three tasks within the dataset: building
classification, object detection, and 3D Gaussian Splatting
reconstruction. These benchmarks serve as baselines for ed-
ucators and researchers to assess and build upon. Addition-
ally, we propose expanding the dataset’s scope through col-
laboration with other universities, enriching it with diverse
architectural styles and increasing its variability and robust-
ness.

Contributions: In summary, we make five main con-
tributions: First, we construct, to the best of our knowl-
edge, the first Computer Vision dataset specifically tailored
to support a semester-long educational progression for uni-
versity students. Second, we provide comprehensive labels
for both image classification and object detection, allow-
ing learners to utilize a single dataset for mastering mul-
tiple core tasks. Third, we include pre-processed images
from video footage, enabling beginners to focus initially on
simpler image-based tasks before advancing to video data
processing. Fourth, we demonstrate that the same dataset
naturally extends to advanced topics such as 3D Gaussian
Splatting, providing a bridge from introductory to modern
research-level techniques. Fifth, we supplement our dataset
with documented Jupyter Notebooks that serve as structured
lesson plans, facilitating immediate, practical engagement.

2. Related Works

For this work, we focus on two separate fields of related
work: building datasets and educational datasets.
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2.1. Building Datasets

Building recognition research has leveraged datasets rang-
ing from photo-sharing platforms [46] to historic land-
marks [2—4] and architectural style classification [5, 27, 35,
40, 44]. Table 1 compares [UNI]101 with these works.
Most prior building datasets are image-only collections
sourced from the web [5, 13, 27-29, 35, 36, 40, 44-46];
[UNI]101 is instead manually captured video, combining
classification, object detection, and 3D reconstruction in
a single educational resource. Notably, Barz et al. [5]
also provide class and bounding box annotations, but their
boxes capture architectural elements linked to the class la-
bel, whereas ours define a separate object detection task.
Popular datasets such as Oxford 5k [28] and Paris [29] tar-
get content-based image retrieval rather than building recog-
nition, while Taoufiq et al. [40] and others [13, 27, 35, 44]
classify building #ypes rather than identifying specific build-
ings.

Unlike prior works that prioritize state-of-the-art mod-
els, [UNI]101 is tailored for entry-level learners, akin
to MNIST [21] and Caltech101 [12], which remain
widely used despite high benchmark accuracies. While
Cityscapes [6], Open Images V4 [20], and ImageNet [7]
offer object detection or image classification, [UNI]101
uniquely combines both tasks with fine-grained building
recognition and extends to 3D reconstruction.

2.2. Educational Datasets

While a variety of datasets exist for the purposes of Ma-
chine Learning education, many of these were not originally
created with education as a primary objective. For exam-
ple, the popular MNIST dataset [21] for handwritten digit
recognition and the CIFAR datasets [19] for object recog-
nition are frequently used in educational settings, but their
initial focus was on advancing Machine Learning research.
Similarly, the COCO dataset [22] for object detection and
segmentation, while immensely valuable for learning, was
primarily designed for large-scale challenges and competi-
tions.

In contrast, there have been some deliberate efforts to
curate datasets specifically for educational purposes. The
UCI Machine Learning Repository [11] hosts a variety of
datasets suitable for teaching and learning, covering a wide
range of Machine Learning tasks. However, most of these
datasets focus on tabular data and do not adequately address
the unique challenges and opportunities presented by Com-
puter Vision tasks.

To the best of the authors’ knowledge, this work is
unique in its combination of building recognition and
distinct object detection into an introductory educational
dataset.
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Figure 2. Unique objects across the [UNI]101 dataset. The dis-
tribution highlights a common campus trend: a high frequency of
bike racks and a relatively low occurrence of electrical boxes.

