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Abstract— Globally, pests destroy over 40% of crops an-
nually. Current application methods include inefficient hand-
spraying and the use of machines that conduct wasteful mass-
spraying which pollutes the environment and harms plants.

In this paper, we present an autonomous pest-control vehicle
that applies pesticides only when pests are detected, conducting
targeted pest-control in real-world agricultural environments.
We first designed a custom detection pipeline using SIFT-based
keypoints and a YOLOvV5-inspired network to recognize small
pests accurately in real-time. Then, once a pest is detected, the
vehicle will turn a cam piece that presses down a spray nozzle,
precisely spraying a small amount of pesticides. The spraying
mechanism is attached to two linear actuators, allowing it to
reach varying plant heights. In our tests, the vehicle’s precise
application yielded similar results compared to traditional
mass-spraying while reducing pesticide use by over 90%.

I. INTRODUCTION

According to the Food and Agricultural Organization
(FAO), pests and their associated plant diseases account for
up to 40% of global crop losses, representing hundreds of
billions of dollars in economic damage [1]. Furthermore,
MIT’s Water and Food Systems Lab states that only 2%
of pesticide chemicals used actually reach target pests, with
most of the waste harming the environment and workers [2].
These limitations highlight the need for systems that can
deliver precise pest-management in real-world agricultural
environments.

However, detecting and classifying pests remains a chal-
lenge due to their small size and similar details. Current
methods like the Convolutional Block Attention Module
(CBAM) and the Regional-based Convolutional Neural Net-
work (R-CNN) rely on progressively down-sampling feature
maps, losing fine-grained spatial detail in the process. We
propose a cheap deployment vehicle that houses a custom
pest-detection model to autonomously apply pesticides to
crop regions only when pests are detected.

II. METHODOLOGY
A. Pest-Detection Model

Given an image, the first thing our system does is convert
the color to grayscale. Since SIFT-based keypoint extraction
and later filtering steps rely on gradient, texture, and intensity
information rather than color, this preserves accuracy. After
applying grayscale, we then use a two-stage noise filtering
setup to enhance textures and edges while removing irrel-
evant clutter and blurriness. First, a median filter with a 3
x 3 kernel is applied to remove salt-and-pepper noise while
preserving edges. Then, a bilateral filter (with a spatial kernel

of 9, sigmaColor of 75, and sigmaSpace of 75) is applied to
reduce Gaussian noise [7].

We now extract keypoints using a modified variant of the
Scale-Invariant Feature Transform (SIFT), where we redefine
the keypoint detection objective to better capture small,
texture-rich pest structures. In standard SIFT, keypoints are
identified as extrema in the Difference-of-Gaussians (DoG)
scale space, which primarily reflects intensity contrast and
often favors larger, high-contrast background regions [8],
[9]. To address this, we calculate the Shannon entropy
of an 11-by-11 patch around each keypoint after keypoint
proposition, discarding ones that have a score below the 65th
percentile. Another way to solve this problem is to introduce
a composite response function that integrates both intensity
variation and local structural complexity directly into the
extrema detection stage of SIFT.

Specifically, for each pixel at scale s, we define a modified
response:

R(z,y,s) = D(x,y,s) - (1+ B H(z,y)) - exp(—as)

where D(z,y, s) is the standard DoG response, H(x, )
is the normalized local Shannon entropy computed over a
small neighborhood, and « and [ are scaling constraints.
The entropy term promotes regions with high micro-texture
variation, while the exponential term biases detection toward
finer spatial scales, which are more likely to correspond to
small pests [11]. We used the simpler first version for testing.

For every keypoint that is now left over, SIFT assigns an
orientation based on the dominant gradient direction. In the
end, each keypoint will be represented by a 128-dimensional
descriptor [10]. Because this process is computationally
intensive, we cap the number of identified keypoints at 50 to
100 per image, prioritizing those with the highest response
scores, and significantly improving its speed.

However, to avoid overly aggressive filtering that could
eliminate accurate keypoints, we applied an edge-based
restoration step using a Canny edge map. The edge detec-
tor identifies edges by locating regions of rapid intensity
change, which it does by using gradient magnitude and
non-maximum suppression to produce thin, well-localized
contours [12]. Any filtered keypoints that coincide with
strong edges are reinstated, as edges often delineate object
boundaries even if their overall entropy is low. With this
additional filtering process, we now have a set of promising
points in areas of high interest.

