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Abstract

Weed infestation is a persistent problem in agriculture, par-
ticularly in organic farming, where chemical herbicides are
restricted and manual weeding is labour-intensive and costly.
Accurate and automated weed identification is therefore criti-
cal for sustainable crop management, yet conventional detec-
tion and segmentation models demand extensive annotated
datasets, making large-scale deployment impractical. To ad-
dress this, the present study introduces a zero-shot instance
segmentation framework that integrates the YOLO segmenta-
tion model with the Segment Anything Model (SAM). YOLO
generates precise bounding boxes for weed regions, which
SAM then refines to produce high-quality masks for accu-
rate weed density estimation. This cooperative approach com-
bines YOLO’s strong localisation with SAM’s fine-grained
segmentation, achieving robust results even with minimal an-
notated data. The proposed framework significantly reduces
annotation and computational costs while maintaining high
accuracy, offering an efficient and scalable solution for preci-
sion weed management in agriculture.

Introduction
Weed identification in agriculture has become increasingly
vital, especially given the global challenge of feeding a pro-
jected population of 10 billion by 2050 (United Nations
Environment Programme 2024). Farmers face a significant
challenge from the widespread proliferation of weeds, which
causes substantial annual losses. Weeds compete with crops
for essential nutrients, water, and sunlight, significantly re-
ducing yields. Effective weed management strategies tradi-
tionally relied on understanding weed biology to cultivate
crops with minimal weed interference. However, due to the
uncertainty of weed locations, the indiscriminate application
of herbicides across entire fields poses risks to crop yields
and the environment.

By identifying specifically weed locations, farmers can
implement targeted management strategies that reduce the
use of broad-spectrum herbicides. This approach lowers
costs and minimises environmental harm, promoting sus-
tainable agricultural practices. Organic farming provides
eco-friendly, sustainable methods, though it requires consid-
erable effort to maintain crop health (Krause et al. 2024; Ey-
horn et al. 2019). Controlling weeds remains one of the sig-
nificant challenges in organic agriculture. Automation offers

a solution that can significantly enhance sustainable organic
farming practices to a great extent.

Weeds pose a significant threat to organic farming, and
their timely identification is crucial for enhancing yield pro-
duction. Manually identifying weeds becomes a tedious task
when fields are large. Automation can significantly assist in
weed identification through machine learning models. These
models can quickly identify weed species and their areas in a
field, allowing for accurate estimates of weed density. Farm-
ers can focus solely on effective remedies to control weeds
with this information.

Over the past decade, deep learning models have achieved
remarkable success in various fields, including computer
vision, healthcare, cybersecurity, and others (Ahmed et al.
2023; Sarker 2021). Researchers actively demonstrate the
capabilities of machine learning in agriculture by tackling
tasks such as disease, weed, and crop-related classification,
detection, and segmentation problems (Attri, Awasthi, and
Sharma 2024; Aashu et al. 2024). The similarity between
crops and weeds makes detection and segmentation par-
ticularly challenging. Previous studies (Gallo et al. 2023;
Narayana and Ramana 2023; Rehman et al. 2024; Liu et al.
2024; Guzel et al. 2024; Niu et al. 2024; Goyal, Nath, and
Niranjan 2025) explored the feasibility of real-time weed de-
tection using object detection algorithms. Meanwhile, other
approaches (Genze et al. 2022; Charania et al. 2023; Kong
et al. 2024b,a) utilised segmentation algorithms to pinpoint
areas occupied by weeds. These studies used the You Only
Look Once (YOLO) model as the underlying framework and
thousands of annotated images for training. The quality and
quantity of annotated datasets are key factors driving the
success of YOLO models.

Data annotation presents an overarching challenge in
these methodologies due to its time complexity and labour-
intensive nature. To address this challenge, this study
presents a data-driven fusion of the conventional segmenta-
tion process with a zero-shot instance segmentation method
to reduce this labour-intensive process. This method effi-
ciently calculates weed density even when a model is trained
with a few annotated images. The methodology can identify
weeds in any crop. This study effectively identified weeds
in the pigeon peas field, demonstrating its practicality and
efficiency.