Top 5 Buildings by Object Count

Bldg. 1 128
Bldg. 2 100

Bldg. 3 100

Bldg. 4 75

Bldg. 5 72

Bottom 5 Buildings by Object Count
Bldg. 44 -5 11
Bldg. 45 W 8
Bldg. 46 W 8
Bldg. 47 M 6
Bldg. 48 -1 6

0 25 50 75 100 125 150
Total Object Count

Figure 3. Top and bottom five building object counts. Larger cam-
pus areas such as stadiums contain up to 128 unique objects, while
smaller buildings include as few as 6.

3. [UNI]101 Construction

Dataset Collection. Data was collected using a GoPro Hero
10 camera, set to record at 24 FPS with a resolution of
1080p. The data collection procedure involved systemati-
cally walking around each building’s perimeter and captur-
ing all of its faces using the GoPro cameras. In total, 48
university buildings were recorded, with researchers fully
encircling each building when possible, resulting in a total
of 252,837 labeled frames. During these recordings, care
was taken to ensure that the entire building was within the
frame, along with surrounding elements such as the ground,
to facilitate the labeling of objects like bike racks and trash
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Lightpost

Lightpost
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Camera Path

Figure 4. This figure illustrates the initial setup and approach
used by the researcher during the data collection process for the
[UNI]101 dataset. Starting at the main entrance of the building and
positioned as far back as possible, the researcher began recording
to capture both the building and surrounding objects in the frame.
The recording continued as the researcher walked around the build-
ing, ensuring comprehensive coverage of the architecture and any
visible objects such as bike racks, benches, and trash cans. The
circuit was completed just short of the starting point to maintain
continuity and minimize overlap in the visual data captured.

cans in addition to the buildings themselves. This compre-
hensive approach to filming was designed to capture a wide
array of angles and perspectives, enhancing the dataset’s
utility for both object detection and building classification
tasks. Figure 4 visualizes the data collection process.

Labels. For building classification, we provide JSON
files containing the labels along with corresponding data
splits. To ensure robust model training and evaluation,
each building video was labeled at every 20th frame, with
some final frames intentionally excluded to avoid overlap
between training and testing datasets, thereby preventing
wraparound issues. For object detection, labels are format-
ted according to the YOLO [30] standard. This involves
labeling every frame of each video in a separate text file,
where each line represents an object with five attributes: the
class identifier, the center X and center y coordinates of the
bounding box, and the dimensions (height and width) of the
bounding box. This detailed labeling facilitates precise ob-
ject localization and is crucial for training effective detec-
tion models.

Interrater Reliability. To validate annotation accuracy,
we conducted an interrater reliability assessment using the
Kappa coefficient [14, 26]. Five annotators independently
labeled the same video (Forestry) without specific prior in-
structions, achieving a Kappa score of 0.80, demonstrating
strong consistency across annotators.

Object Classes. One common issue with many edu-
cational datasets is the overwhelming number of object
classes, which can complicate the learning process. To ad-

dress this, we carefully selected only five classes that are of-
ten present on campus: bike racks, light posts, doors, trash
cans, and electrical boxes. These classes were chosen for
their familiarity to university students, ensuring that the ob-
jects are easily identifiable and relatable. This focused ap-
proach not only simplifies the learning experience but also
makes it easier for students to understand how models func-
tion and to interpret their outputs. By reducing complexity,
we aim to simplify the principles of object detection and
enhance the practicality of experiments conducted with this
dataset. The overall distribution of unique objects (count-
ing only each occurrence of an object once per video) can
be seen as right-tailed in Figure 2. As expected on a col-
lege campus, there are a large number of bike racks present
(509 in total), while electrical boxes were the least present
(68 in total). Additionally, per building, we saw averages of:
bike racks (9.98), doors (7.71), light posts (6.27), trash cans
(5.30), and electrical boxes (1.42), depicted in Figure 3.

Data Annotation. The annotation process was con-
ducted using the Computer Vision Annotation Tool (CVAT).
Five object categories relevant to campus infrastructure
were annotated: light posts, bike racks, trash cans, electrical
boxes, and doors (specifically of buildings). Annotations
were performed by annotators who manually drew bound-
ing boxes around each instance of the target objects. To
ensure accuracy and consistency, the bounding boxes were
adjusted every 20 frames. Each bounding box is represented
using two points that define a square enclosing the object of
interest.

