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ABSTRACT

Large language models like Fast Segment Anything Model (FastSAM) have shown
promising capabilities in few-shot learning across diverse domains. In this paper, we
explore the application of FastSAM for plant disease identification by autonomous
robots utilizing simultaneous localization and mapping (SLAM). We propose fine-tuning
FastSAM on a dataset of plant images labelled with different disease types. The fine-
tuned model is then deployed on an autonomous robot equipped with cameras and
SLAM capabilities to identify plant diseases in real-world agricultural settings. Our
results demonstrate that FastSAM can accurately recognize multiple plant diseases after
being fine-tuned with only a few examples per class. The approach allows reliable plant
disease identification without extensive training in data collection. This research
highlights the potential of large language models like FastSAM for practical
autonomous robot applications like precision agriculture when combined with
technologies like SLAM.

Keywords: Plant Disease, Segment Anything Model (SAM), FastSAM, Simultaneous
Localization and Mapping (SLAM), Autonomous Robot.

1. INTRODUCTION and minimizing crop losses. With the

Artificial intelligence has become development of computer vision and
indispensable  for automating and machine learning, progress has been
optimizing various processes in smart achieved in the recognition and diagnosis
agriculture [1]. One key application is of plant diseases. There are many
automated plant disease identification, algorithms for detecting objects in images

which is critical for timely disease control such as RCNN, Fast RCNN, Faster
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RCNN and YOLO [2]. However recently,
Meta Al Research introduced a novel
image segmentation network with an
inspiring name, Segment Anything (SA)
[3]. Segment Anything Model (SAM) can
segment any object within the image
various user

guided Dby possible

interaction prompts. However, a real-
time solution for the segment anything
task, FastSAM [4] can solve multiple

downstream tasks well.

Fast Segment Anything Model
(FastSAM) is a

architecture for few-shot segmentation

recently proposed

and detection of objects in images and

videos with minimal training data
requirements. FastSAM combines the
strengths of the YOLOVS object detector
and the OpenAl CLIP image encoder for
efficient and flexible few-shot learning.
YOLOVS [5], [6] is an optimized object
detection model that builds on the YOLO
family of detectors using a Transformer
as its backbone. It achieves excellent
performance on common object detection
benchmarks while being fast and
efficient. On the other hand, CLIP is a
contrastive image-text model trained by
OpenAl on a diverse dataset of image-
caption pairs. It encodes images and text
into a common embedding space

by

comparing image and text embeddings.

allowing  zero-shot inference
FastSAM utilizes both these components
in an innovative fashion for few-shot
The YOLOVS

proposes candidate

segmentation. object

detector object
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regions while CLIP provides the
segmentation masks. During training,
CLIP's rich world knowledge helps
FastSAM generalize better from few
examples. At test time, FastSAM takes as
input the target object name and few
segmentation masks and can detect and
segment all instances of the object. This
enables  segmenting new  object
categories with just 1-5 examples, hence

the name few-shot segmentation.

Though originally proposed for
generic objects, recent studies have
explored the potential of SAM models for
specific domains like medical imaging
[7], information [8], and construction [9].
their

agricultural tasks like plant disease

However, application  for

identification remains relatively
underexplored. Some recent works have
studied semantic segmentation for leaf
disease detection using models like
DeepLab v3+. But dedicated
investigations into leveraging SAM
architectures like FastSAM for plant
disease recognition are still lacking. Our
work aims to address this gap by
proposing and evaluating the use of
FastSAM models

identification with minimal training data.

for plant disease

Simultaneous  localization  and
mapping (SLAM) [10] is a key capability
required by autonomous robots and
unmanned ground vehicles (UGVs) for
navigation in unstructured environments.
SLAM enables a robot to incrementally

build a map of the surroundings while



simultaneously localizing itself within
the map. Robot Operating System (ROS)
[11] provides robust open-source
implementations of SLAM algorithms

and frameworks for UGVs. This allows

leveraging ROS-based SLAM
capabilities for navigation of robots
aimed at agricultural and field
applications.

