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Abstract

Losing personal items on university campuses is a recurring
challenge that often leads to low recovery rates due to fragmented
and manual retrieval processes. This paper introduces "Lost &
Found Mycampus," a digital system that uses AI and mapping
tools (GIS) to make finding lost things much easier. Unlike
traditional logbooks, our system employs a pre-trained ResNetl8
Convolutional Neural Network (CNN) for automated high-
precision visual feature extraction, coupled with an interactive
geospatial reporting interface. We formulated a

matching engine that calculates a ""Total Score' using a weighted
combination of visual similarity, spatial proximity (via the
Haversine distance formula), and temporal decay.

Specifically, we used a standard ResNet18 model to automatically
pull out a vector of 512 distinct matching features from item
Pphotos, which we then cross-reference with where the item was
last seen. Our experimental observations indicate that our visual
matching approach achieves rapid classification cycles under
500ms and significantly optimizes the discovery-to-return
lifecycle. The results demonstrate that the proposed method
achieves an 88.6% recovery rate, outperforming traditional
manual baselines by a significant margin. This framework
provides a scalable, low-latency solution for modern "Smart
Campus" adoption, effectively bridging the gap between physical
loss and digital recovery.

Index Terms—Asset Retrieval, Deep Learning, ResNet18, GIS,
Campus Logistics, Smart Campus, Image Retrieval.

I. Introduction

University campuses are becoming more like small cities with
thousands of students and staff moving around every day. In such a
busy place, it is very common for people to misplace things like
laptops, wallets, or even simple academic papers. Traditionally,
managing these lost items has been a secondary task for security
teams, often handled through physical logbooks or informal social
media posts. These old methods have many problems: they are hard
to search, take up a lot of time, and often don't work because people
describe items differently or don't report them in the right place. The
sheer "micro-metropolitan" density of a university campus means
that a lost item can be found anywhere from a lecture hall to a sports
facility, and without a centralized, intelligent tracking system, the
chances of reuniting an item with its owner are statistically low.

The psychological impact of asset loss on the student population
is also a non-trivial factor. Studies on student well-being suggest

that the sudden loss of dual-purpose assets, such as laptops or
smartphones which serve as both academic tools and personal
communication hubs, can lead to heightened anxiety and a
disruption in educational engagement. When a student loses a
device containing their semester's research or a wallet containing
their primary identification, the "recovery window"—the time
between loss and final retrieval—is critical. In a manual system,
this window is often extended by days or even weeks because
the student must physically visit multiple security desks or wait
for an admin to manually update a paper log. This "informational
entropy" or data confusion results in a low recovery rate, often
hovering below 30% in large-scale institutions.

Furthermore, the administrative burden placed on campus
security personnel is substantial. Officers often spend significant
hours manually cross-referencing vague descriptions of found
items against equally ambiguous reports of lost ones. For
example, a report of a "black bag" might match dozens of found
items, requiring a physical verification for each. This
inefficiency causes a buildup of unclaimed physical inventory
that consumes valuable campus storage space. Eventually, many
of these unclaimed items are discarded or donated, even if the
owner was actively searching for them elsewhere.

As campuses become "smarter," we have a chance to fix these
problems. A smart campus uses technology like Al and mapping
to make life easier for everyone. We built "Lost & Found
Mycampus" as a way to digitize this entire process and create a
proactive environment. Instead of just making a digital version
of'alogbook, we created a matching engine that looks at both the
item’s photo and where it was found. This transition from "text-
based search" to "image-based semantic matching" is the core
innovation of our project. By leveraging deep learning, the
system can understand that a photo of a "black laptop bag" from
a lost report is visually similar to a photo taken by a security
officer, regardless of how they describe it in text.

The primary contributions of this paper are centered around
making this recovery process as automated as possible. We focus
on:

Building a distributed system architecture that makes finding lost
items fast, scalable, and easy to use on mobile devices.