Dataset Split (Building Classification). As each video
contains a building that has been fully encircled, we needed
to be careful about how we chose to split the data. To mini-
mize scene overlap at 24 FPS, we selected every 80th frame
from each video, resulting in a total of 7,440 frames. After
pruning the frames, the average number of frames per video
is 155, with a minimum of 31 frames and a maximum of 395
frames per video. From the selected frames, we distributed
60%, 20%, and 20% of the shuffled frames per video to the
training, validation, and testing sets, respectively.

Dataset Split (Object Detection). Unlike image classi-
fication, not all buildings needed to be present in each split
for object detection. As we had 56 videos (48 buildings;
some were unable to be completed in a single video due to
fencing, overlapping the same scenes, etc.), we decided to
withhold 5 videos for validation and 5 videos for testing,
while the remaining 38 videos went into the training set. To
ensure consistency and quality, we decided to choose 10
videos for validation and testing that were a sizeable amount
of frames (~4500) and contained a good distribution of ob-
jects. For example, for the Forestry building in the testing
set, it contained 4728 frames, 10 light posts, 4 doors, 2 trash
cans, 4 bike racks, and 4 electrical boxes. Similar to Sec-
tion 3, we selected every 20th frame from each video and
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Figure 5. This figure presents an up-close view of each object type included in the dataset, along with an image featuring multiple objects.
A common theme observed throughout the dataset is the grouping of bike racks, as exemplified in image (f).

(a) View 1

(b) View 2

(c) View 3

Figure 6. Three separate views illustrate the diversity of objects found in a single video, in this case, the Computer Science Building. View
1 displays four distinct objects, View 2 features two, and View 3 highlights a grouping of multiple objects, specifically bike racks. This
demonstrates the wide variety of objects that a single building can present within the dataset.

then assigned the pruned frames to corresponding sets by
the building name. The training, validation, and testing sets
contain 7,334, 808, and 643 frames respectively.

[UNI]101 as an Educational Resource. [UNI]101 is
designed to be an accessible and valuable resource for in-
troductory Machine Learning courses. The dataset’s man-
ageable size allows for efficient training and experimenta-
tion on standard hardware, making it ideal for educational
settings. The inclusion of diverse scenes and lighting con-
ditions introduces students to the challenges of real-world
object detection, preparing them for more complex tasks.

To further enhance its educational value, we provide a
suite of Jupyter notebooks tailored for beginners. These
notebooks offer step-by-step guidance, from dataset loading
and visualization to model training and evaluation. Exten-
sive comments and explanations within the notebooks aim
to aid students in understanding the underlying concepts

and techniques. Additionally, pre-trained models will be
made available, enabling students to explore object detec-
tion without requiring extensive computational resources.

Ethical Considerations. The collection of a univer-
sity building dataset raises concerns regarding the potential
recording of students and their residential quarters. Mindful
of privacy issues, we consciously avoided capturing footage
that included dormitory buildings, thereby respecting the
privacy of students residing in these areas. Additionally,
while we made efforts to minimize recording students with-
out their consent, it was sometimes unavoidable due to the
public nature of the environments. To account for this,
the faces of all individuals shown in the dataset have been
blurred to ensure anonymity and to stop their likeness from
being used for training purposes with the dataset.
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Table 2. Baseline results for Building Classification and Object Detection tasks on the [UNI]101 dataset. Building classification perfor-
mance is evaluated using accuracy and F1 score metrics, while object detection performance is assessed using AP 509, AP 75, and mean

Average Precision (mAP).