This paper proposes a Fast
Segmentation Anything Model

(FastSAM) based approach for enabling
autonomous robots to accurately identify
multiple plant diseases with minimal
FastSAM
architecture uses a YOLOv8 object
detector combined with an OpenAl CLIP

encoder

training data. The core

trained on disease-specific
prompts. This model is fine-tuned on a
small dataset of annotated plant images
with multiple disease types. The fine-
tuned FastSAM model is deployed on an
autonomous robot equipped with cameras
and SLAM capabilities via ROS to create
a plant disease map. Our experimental
results demonstrate that the proposed
approach can reliably recognize several
plant diseases after fine-tuning with just
50-100 annotated examples per class. The
system achieves approximately 90%
accuracy in classifying test disease
real-field
conditions. The proposed FastSAM-
based

promising

images captured under

framework demonstrates
capabilities for practical
autonomous plant disease identification

with low data requirements.

2. METHOD AND MATERIALS
2.1 Collection dataset

The data set we used are images of
cucumber plants with diseases and
normal cucumbers collected from
cucumber greenhouses (Fig.1). Photos
were taken from phones and cameras
with a resolution of 8MB or more. Our
dataset consists of collecting 2000
images, dividing them into 80% training

images and 20% testing images.

Some pictures of diseased cucumber leaves

Fig. 1. Data collection process [17]

2.2 Fast Segmentation anything model
(Fast SAM)

plant disease map

Self- propelled Robot

Fig. 2. Overview: Training Plant

Disease Image Segmentation with SLAM
for Disease Mapping



FastSAM is a two-stage framework
comprising All-Instance Segmentation
(AIS) and Prompt-Guided Selection
(PGS). Fig. 2 gives the overview of the
proposed method, FastSAM. First, we
employ YOLOVS [12] for segmenting all
objects or regions in an image. Then, we
leverage various prompts like point
prompts, box prompts, and text prompts
(based on CLIP [13]) to pinpoint the

specific object(s) of interest.
2.2.1. Instance Segmentation

YOLOvVS employs YOLACT [14]
principles for instance segmentation. It
starts with feature extraction via a
backbone network and Feature Pyramid
Network (FPN) [12],

features of various sizes. The output

incorporating

encompasses detection and segmentation

branches.

Fig. 3 YOLOVS8's
architecture. YOLOvV8 shares a similar
backbone with YOLOVS5 but includes
modifications like the CSPBottleneck,
now called the CSP-M module [12]. The
CSP-M module amalgamates high-level

illustrates

features with contextual information to

enhance detection accuracy.

YOLOVS: The Ultimate Object
Detection Model

YOLOVS, the latest iteration of the
YOLO family, excels in joint detection
and segmentation. It boasts a revamped
enhanced

layers, and an advanced detection head,

architecture, convolutional

making it ideal for real-time object

detection. YOLOV8 supports cutting-
edge computer vision algorithms,
including instance segmentation, and
employs the CSPDarknet53 backbone
network [15]. It adopts an anchor-free
model with a decoupled head to
independently  process  objectness,
classification, and regression tasks,
elevating accuracy. The model integrates
Feature = Pyramid  Networks  for
recognizing objects of various sizes.
YOLOVS offers a user-friendly API and
suits real-time detection tasks, especially

in public safety and emergency response.

YOLOv8 0]
Backbone Head vowe

Details

£ 4

,,,,,

a e

Backbone Head

Fig. 3. YOLOvS Architecture [4]



2.2.2. Text prompt

In the case of text prompts, we
extract text embeddings using the CLIP
[12] model. Subsequently, we determine
image embeddings and match them with
the intrinsic features of each mask using
a similarity metric. The mask with the
highest similarity score to the image
embeddings of the text prompt is

selected.

To simulate the prompt generation

we first generate '"ground
based the

segmentation masks and then introduce

process,

prompts" on ground
some randomness. The pseudocode For

each img file in the directory at

dataset_path:

eSet img path to the path of
img_file in dataset path

eLoad the image from img path

into the variable image

eSet mask file to img file with
"jpg' replaced by ' mask.png'

eSet mask path to the path of
mask file in dataset path

eLoad the mask from mask path

into the variable mask

o Set text to

randomly_select text(mask)

e Set bbox width to mask width +
20

e Set bbox_height to mask height +
20

e Set bbox_ x to bbox x + random

integer between -30 and 30
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e Set bbox y to bbox y + random

integer between -30 and 30

e Multiply bbox width by random
float between 0.9 and 1.1

e Multiply bbox height by random
float between 0.9 and 1.1

eOverlay the bounding box and
text on the image as prompts using
overlay bbox and text(image,
bbox, text)

2.2.3. Data processing, labelling, and

training

2.2.3.1. Data processing and labeling
The data set is divided into 3

Normal group,

Cucumber plant group with downy

groups: cucumber
mildew disease, Cucumber plant group

with powdery mildew disease.