The rest of the paper is organised as follows: Section de-



Figure 1: A few samples of the frames extracted from the
collected videos

tails the procedure used to collect data. Section presents the
methodology used in this study, and the corresponding ex-
perimental results are detailed in Section . A comparison of
the proposed methodology with other models is presented in
section . Section discusses various aspects of the methods
used, and section serves as the paper’s conclusion.

Data Collection
In this study, researchers collected data through mo-
biles from a farm located at coordinates 27°14’19.2”N
78°00’39.1”E, Agra, Uttar Pradesh, India. They employed
the iPhone 12 mini and iPhone SE to gather video data from
a height of approximately 35-37 inches from the ground.
Next, they used the Roboflow platform to extract frames at
one frame per second and meticulously annotate them manu-
ally. Additionally, they introduced noise, saturation, and blur
into these images through augmentation techniques to en-
hance the robustness of our approach. Figure 1 shows a few
sample images from the collected dataset.

The annotated frames are then used to examine the feasi-
bility of existing state-of-the-art model namely SAM, whose
details are discussed in the next setcion .

Methodology
This study aims to address the weed segmentation and asso-
ciated weed density problem using state-of-the-art (SOTA)
models such as the Segmentation Anything Model (SAM)
and the You Only Look Once (YOLO) models. Before delv-
ing into the detailed exploration of various approaches inte-
grating SOTA models, we briefly present preliminary results
obtained using the SAM model for the segmentation task.

SAM Based Weed Segmentation
The Segmentation Anything Model (SAM) (Kirillov et al.
2023) is a cutting-edge segmentation model renowned for
its zero-shot learning capability, which enables it to segment
any object within an image. However, it did not perform
well when we tested SAM with our dataset. As shown in
figure 2, SAM segmented some objects in the image without
clearly discriminating between weeds and pigeon pea plants.
Since we focus specifically on segmenting weeds, SAM only
needs to process the details of weed regions. Therefore, we
integrated a detection model with SAM, which calculates
and processes the bounding box coordinates to delineate the
weed regions. SAM then uses these bounding boxes to seg-
ment the weeds contained within them accurately.

We need a model to accurately detect and highlight weed
regions to estimate weed density in a field rather than pro-
cessing the entire image as input to SAM. To achieve this,

(a) (b)

Figure 2: SAM’s output on a sample image from our dataset
shows that in (a), it segments some of the objects present
in the image (including weeds and plants), whereas in (b),
it segments the whole images based on their features. How-
ever, to isolate and segment only the area of interest, i.e.,
weeds, it’s necessary first to detect the weeds separately and
then apply SAM for segmentation specifically on those re-
gions.

we considered using the You Only Look Once (YOLO) seg-
mentation model (Solawetz and Francesco 2024), renowned
for its real-time object detection and segmentation capabil-
ities. The model’s performance largely depends on the size
of the annotated datasets used for training, meaning that reli-
able weed density evaluation is contingent on the availability
of such datasets. However, creating large annotated datasets
in real-time scenarios is a challenging task. To address this
issue, we propose a hybrid SAM-based YOLO segmenta-
tion model that effectively performs with small and large
datasets. The details of this hybrid model are presented in
the next section .

Proposed Approach
This study presents a hybrid weed segmentation framework
that effectively reduces the need to annotate large numbers
of images while still accurately estimating weed density. The
framework’s basis is to detect the weed regions, generate
bounding boxes around them, and segment the actual weed
area within those boxes. State-of-the-art deep learning mod-
els, such as R-CNN (Girshick et al. 2013), Mask R-CNN(He
et al. 2017), EfficientDet (Tan and Le), YOLO (Redmon
et al. 2016), SAM (Kirillov et al. 2023), OMG-seg (Li et al.
2024), Florence (Yuan et al. 2021), Detectron (Ross Girshick
and Ilija Radosavovic and Georgia Gkioxari and Piotr Dollár
and Kaiming He 2018), and others, can be used to identify
and segment weeds within this framework.