Building Classification Baselines

| Object Detection Baselines

Model Accuracy (%) F1 Score ‘ Model APsy AP75 mAP
VGG19 89.84 0.77 Faster R-CNN  0.62 0.26 0.44

EfficientNet_V2_M 93.96 0.86 FCOS 0.42 0.14 0.28

ResNet50 96.70 0.92 RetinaNet 0.69 0.28 0.49

ResNext50_32x4d 98.63 0.95 SSD 0.53 0.18 0.35

Vit_L_16 98.35 0.94 SSDlite 0.38 0.05 0.22

Swin_V2_S 96.43 0.90 - - - -

Table 3. Per-scene 3D Gaussian Splatting results using Splatfacto
on six [UNI]101 buildings. Metrics: PSNR (dB), SSIM, LPIPS,
and rendering FPS. All models were trained on posed frames ex-
tracted via COLMAP from the original walkthrough videos.

Scene PSNRt SSIM1T LPIPS] FPSt
Building 1 26.20 0.832 0.141 87.2
Building2  29.64 0.908 0.123 94.6
Building 3 20.61 0.741 0.256 1.0

Building4  27.41 0.846 0.167 94.5
Building 5 27.25 0.834 0218 1024
Building 6 28.57 0.898 0.116 96.9
Average 26.61 0.843 0.170 79.4

4. Baseline Experiments

We conduct simple baseline experiments for both image
(building) classification and object detection, to demon-
strate the feasibility of the dataset.

4.1. Building Classification

For our building classification baseline models, we chose
to use six separate easily accessible models that are freely
downloadable utilizing PyTorch [15]. We selected the
following models: ResNet50 [18], Inception_V3 [38],
ResNext50 [42], VGG-19 [37], ViT [10], SwinS [25], and
EfficientNet [39]. During the fine-tuning process, we used
a batch size of 8, a learning rate of 0.0001, and an input
size of 224 x 224. Each image was normalized using the
mean and standard deviation of ImageNet [7]. The fine-
tuning proceeded for a maximum of 100 epochs, with early
stopping applied after 10 epochs without improvement. All
baselines were fine-tuned by cross-entropy loss. To evalu-
ate the classification baselines, we proposed to use accuracy
and F1 score (macro). The left table on Table 2 shows that
ResNext50 outperformed other baselines on both Accuracy
and F1 score.

4.2. Object Detection

The PyTorch documentation offers five object detec-
tion models, we decided to use all of them. These

models included Faster R-CNN [31], FCOS [41], Reti-
naNet [23], SSD [24], and SSDlite [32]. We used the

pre-trained weights for fasterrcnn_resnet50_fpn,
fcos_resnet50_fpn, retinanet_resnet50_fpn,
ssd300_vggle6, and mobilenet_v3_large, respec-
tively. For fine-tuning the object detection baselines, we

applied a batch size of 8, a learning rate of 0.0001, and an

input size of 256 x 256. Both SSD and SSDlite used 512 x

512 input data. As in the classification task 4.1, each image

was normalized by mean and standard deviation values of
ImageNet [8] and fine-tuned with early stopping and 100

maximum epochs. To evaluate the baselines, we employed

metrics; AP 59, AP 75, and mAP. The right half of Table

2 shows that RetinaNet outperformed other baselines on all

metrics. More detailed results for each object are placed in

Section A

4.3. In-the-Wild 3D Reconstruction

To demonstrate that [UNI]101 supports a full curricu-
lum progression, we apply Splatfacto [43], a Gaussian
Splatting [17] implementation, directly to the walkthrough
videos. Posed frames are extracted via COLMAP [33];
no additional data collection is required beyond what the
dataset already provides.

Table 3 reports per-scene results across six buildings.
Five of six scenes achieve PSNR above 26 dB and SSIM
above 0.83, with real-time rendering speeds exceeding
87 FPS. Building 3 is a notable outlier (20.61 dB, 1.0 FPS),
which we attribute to heavy foliage occlusion and limited
viewpoint coverage itself a useful teaching example of how
capture conditions affect reconstruction quality. Figure 7
shows qualitative results: ground truth frames, novel views
via camera path interpolation, and rendered depth maps that
reveal meaningful geometric structure.