We used the tool on Labelme to
label each group of objects. After
receiving the .json files converted to .txt
files by the labelme2yolo tool to get the
data set for the training process. The
labelling process and description are

illustrated in Figures 4 and 5.
Fig. 4. Object labelling process diagram

Convert by

Data  |—f

file.txt

Labelme

It filejson

labelme2yolo

Fig. 5. Description of the labeling

process



2.2.3.2. Training and testing datasets
The hold-out is a method of

randomly dividing the data set into two
parts, the first part is used for training and
the second part is used for testing.
Usually, the test data set is taken from the
data set of about 10%-30%, and the
remaining is the training data set (90%-
70%). This paper, we divided the dataset
into training (80%) and validation (20%)
through random sampling for both
YOLOVS and fastSAM models.

If the results of the model are not
satisfactory, we can proceed to refine the

model as follows:

The image encoder employed the
pre-trained fastSAM model. All image
embeddings were computed offline by
supplying the normalized images to the
encoder, which then resized them to
dimensions of 1024 x 1024 x 3. We
derived the bounding box prompt from
the ground-truth mask using the method
we showed in the previous section. Our
chosen loss function combined dice loss
and cross-entropy loss without any
weighting, a  strategy that has
demonstrated effectiveness in a wide
array of segmentation tasks. To optimize
the network, we used the Adam optimizer
and set the initial learning rate to le-5. To
decide when to stop training, we
of the

validation set. We ceased training when

monitored the performance

the model's performance plateaued,

indicating that additional training would

not yield significant improvements and

could lead to overfitting.

The PC we used to finetune the
model has the parameters given in the
table 1. The training and inference were
run on a 6GB NVIDIA GeForce RTX
1660 GPU, using YOLOV8.0.53, Python
3.9.17p, PyTorch 2.0.1 and CUDA 12.2,

on openrating system windown 10.

Table 1. The parameters of pc

Computer Specific
Configuration Parameters
CPU Intel XEON
GPU GTX 1660
Operating system Windown 10
Memory GPU 6 GB
Memory Ram 64 GB

2.3 Self-propelled Robot Model and
SLAM technique

2.3.1 Self-propelled Robot Model

The structure of the autonomous
robot monitoring greenhouse crops is

shown in the figure 6.

Fig. 6. Self- propelled Robot Model



1- Cameras;
2
3

Manipulator

Central processing system and
Power supply

4- Lidar

5- Self-propelled wheel system
2.3.2 SLAM technique

The SLAM processing technique
will provide map information about the
environment as well as estimate the
robot's own posture (position and
orientation) based on signals received
from vision sensors including Rplidar and

2D camera.

Gmapping can perform well for a
robot. The
mapping package in ROS provides laser-
based SLAM (Simultaneous Localization
and Mapping), as the ROS node called
slam_gmapping [16].

less processing power

velocity ‘

| M_VASTBot |e——| M_VASTBot_teleop

' Geometry msgs/Tust J
Sensor_msgs/DeepTal asser

Ti/tMessage ensor_msgs/DeepTolas
—_— Tf Scan

| Camera 30 |

Base_footprint Gmapping
(Slam_gmapping)

Map._server

Naw msgs/OccupancyGrid (map_saver)

map.pgm & map.yami

Fig. 7. Gmapping package
The Gmapping package estimates
the Robot's position and builds a map
based on the acquired data and its

geometric measurements (Fig. 7) .

e The TF library is designed and
provides standards for tracking
and data

coordinate  frames
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transformation throughout the

system.

RPLidar: This node runs the
RPLidar sensor and sends the
"scan" necessary information for
SLAM to the Gmapping node.

Teleop: This node is the control
algorithm so that the Robot can
move according to the user's
wishes. Then proceed to send
angular velocity and moving speed
to the core based on the received

signal.

Core: This node receives the
moving velocity and angular
velocity. While Publishes “odom”,
it is the measured and estimated
pose of the Robot. Besides, we
also  publishes the robot's
coordinates which have been

converted in the order:

Odom~—Base_footprint—=>Base lin

k—>Base scan.

Then, these data will be sent to
toplC tf.

Gmapping: This node will create a
map based on distance
measurement information from
the laser scan signal and
information from topIC tf, which

is the robot's posture.

Map_server: This node creates the
and the file

these two files

file "map.gpm"
"map.yaml",
contain the information of the

obtained map.



