Smart Cat Trap: Recognizing Clipped Ear Tips
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Abstract

This project uses image recognition to tell whether a
stray cat has a clipped ear tip. In TNR (Trap—Neuter—
Return), the clipped ear tip is the only visible sign that a
cat is already neutered. Our smart trap runs YOLOv7-tiny
on a microcontroller inside the cage and closes the door
when no clipped ear is detected. The current system ran at
a catshelter for about fourmonths:86.1% o0f 509 decisions
gave no valid result, and an offline re-evaluation on 111
images recognized only 19.6% of clipped ears.

From the field records we found three causes. too few
clipped-ear samples, treating a single image as complete
information, andno clear handling of insufficient evidence.
Based on the machine learning and intelligent agent
concepts of this course, we plan three improvements: more
clipped-ear samples with transfer learning, accumulating
evidence over several images, and an “undecidable”
outcome that keeps the door open. We will test them with
experiments during the semester.

1. Introduction
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Figure 1. An intact ear and a clipped ear differ only at the tip.

Motivation

Since Taiwan stopped using euthanasia to control stray
animal numbers in 2017, shelter capacity has become the
main limit [1], so reducing reproduction is now the main
approach. TNRis the most studied method with the clearest
effect on population size [2], but it only works if un-
neutered cats are caught, and the only cue in the field is
whether the ear tip is clipped (Fig. 1) [3]. A conventional
trap closes whenever a cat walks in, so in areas with long-
running TNR most captured cats are already neutered.
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Why this is hard

First, the difference is tiny: only a few centimeters at one
ear tip. Second, the classes are naturally imbalanced: TNR
clipsonly oneear,so even aneuteredcathas one intact ear,
and clipped ears are always the minority, yet they are the
only evidence of neutering. Third, a single image is
unreliable: the cat’s pose and distancekeep changing, most
images are not good enough to decide, and this is where the
current system gets stuck (Fig. 2). Existing smart traps
separate species that look very different [4] and do not
handle images that are insufficient for a decision.
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Figure 2. The current decision rule and four months of field
results.

Current problems

After a cat enters, the current system observes for about
7 s and takes about 9 images. It applies the same threshold
toevery image,countshow often a clipped ear appears, and
then releases the cat or closes the door; if evidence is
insufficient it retries, and when retries run out it lets the cat
go (Fig. 2). Over four months with two devices at a cat
shelter, 86.1% of 509 decisions gave no result, and an
offline re-evaluation on 111 imagesrecognized only 19.6%
of clipped ears.

Causes

There are three causes. First, clipped-ear samples are too
few, so the model does not learn them well. Second, the
system treats a single image as complete information. It is
a simple reflex agent that reacts to each image with a fixed
rule, but the cage is a partially observable environment
where one image cannot show the full situation [5]. Third,
insufficient evidence has no clear handling: blurry and
clear images count the same, and when stuck the system
can only retry and release, leaving no record of what went
wrong.

Our plan

Combining the course concepts with our current
progress, we plan one improvement for each cause (Sec. 2,
Fig. 3) and will adjust the details as we go.



2. Method

2.1. Model and device

Weuse YOLOv7-tiny [6] to detectthree classes: cat face,
clipped ear, and intact ear. After training, the model is
compressed to integers so thatit canrunon the RTL8735B
microcontroller in the cage, takingabout 0.7 s per image
without a server.
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Figure 3. Planned improvements.
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2.2. Plan 1: More clipped-ear samples

This follows the machine learning part of the course. We
have about 1,700 general cat photos from the web and
several hundred in-cage photos; clipped and intact ears are
labeled at roughly 1:3. We will first train on general cat
photos so the model learns faces and ears, then fine-tune
on in-cage photos (transfer learning). We will also keep
addingclipped-ear images fromthe cage and try imbalance
methods such as repeat sampling [ 7] or focal loss [8]. Data
will be split into training, validation, and test sets, and
models will be chosen on the validation set only to avoid
overfitting [5].

2.3. Plan 2: Accumulate evidence over several
images

This follows the agent design in the course: in a partially
observable environment, an agent should keep an internal
state and decide from a sequence of percepts, not from the
currentone alone (model-based agent) [5]. We will decide
in two steps. First, each image passes a quality check, for
example whether the face and ears are complete and the
confidence is high enough; failing images are ignored.
Second, the passing images are accumulated, and a
conclusion is made only when the clipped-ear evidence is

enough.
2.4. Plan 3: Add an “undecidable” outcome

This follows the utility-based agent: a rational agent
chooses the action with the highest expected utility [5].
Here the two errors have different costs: capturing a
neutered cat cannotbe undone, while a missed un-neutered
cat will come back. So when evidence is insufficient,
instead of guessing, the system answers “undecidable” and
keepsthe door open, whichis theidea ofarejectoption [9].
It also records where each case got stuck and uses this as
feedback, like the critic in a learning agent [5].

2.5. Evaluation

Following PEAS, we first define the performance
measure [5]: recall on clipped ears, not overall accuracy.
About 80% of the cats at the test shelter are already
neutered, so always answering “neutered” would still give
80%accuracy, whichmeans nothing. For the decisionrules,
we will replay the recorded images and compare the old
and new rules.

3. Expected Results

We expect three outcomes. First, with more samplesand
transfer learning, clipped-ear recall will exceed the current
19.6%. Second, the 86.1% with no decision can be split
into “images truly insufficient” and “actually decidable,”
and we will know at which step each case failed. Third,
when evidence is insufficient, the system will mark the
case “undecidable” and record why, instead of retrying and
letting the cat go. However, if the images never show the
face or ears, a better model cannot fix it. Actual numbers
and error analysis will be reported in later assignments.
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