Educational value. This extension enables a natural pro-
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Ground Truth

Interpolation

Depth

Figure 7. Qualitative results of 3D Gaussian Splatting applied to three campus buildings from the [UNI]101 dataset. Each row shows a
different building, with columns displaying (left to right) a ground truth input frame, a novel view synthesized via camera path interpolation,
and the corresponding rendered depth map. These results demonstrate that the same video data used for classification and detection naturally
extends to 3D reconstruction tasks, supporting a progressive educational curriculum.

gression from 2D classification to object detection to 3D
reconstruction, mirroring the arc of a semester-long course.
Because students already know the buildings from earlier
tasks, the reconstructions offer a tangible connection to
the underlying geometry, they can compare rendered views
against scenes they walk through daily. The dense 24 FPS
video provides ideal input for structure-from-motion, mean-
ing instructors can introduce multi-view geometry and neu-
ral rendering without curating a separate dataset. Variance
across scenes (e.g., Building 3 vs. Building 2) also provides
natural discussion points around data quality, occlusion han-
dling, and failure-mode analysis.

5. Discussion & Limitations

Semester-Long Curriculum A distinguishing feature of
[UNI]101 is its capacity to serve as a unifying thread across
an entire introductory Computer Vision course. In a typi-
cal semester, students can follow a structured progression:
(1) weeks 14 focus on image classification, where stu-
dents learn data loading, augmentation, transfer learning,
and evaluation using the 48-building classification task; (2)
weeks 59 introduce object detection, building on the same
imagery but now requiring students to understand bound-

ing boxes, anchor-based and anchor-free architectures, and
metrics such as mAP; and (3) weeks 1014 advance to 3D
reconstruction, where students leverage the raw video to
explore structure-from-motion, neural rendering, and Gaus-
sian Splatting. This progression is pedagogically motivated:
each stage reuses the same familiar scenes while introduc-
ing fundamentally new concepts, reducing the cognitive
overhead of switching datasets and allowing students to fo-
cus on the techniques themselves. The familiarity of cam-
pus buildings structures students walk past daily further
lowers the barrier to engagement, as students can immedi-
ately connect model outputs to their lived experience.
Additional Uses. While [UNI]101 is specifically de-
signed for academic settings, its utility extends far beyond
the classroom. With object labels for items commonly
found around university campuses and urban environments,
this dataset can be instrumental in training models for indus-
try applications or urban research. Potential areas of impact
include smart city initiatives, where models trained with
[UNI]101 could improve public safety, urban planning, and
automated maintenance tracking. Additionally, it could be
used in research for enhancing navigational and positioning
aids, as well as developing advanced surveillance systems.
The dataset’s relevance to everyday objects and scenarios
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also makes it a valuable tool for startups and technology
companies focusing on the development of real-world Arti-
ficial Intelligence applications.

Open-sourced. To foster widespread educational use,
we will publicly release all data and associated code with
this project. This openness not only allows university stu-
dents to learn using this dataset but also enables anyone
around the world to easily download and begin their jour-
ney into computer vision.

Limitations. The primary limitation of the [UNI]101
dataset lies in its current scope. The dataset is confined to a
specific geographical location, the [University] campus, and
includes only a limited set of object categories. All videos
were captured in broad daylight, limiting applicability to
other lighting conditions. For the Gaussian Splatting task,
the walkthrough-style capture provides good frontal cover-
age but limited overhead or aerial viewpoints, which may
affect reconstruction quality for rooftops and occluded ar-
eas. Adding diverse weather conditions, seasons, and times
of day would make the dataset more robust and provide ad-
ditional challenges for learners at all levels.

6. Future Work & Maintenance

In future iterations of the [UNI]101, we plan to expand the
dataset to extend its diversity and utility. This expansion
will involve collecting additional videos across the campus,
capturing a wider range of environmental conditions such
as varying lighting (e.g., nighttime, overcast), weather (e.g.,
rain, snow), and seasonal changes (e.g., foliage).