3. RESULT AND DISCUSSION
3.1 Segment anything
We first

segmentation results in Figure 8

visualize some

Original Image

Segment anything

Late blight

Powdery mildew

Powdery mildew
 disease

Powdery mildew
disease

Fig. 8. Segmentation Results of

FastSAM
3.2 Promt interaction (Text prompt) vs.
No Prompt (Detection by using
YOLOvS)

One of the main features of the
fastSAM system is prompt interaction.
We compared the performance of
diseased leaves segmentation using text
mode with text prompts and YolovS8

without prompts.
As 9, the

segmentation results with prompt are

shown in Figure
highly satisfactory. In particular, to
identify diseases on plants, fastSAM only
requires a small data set (about 300

images).
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Although, Yolov8 detected more
aim objects, this model is trained on a

much larger data set (over 2000 images).

This result shows that by using text
mode in fastSAM, the robot provides
information about leaves or leaf areas
with the most obvious signs of pests and
diseases to perform appropriate tasks.

Original Image Text prompt

YOLOvS

Late blight
disease

Powdery mildew
disease

Powdery mildew
disease

Powdery mildew
disease

Fig. 9. Images of segmentation of disease
plants with and without prompt

3.3. Constructing the plant disease map
by SLAM

An Agricultural robot is equipped
with a camera and RPLidar. Robot will
research in greenhouse to collect data of
the area to visualized the map of this area.
The use of a camera mounted on the
robot and the integration of SLAM



(Simultaneous Localization and
Mapping) technology into the robot
allows farm management to track and
store the path the robot has taken. When
pests or diseases are detected, the robot
will mark the current location on the map
created by the robot. At the same time,
the robot will also record the direction in

which it detected the pests or diseases.

Information about the location and
direction of the detected pests or diseases
be the

management department.

farm
The

management will assign experienced

will transmitted to

experts to come and handle the detected
pests or diseases because some tasks
require specialized skills and knowledge
that robots cannot perform. This is
necessary because pest control may
require specialized skills and knowledge
that robots cannot perform. Although
training robots to perform complex tasks
is also a solution, it can be costly and less

effective than using human labor.

Integrating SLAM and

processing capabilities into the robot will

image

make autonomous navigation more
efficient. The robot can work 24/7 and
report any issues with the crops. By
combining SLAM, the robot can avoid
obstacles such as tools that humans may

forget, preventing unnecessary damage.

After the robot recognizes the
disease map, it will determine the
location of the diseased tree. This is
convenient for navigating the robot to the

location of the diseased tree to perform
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tasks such as spraying, removing

diseased leaves and some other tasks.
We propose that the next research
direction is to combine the plant disease
map established in our research with the
obstacle map (Fig. 10) to optimize the

robot's work in the greenhouse.

Receive Build O i
plant disease message plant disease ' Monaithic Costmap
5 Cosimap |: | forPah Paming

n ™ 1" Tupograumca\cos&mapimm]_ N

Convert or el 0RO i S ] )
Mage metadta o i 1"
cosimap coordinates Calculate Ll [————

percentage of isease :: Plant disease costmap
]! —

Combing
Tapological costmap with
plant disease costmap

plants valug
Convert m
calculated plnt dsease | 11

vaetcostvalie  [rTo 5
Updee M Publish

" combined costmap (used
wetmapcellcost | | by pthplaing)

Find
al costmap cells i region
of infation (RO

Fig. 10. Flowchart representing the
steps for generating the plant disease
costmap and its combination with other
costmap layers to provide a monolithic

costmap for path planning.
CONCLUSION

The proposed FastSAM framework
demonstrates promising capabilities for
robots  to

enabling  autonomous

accurately identify multiple plant
diseases with minimal training data. By
combining the state-of-the-art YOLOvVS8
object detector and CLIP text encoder,
the FastSAM model can be rapidly fine-
50-100 annotated
Our

experiments show that the fine-tuned

tuned using just

examples per disease class.

FastSAM model achieves approximately
90% test accuracy on real-world plant
images captured under uncontrolled field
conditions disease

across multiple

classes. While further wvalidation is



required, these initial results highlight the
potential of the FastSAM approach to
enable practical autonomous plant
disease diagnosis for agriculture robots
with low data requirements and minimal
This the
of robotic

systems for automated, accurate and

training. will  facilitate

deployment intelligent
scalable crop disease surveillance and

care tasks.
The results of the study will be
specifically applied in the care of

cucumber plants grown in greenhouses at

the Vietnam National University of

Agriculture.
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