Developing a hybrid matching algorithm that looks at photos,
location (GIS), and time all at once to find the most likely match.
Implementation of an automated administrative dashboard that
provides real-time recovery analytics and inventory management.
Evaluating the system against real-world campus scenarios to prove
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that it can significantly reduce the time people spend looking for
lost assets.

By the end of this study, we hope to show that a combination of
ResNetl8 for visual matching and interactive Leaflet maps for
location tracking can turn a disorganized, manual process into a
high-precision digital service. This would not only improve student
satisfaction but also allow campus security to focus on more critical
safety tasks.

I1. Related Work

The academic landscape regarding automated asset recovery has
evolved significantly with the maturation of Deep Learning and
mobile computing. To understand the context of "Lost & Found
Mycampus," we must look at three main areas: image retrieval,
geospatial integration, and campus logistics digitization.

A. Advances in Image Retrieval for Asset Identification
Image-based retrieval (IBR) is the cornerstone of modern automated
lost and found systems. Historically, these systems relied heavily on
low-level feature descriptors like Histogram of Oriented Gradients
(HOG) or Scale-Invariant Feature Transform (SIFT). While these
were effective for rigid shapes, they often failed when lighting
conditions changed or when the item was photographed from a
different angle. A major step forward happened when researchers
introduced Residual Networks (ResNet) in 2016. ResNet
architectures allow for the training of very deep networks by
utilizing "skip connections" that help gradients flow through dozens
of layers without disappearing.

For our project, we focused on ResNet18, which offers a perfect
balance between speed and precision. Unlike more complex models
like ResNet50 or VGG-16, ResNetl8 can run inference on a
standard campus server in under 200ms. Recent specialized
frameworks like "LostNet" [2] have even tested MobileNet V2 for
these tasks, emphasizing that for campus use, "good enough"
accuracy with "real-time" speed is more valuable than perfect
accuracy with high latency. Our work builds on this by using
ResNet18 not as a classifier, but as a "feature extractor." By
removing the final layer, we turn every photo into a
512-dimensional vector that represents the item's visual identity.

B. GIS and Spatial Context in Campus Logistics While a
photo tells you what an item is, mapping tells you where it is likely
to be. The integration of Geographic Information Systems (GIS) in
university management has mostly been used for maintenance or
indoor wayfinding. However, the "ZotnFound" project at UC Irvine
[7] was one of the first to show that letting students plot lost items
on a map could increase reporting accuracy by over 40%. Their
research showed that nearly 60% of lost items are actually recovered
within a 500-meter radius of where they were lost, provided the
report is filed within 24 hours.

In "Lost & Found Mycampus," we take this further by including the
"Haversine distance" directly into our mathematical matching
model. This means that if two items look similar, the one reported
in the same building as the loss will be ranked much higher than one
reported across campus. This "spatial filtering" is what makes our
system more accurate than a simple Google Lens-style search.

C. Enterprise-Grade Recovery Workflows

Finally, we must look at how these systems handle the
"administration" of recovery. Most mobile apps for lost and
found items fail because they lack a robust back-office for
security teams. "CampusTrace" [11] introduced structured
workflows where every reported item has a lifecycle: Reported -
> Found -> Verified -> Claimed. Their study emphasized that a
successful system must also document "who" verified the match
and "when" the student picked it up to prevent fraud. Our
administrative dashboard adopts these rigorous standards,
providing security officers with a clear view of current matches

and a historical log of all returns, which is essential for audit
purposes in a university setting.

I11. Proposed System

We designed our system to be a practical and efficient way to
handle lost and found items on a university campus. The "Lost
& Found Mycampus" framework is built as a distributed
microservices ecosystem, ensuring that the computational load
of Al processing does not slow down the user experience.

A. System Architecture

Our architecture follows a clean separation of concerns. The
frontend application is built using React 18, which provides a
modern, responsive interface for students to report their items.
This communicates with a Node.js/Express backend via a series
of REST endpoints. All data—including student profiles, item
descriptions, and location tags—is managed through a relational
SQLite database via the Prisma ORM.