Additional Labels. [UNI]101 serves as a foundational
tool for introductory learning in object recognition, focus-
ing on simpler categories such as bike racks. To challenge
medium or advanced learners and increase the dataset’s ed-
ucational utility, future versions will expand the object cate-
gories to include more complex items like skateboard racks,
windows, and various types of signage. This enhancement
will introduce greater variability and subtlety into the object
recognition tasks, catering to a broader spectrum of skill lev-
els from beginners to intermediate learners. Additionally,
we plan to enrich the dataset with image classification labels
that indicate the age of buildings. This feature will enable
students to develop models capable of predicting a build-
ing’s age, thereby broadening their learning experience and
application skills in practical scenarios.

Collaborations. To further enrich the [UNI]101 dataset,
we envision collaborations with other universities, fostering
a richer representation of diverse campus environments. By
incorporating data from different institutions, we can ex-
pand the range of architectural styles, building types, and
campus objects, thereby enhancing the dataset’s generaliz-
ability and applicability to a broader educational context.
Additionally this will allow for more type of image clas-
sification, such as architecture style or campus name.

Model Deployment & Community Engagement. We
plan to develop tutorials for model deployment in real-
world scenarios and organize competitions where students
develop and deploy custom classification models. The
dataset will continue to serve as a resource for the Computer
Vision Club at [University], with undergraduate research as-
sistants contributing to its maintenance and expansion.

7. Conclusions

In this paper, we introduced [UNI]101, a novel dataset
comprised of video footage of 48 university buildings, bro-
ken down into 277,056 labeled images featuring a total
of 750 unique objects across 5 distinct classes. Tailored
specifically for introductory courses in Computer Vision,
[UNI]101 facilitates hands-on learning through fundamen-
tal tasks such as image classification and object detection.
The selection of objects and structures is particularly de-
signed to resonate with university students, thereby enhanc-
ing the educational experience.

To support effective utilization of this dataset, we pro-
vide comprehensive tutorials via Jupyter Notebooks, com-
plete with six baseline models for image classification and
five for object detection. These resources are designed to
aid students in not only understanding the basics of model
implementation but also in appreciating the practical chal-
lenges of Computer Vision applications. Furthermore, we
demonstrated that the same walkthrough videos naturally
extend to in-the-wild 3D Gaussian Splatting, enabling a pro-
gressive curriculum from classification to detection to 3D
reconstruction.

Our goal is for [UNI]J101 to serve not only as a foun-
dational tool for learners worldwide but also to inspire in-
novations in educational methodologies within the field of
Computer Vision. By facilitating accessible and engaging
learning experiences, we hope to encourage more students
to pursue advanced studies and careers in this dynamic field.
Looking forward, we plan to expand [UNI]101 by incorpo-
rating more diverse environments and enhancing the dataset
with additional object classes and annotations to cover a
broader range of conditions and scenarios. This expansion
will aim to increase the datasets robustness and applicabil-
ity, preparing learners to tackle real-world challenges more
effectively.
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A. Additional Results

We further break down the performance for each object
class. Table 4 shows results for two IoU thresholds (AP 59

and AP75).
APso AP.’?S
Method Lightpost Door Trash Can Bike Rack Electric Box | Lightpost Door Trash Can Bike Rack Electric Box
Faster R-CNN 0.38 0.73 0.88 0.72 0.63 0.14 0.40 0.30 0.21 0.27
FCOS 0.25 0.51 0.45 0.46 0.48 0.07 0.22 0.12 0.04 0.20
RetinaNet 0.46 0.77 0.92 0.97 0.55 0.13 0.39 0.35 0.35 0.29
SSD 0.22 0.67 0.68 0.72 0.50 0.07 0.24 0.18 0.22 0.25
SSDlite 0.22 0.52 0.41 0.46 0.21 0.04 0.06 0.05 0.03 0.12

Table 4. Object detection performance across two IoU thresholds.
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