We considered the You Look Only Once (YOLO) seg-
mentation model, which consists of a detection and segmen-
tation module. The proposed framework optimises the base-
line approach by carefully selecting the models for detection
and segmentation tasks. We consider the YOLO segmen-
tation model the underlying model of our study because it
offers detection and segmentation, eliminating the need for
two different models. Additionally, this model’s lightweight
architecture makes it suitable for deployment purposes.

The proposed weed segmentation framework is shown in
Figure 3. It employs a YOLO segmentation model that in-
cludes both a detection and a segmentation module as its
primary model. The model identifies weed-occupied regions
in the field images through the detection module, highlights
them with bounding boxes, and outputs their coordinates.
This output, DY OLO

O , serves as the input for the segmenta-



Figure 3: A pictorial representation of the proposed frame-
work, which integrates the SAM model with the segmen-
tation module of a YOLO-based segmentation model, for
weed segmentation that works for small as well as large size
datasets and helps in calculating weed density

tion module, which segments the weed area from the identi-
fied regions. Since YOLO-based detection and segmentation
models perform well with large datasets, their performance
declines significantly with smaller datasets (as discussed in
section ). To address this, we integrate the Segment Any-
thing model to enhance the performance for smaller datasets,
as illustrated in Figure 3. Now, the detection model’s out-
putDY OLO

O will pass through both the segmentation module
and SAM.

Since the models exhibit distinct characteristics, we co-
operatively combine them to calculate weed density more
effectively. As shown in Figure 3, we compute the weed den-
sity using the terms WDY OLO and WDSAM , which repre-
sent the weed density calculated by the standalone YOLO
segmentation model and its integration with SAM, respec-
tively. To evaluate the weed density predicted by a model,
we sum the areas of the segmented regions and subtract any
overlapping areas. The overall weed density is then assessed
using the following equation 1

WDAvg =
αWDY OLO + (1− α)WDSAM

2
(1)

where, the term WDAvg defines the average weed den-
sity. The parameter α represents a user-defined value that
helps calculate a weighted average of weed density eval-
uated by the individual models. Since the YOLO segmen-
tation model generates accurate masks, a high value of α
yields a more precise weed density value. On the other hand,
a lower value of α results in a weed density estimate based
on masks generated by SAM, which are finer than those gen-
erated by the YOLO segmentation model.

Experimental observations show that integrating SAM
with the YOLO model’s segmentation module enhances
overall performance, particularly in scenarios with limited
annotated images. Details of these experiments are dis-
cussed in the next section .

Experiments and Results
We evaluate the models’ performance in this approach in
terms of mean average precision (mAP)1. To examine the
effect of training set size on the YOLO segmentation model,

1The mAP score indicates overall accuracy, calculated by aver-
aging the precision versus recall graph by computing the area under
the curve

we train it with varied training sets of 261, 200, 150, 100,
and 50 images. The validation set comprises 100 images.
Next, we evaluate the performance of the models in con-
junction with SAM.

Table 1 presents the results of the YOLO segmentation
model trained with different training set sizes. The table
clearly shows that the model performs better when we train it
with a significant number of annotated images and decreases
as we reduce the training set size. This indicates that training
the model is quite expensive because it requires a substan-
tial number of annotated images, which poses a significant
challenge regarding the time and effort needed for annota-
tion. Next, we integrate SAM with the YOLO segmentation
model to address this challenge and support the weed detec-
tion task.

Table 1: Effect of the training set’s size on the approach
based on the standalone YOLO segmentation model and its
conjunction with SAM: performance is evaluated using the
metric mAP@50

Images YOLOv8 Segmentation YOLOv8 Segmentation
(SY OLO

O ) + SAM (SSAM
O )

261 0.431 0.443
200 0.385 0.636
150 0.359 0.620
100 0.354 0.683
50 0.286 0.707

When we use the YOLO segmentation model in conjunc-
tion with SAM, we notice (as shown in table 1) a reverse ef-
fect compared to what we observed in the previous case (as
discussed above). With limited training images, the YOLO
model with SAM demonstrates superior performance com-
pared to its standalone performance. Since the model is not
finely trained with a limited number of images, it generates
loose bounding boxes. In this case, SAM has a higher flex-
ibility in segmenting weeds from plants within these boxes.
On the other hand, as we increase the training set size, the
model’s performance improves, which generates accurate
bounding boxes, limiting SAM’s flexibility and decreasing
overall performance.