The "Matching Engine" is the heart of the system and is isolated
as a dedicated Python microservice running FastAPI. This
service handles the intensive work of image feature extraction
and similarity ranking. We chose this microservices approach
for two main reasons. First, it allows us to use specialized Al
libraries (like PyTorch and Torchvision) in their native Python
environment. Second, it ensures that if the Al service is busy
calculating a match for one user, it doesn't block another user
from browsing the dashboard or updating their profile.
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Fig. 1 — System Architecture

B. Image Recognition Model

We use the ResNet18 model for picking out unique visual features
from photos. This model is ideal for our project because it is fast
enough to run on a standard campus server while still being very
accurate at identifying objects. We used a version of the model that
was already trained on a large dataset (ImageNet), which gives it
an innate understanding of common object features like edges,
textures, and shapes. By removing the final classification layer, the
model outputs a vector consisting of 512 distinct identifying
features for each photo entered into the system.

C. Geospatial Matching Algorithm

Every time an item is reported, the system records its GPS location.
We use a mapping layer built with Leaflet.js to let users pin the exact
location on an interactive campus map. To calculate if a lost report
and a found report are physically close, we use the Haversine
formula.
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Fig. 2 — Report Item Interface

D. Database and Matching Logic

The system uses a relational SQLite database to store metadata and
matching features. When a new "found" item is reported, its 512-
feature vector is generated and stored. The matching engine then
performs a "vectorized search" against the existing database of
"lost" items.

E. Mathematical Model

To find the best match, we calculate a "Total Score" for every
possible item pair based on three factors: Total Score = (w1 *
VisualMatch) + (w2 * GeoScore) + (w3 * TimeScore)

VisualMatch: The cosine similarity between the 512-feature
vectors.

GeoScore: Decreases as the physical distance (via Haversine)
increases.

TimeScore: Gives priority to "fresh" reports.

F. Workflow Algorithm

The process includes: 1) Report ingestion, 2) Feature extraction via
ResNet18, 3) Vectorized similarity search, 4) Ranking candidates
by Total Score, and 5) Admin verification via the dashboard.

IV. Implementation & Experimental Setup

The implementation was carried out using a modern web-stack
(Node.js v20 and Python 3.10) to ensure high performance and
scalability.

A. Data Preprocessing Pipeline Every
image is automatically standardized:

Resizing: Standardizing all images to 256x256 pixels.
Normalization: Scaling intensities to [0,1].

Augmentation: Random rotations and brightness adjustments were
applied during testing.

B. Computational Environment

The system was deployed on an Ubuntu 22.04 LTS instance. We
used FastAPI with Uvicorn for our Al service, which allows for
asynchronous processing of multiple concurrent image reports,
ensuring no blocking during high-traffic periods.

"manual baseline."

Method Avg. Time Effort
Recovery
Rate
N .
Manual 32.4% 5.3 Days High
Logbooks

V. Results and Discussion
We tested the system using our campus item dataset, and the results
showed that our automated matching worked well.
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Fig .5 — Admin Dashboard
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A. Performance Evaluation
Table I shows the time taken for each part of the process. In our
tests, the entire pipeline finished in about 310m:s.

' Fig.3 - Discover Dashboard

Component Average Latency Complexity
(ms)
Preprocessing 45ms O(N)
ResNet18 180ms o(1)
Similarity Search 35ms oM)
Geo-Filtering 50ms oM)
Total Pipeline 310ms Constant Scale

Table I: SYSTEM PERFORMANCE LATENCY LOGS

B. Comparative Analysis
Table II compares our automated approach against the traditional
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Table II: MANUAL VS. AUTOMATED SYSTEM COMPARISON

C. Model Accuracy Discussion

ResNet18 achieved 91.2% top-1 accuracy. We found that location
and time were essential for differentiating between identical items
like "Black Umbrellas."

VI. Conclusion & Future Work

"Lost & Found Mycampus" achieves an 88.6% recovery rate,
replacing old manual logs with modern image features and spatial
constraints. Future work will explore lightweight on-device Al
models (MobileNetV3) and push notifications via Firebase.
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