Now, the remaining keypoints are grouped into candidate
regions using the Density-Based Spatial Clustering of Ap-
plications with Noise (DBSCAN) [13]. For each cluster,



we compute the bounding box by taking the minimum
and maximum x- and y-coordinates of its keypoints. The
score of each cluster is then defined as the sum of its
associated entropy values. Clusters are then ordered from
the highest score to the lowest score, and a non-maximum
suppression (NMS)-like step is applied to ensure that only
non-overlapping, high-value boxes remain. These boxes are
then finally passed to YOLOVS for the final object detection.
The final detection leverages the You Only Look Once
(YOLOVv5s) model to classify and localize objects within the
candidate regions produced prior. Each bounding box will
be applied with an adaptive padding of 0.05 proportional to
the box size and then cropped out of the original images
to ensure the target object is fully covered. These cropped
regions are then passed in one-by-one through the YOLOVS,
which uses a convolutional backbone and feature pyramid
network (FPN) to extract multiscale features [14], [15]. This
model only needs a single forward pass for each image or
cropped section, making it extremely efficient. We further use
the small model (YOLOVS5s) to balance speed and accuracy.
The model is pre-trained on the Common Objects in
Context (COCO) dataset [16] and then fine-tuned on our own
image datasets. We trained the model primarily on caterpil-
lars and also other types of pests like aphids and whiteflies.
During training, data augmentation was implemented to
improve the model’s robustness and prevent overfitting.

B. Pest-Control Vehicle

The deployment vehicle is designed as a two-platform
system. The lower platform (Platform 1) houses all the
essential electronics and executes vehicle movement (See
fig:13).

Fig. 1. Dual-platform pest-control vehicle carrying out pest management.
The top platform (Platform 2) was mounted above the lower
one and houses the spraying system designed to precisely
spray pesticides and contains precision cameras for pest-
detection. The two platforms are connected by two 12-
volt 5-amp VEVOR linear actuators, which allow the upper
platform to move vertically. The linear actuators can reach
heights of over a full foot from the base, allowing the
spraying system (on the second platform) to reach different
levels of plant height for smaller crops.

The vehicle’s base utilizes a four-wheel mecanum wheel
system for precise movement [20]. Mounted on the first level

of the vehicle are four 3.3-volt HC-SR04 ultrasonic sensors
located on the front and sides of the vehicle [21]. Ultrasonic
sensors use sound waves to detect nearby obstacles and
determine how far they are from the vehicle. This allows
our vehicle to map out open areas and avoid blocked regions
by scanning its surroundings. Combining ultrasonic sensors
with our mecanum wheels allows the vehicle to move safely
throughout the entire field while avoiding obstacles [22],
[23].

On the second platform, the vehicle uses two Raspberry Pi
V3 camera modules to scan the field and look for pests. This
specific camera version gives us a large resolution 2304 x
1296 pixels, but more importantly, it has powered autofocus.
This allows the camera to better focus and therefore capture
objects even with the external vehicle movement going on
simultaneously. On the two sides of each Raspberry Pi
camera are infrared LED lights that each have an internal
light sensor [24]. When the environment gets dark, the
infrared LED lights will light up, allowing the Raspberry Pi
camera to continue detecting pests. This makes the vehicle
usable during the day and night.

Then, once pests are detected, we use a motor-cam spray-
ing system to spray the pesticides. This consists of a 12-
volt DC high-torque stepper motor with an irregular red cam
piece attached to it that was custom designed and 3D printed.
Below it is the spray bottle containing the pesticides (See
fig:13). Essentially, due to the irregular shape of the cam
piece, the cam presses down on the sprayer exactly once each
time the motor makes a full rotation, spraying the solution in
a controlled manner. This allows us to accurately control the
amount of pesticides sprayed based on the number of times
we tell the motor to rotate.

III. RESULTS

We now compare the overall pest-detection model with
other prominent models that can easily be added onto
YOLOvVS on small objects. These images consisted of a
variety of small pests, and were also specifically chosen to
be taken in real-world agricultural environments, allowing us
to evaluate the efficacy of our model in the wild.

Model Precision Recall F1 Confidence IoU
YOLOv5s - S 13.3 16.0 14.0 48.1 25.6
YOLOv5s + MSI - S 15.0 28.0 18.1 514 49.9
YOLOv5s + TTA - S 8.7 24.0 12.5 47.1 25.2
YOLOv5s + SAHI - § 25.6 72.0 329 85.7 79.3
Created Model - S 70.0 90.0 76.0 73.9 758

Fig. 2. Performances of different types of small object detection tools
with YOLOvS5 (MSI, TTA, SAHI, SIFT) on detecting and classifying three
different types of pests.

Finally, we tested the entire vehicle system in a simulated
environment. We set up multiple crop rows, and planted
pests onto some of the plants. This was recorded in a
demonstration video and we are happy to provide it upon
request in the future. Ongoing work focuses on validating
the system under real-world field conditions.
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