Figure 4 compares the inferences generated by the detec-
tion module of the YOLO segmentation model with those
from its segmentation module and SAM. The right-most
subfigures in figure 4a and 4b show that when the detection
module trains on fewer annotated images, SAM performs
better at segmenting weeds within the bounding boxes. It
covers more area (marked in red) than the segmentation
module. We observe the same fact in each subfigure of figure
4a and 4b.

On the other hand, when the detection module is trained
on a significant number of annotated images, the YOLO
model’s segmentation module outperforms SAM by more
accurately capturing the weed-occupied regions. It has been
observed that SAM sometimes cannot differentiate between
weeds and plants, mistakenly categorising plants as weeds.
This is highlighted in the magenta markings in the 2nd and
3rd subfigures from the left in Figure 4a and in the 2nd and



(a)

(b)

Figure 4: Comparing inferences generated by the detection
module of the YOLO segmentation model followed by its
segmentation module and SAM: (a) SAM generates finer
masks, while (b) the YOLO model’s segmentation module
provides more accurate masks.

4th subfigures from the left in Figure 4b. Additionally, the
cyan markings in the first two leftmost subfigures of fig-
ure 4a indicate the areas where SAM incorrectly identifies
plants as weeds. In contrast, the YOLO model accurately
detects and excludes the plant from the segmentation mask,
even when the manual annotator wrongly labels that area as
a weed. This highlights the superior accuracy of the YOLO
segmentation model in producing precise masks.

From Figure 4, it is clear that SAM segments weeds from
plants with high precision in all cases, closely following the
boundary between them. In contrast, the YOLO segmenta-
tion model maintains a safe margin from the plants, marking
the weed-occupied region within the bounding box. This dif-
ference results in SAM generating finer, more detailed seg-
mented areas.

This analysis shows that while SAM produces high-
quality masks, the YOLO model’s segmentation module de-
livers more accurate masks. Our proposed approach com-
bines these strengths, generating precise and finely detailed
masks that highlight weed regions better. This fusion ul-
timately contributes to a more reliable evaluation of weed
density.

Our experiments showed that the two approaches—using
the standalone YOLO segmentation model and combining
the YOLO model with SAM—exhibit distinct characteris-
tics. Table 1 shows that the standalone YOLO segmenta-
tion performs well with significant-size training datasets, but
when combined with SAM, it performs better with smaller
datasets. Moreover, the analysis in figure 4 reveals that each
approach generates masks with different qualities: one ex-
cels at capturing fine details, while the other produces more
accurate, high-quality masks. Given these differences, nei-

(a)

(b)

Figure 5: Bounding boxes generated by detection models,
(a) YOLOv8 and (b) YOLOWorld that often cover weeds
and plants. As a result, these boxes cannot provide reliable
weed density estimates.

ther approach alone is sufficient for reliably calculating
weed density. To address this, we propose a cooperative fu-
sion of both techniques (as illustrated in figure 3), enabling
the method to work effectively with small and large datasets.

Figure 4 illustrates the weed density captured by each ap-
proach and their averages. The SAM-based approach tends
to generate precise masks and covers a larger area, resulting
in a higher weed density value than the standalone YOLO
segmentation model. However, because the SAM model oc-
casionally fails to distinguish between plants and weeds, it
mistakenly segments plants as weeds, artificially inflating
weed density. On the other hand, the YOLO segmentation
model calculates weed density more accurately. While the
YOLO model generates masks with a safe margin around
plants, it may not capture the actual weed density in certain
areas. Therefore, as shown in Figure 3, we fuse the outputs
of both models and use the average operator to estimate the
total weed density more reliably.

As shown in Figures 4a and 4b, the calculated weed den-
sity is occasionally higher than the manually marked weed
density in the actual images. This indicates that the proposed
approach provides a reliable estimation of weed density in a
given region, capturing areas that might otherwise be over-
looked in manual annotations.

Comparison
Table 2 compares our proposed approach with other meth-
ods for estimating weed density values. The first column
of the table displays manually annotated actual images,
while the next column lists the corresponding weed den-
sity values. Equation 1 defines how our approach estimates
the weed density value. We compare our approach with
two other methods: i) standalone detection models and ii)
their integration with SAM. This study uses the YOLOv8
and YOLOWorld detection models. Since these detection
models generate bounding boxes around the most probable
weed-occupied regions and sometimes, the generated boxes
also enclose plants (as shown in figure 5), they cannot ac-
curately estimate weed density. As a result, we mark × in
table 2.



Table 2: Comparison of estimated weed density (WD) from
randomly selected test images using models trained with 100
images. The proposed YOLO+SAM approach yields supe-
rior density estimation with α = 0.5 in Eq. 1.

Input Actual Proposed YOLOv8 YOLOWorld
Image Value Method + SAM + SAM

0.4799 0.5652 0.5070 0.4288

0.6502 0.6531 0.5226 0.4765

0.3414 0.4166 0.2599 0.3939

0.6782 0.6581 0.5570 0.6433

0.3759 0.4589 0.1233 0.4104

We integrate SAM with detection models, specifically
YOLOv8 and YOLOWorld, to estimate weed density. Ta-
ble 2 compares this approach with our proposed approach.
The table clearly shows that our proposed approach outper-
forms the other methods. The results are more consistent
since our approach calculates the average weed density esti-
mated by multi-models (as shown in figure 3). Additionally,
our approach uses a segmentation model as its core, pro-
viding a reliable estimate of weed density. The SAM model
further enhances performance by capturing both broader and
finer areas. As a result, for most images, as shown in ta-
ble 2, our calculated weed density is higher than the manu-
ally marked weed density in the actual images.

Discussion
Experimental results show that the proposed approach ef-
fectively handles weed segmentation tasks even with a few
annotated images. This effectiveness stems from integrating
SAM with the YOLO segmentation model, eliminating the
need for an ample annotated training set to train the YOLO
model. Additionally, SAM’s zero-shot segmentation capa-
bility enhances the practicality of this integration.

In this study, we considered the YOLO segmentation
model as our underlying model. This choice is due to the

inclusion of both detection and segmentation modules, elim-
inating the need for a separate segmentation model when us-
ing the YOLO or YOLO-worldv2 detection models.

Instead of using a YOLO-based model, we can consider
foundational models like Florence2 and Detectron. These
models, trained on vast datasets, tackle more complex tasks
than just detection or segmentation. Although they offer
zero-shot learning, they did not perform well when we eval-
uated them with our dataset2. One of the possible reasons for
this is the lack of domain knowledge. This finding highlights
the need for fine-tuning these models. Our experiments show
that fine-tuning requires a significant number of annotated
images. As we used in this study, small datasets did not ef-
fectively train these models, indicating that fine-tuning foun-
dational models necessitates comparatively large datasets.

Conclusion
We compare the work conducted in this study with similar
research discussed in (Genze et al. 2022; Wang et al. 2022;
Charania et al. 2023; Kong et al. 2024b,a; Garcı́a-Navarrete
et al. 2024; Liu et al. 2024; Guzel et al. 2024; C et al. 2024).
These studies employed different models, such as YOLOv5,
YOLOv8, and CNN, to segment or detect weeds and crops.
They used thousands of annotated images to train their mod-
els, which enabled them to achieve high-performance met-
rics.

In contrast, our approach involved fine-tuning the
YOLOv8 segmentation model’s detection module for weed
detection from pigeon pea fields and employing its segmen-
tation module and SAM for weed segmentation. The inte-
gration of SAM helps us achieve high-performance metrics
even in the case of a limited number of annotated images.
Additionally, SAM’s zero-shot knowledge transfer obviated
the need for further fine-tuning. Choosing the YOLOv8 seg-
mentation model eliminates the need for a separate segmen-
tation model when using the YOLO or YOLO-worldv2 de-
tection models. Thus cutting extra computation costs. There-
fore, the proposed framework saved annotation efforts and
reduced computational requirements.
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