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Abstract

Recent advances in foundation models have enabled strong zero-shot performance across
vision tasks, yet their effectiveness for fine-grained domains such as food image segmen-
tation remains underexplored. This study investigates the zero-shot capabilities of the
Segment Anything Model (SAM) for segmenting food images. We evaluate two prompting
strategies—bounding boxes and coordinate points—and compare SAM’s results against es-
tablished deep learning baselines, U-Net and DeepLabv3+, both trained on the FoodBin-17k
dataset with pixel-wise binary annotations. Using bounding box prompts, zero-shot SAM
achieved a Dice coefficient of 0.790, closely matching U-Net (0.759), while DeepLabv3+
attained 0.918. Coordinate-based prompting yielded comparable results, with the optimal
configuration (75 coordinate points) also reaching a Dice coefficient of 0.790. These results
highlight SAM’s strong potential for generalizing to novel visual categories without task-
specific retraining. This study further provides insights into how prompt type influences
segmentation quality, offering practical guidance for applying SAM in food-related and
other fine-grained segmentation applications.

Keywords: food computing; foundation models; SAM; deep learning

1. Introduction

In recent years, the development of deep learning models has significantly advanced
the field of image segmentation, achieving performance that rivals human capabilities [1,2].
This remarkable progress has generated excitement across various domains, such as food
computing and kitchen robotics automation [3,4]. Nevertheless, as these models continue
to improve in terms of accuracy and efficiency, questions have arisen regarding their
reliability [5], as well as the substantial expenses involved in data collection, annotation,
and model training [6].

One domain where these concerns resonate strongly is in the segmentation of food
images [7,8]. Food segmentation presents unique challenges compared to other domains due
to its high intra-class variability, frequent occlusions, and complex visual mixtures. The same
type of food may appear vastly different depending on preparation, lighting, or viewpoint (e.g.,
pasta dishes with different sauces or shapes), while meals often include multiple overlapping
or blended food items on a single plate. Additionally, reflective surfaces, varied textures,
and lack of distinct boundaries make pixel-level segmentation especially difficult. These
factors contribute to a lack of generalizability for conventional models trained on limited
datasets, underscoring the need for adaptable segmentation approaches.
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While deep learning models exhibit remarkable prowess in segmenting images within
the scope of their training data and associated datasets, questions persist about their ability
to generalize when confronted with previously unseen food image datasets. Can zero-shot
segmentation methods demonstrate results reasonably similar to models trained on closely
associated datasets?

Zero-shot segmentation refers to the ability to segment objects in new images that
have not been encountered during the training of the base model. This approach eliminates
the need for task-specific fine-tuning, which can be time-consuming and computationally
intensive. Instead, it leverages pre-trained foundation models (FMs) to perform new tasks
using prompts that guide the segmentation process. Such zero-shot capability has been
increasingly applied in vision foundation models to generate segmentation masks quickly
without retraining [9].

The Segment Anything Model (SAM) has demonstrated a remarkable ability to
“segment anything” [10]. For example, implementations of SAM have successfully seg-
mented medical images [11-14] and food images [15,16]. Zero-shot SAM has also been
explored in medical [17,18] and remote sensing [19] domains. However, to our knowledge,
zero-shot SAM has not yet been systematically evaluated for food image segmentation,
where the challenges of intra-class diversity, occlusion, and complex visual compositions
remain unresolved.

This study’s first aim is to assess the segmentation performance of zero-shot SAM
on an external food image dataset (i.e., without fine-tuning the original SAM model) in
contrast to two leading segmentation models trained with a subset of images from our
FoodBin-17k dataset. These zero-shot SAM implementations are performed using two
prompting approaches: (1) bounding boxes and (2) coordinate points.

Moreover, to the best of our knowledge, there has been no published evaluation
of the impact of the number of prompt coordinates on SAM’s performance in the food
image segmentation domain. It is possible that the number of prompt coordinates may be
optimized for food images. Thus, the second aim of this study is to analyze the effect of the
number of coordinates on the accuracy of zero-shot SAM.

In this paper, we explore whether the segmentation capabilities demonstrated by
state-of-the-art models, such as SAM in a zero-shot setting, can be effectively applied
to food image segmentation. We aim to contribute valuable insights to the ongoing dis-
course surrounding the practicality and real-world applicability of deep learning models in
segmentation and analysis tasks, particularly in domains characterized by dynamic and
evolving food datasets.

The main contributions of this work are as follows:

* A new dataset, FoodBin-17k, comprising binary pixel-wise labels for food images,
providing a new benchmark for food image semantic segmentation research.

* Aninvestigation of zero-shot SAM with two prompting mechanisms: bounding box
and coordinate points.

*  Analysis of the effect of prompt quantity (number of coordinate points) on the accuracy
of zero-shot SAM.

*  Quantitative and qualitative comparison of zero-shot SAM against trained segmenta-
tion models (U-Net and DeepLabv3+) on FoodBin-17k.

2. Background

With the development of social media and the Internet of Things (IoT), people share
images and videos of their food, which has generated large-scale food datasets offering
rich information for understanding culture, facilitating automation of dietary monitoring,
and automating food preparation and quality check [20-22]. Food computing aims to
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study and analyze heterogeneous food data for many purposes and involves various
operations including perception, retrieval, detection, and segmentation [23-25]. Food
image segmentation aims to separate food image pixels from the background for the
purpose of identifying, retrieving, or grasping using robot arms, and nutritional value
estimation [26]. A major obstacle for food image segmentation is the lack of enough data
with segmentation masks for training supervised artificial deep neural networks and the
cost of obtaining the masks manually. To address this issue, different approaches have been
proposed such as using synthetic food images and masks [3], unsupervised learning [27],
sequential transfer learning [28], zero-shot and few-shot approaches [29], and foundation
models such SAM [10].

In this research, we focus on three deep learning models, U-Net, DeepLabv3+,
and SAM, for food image segmentation.

U-Net is a widely used convolutional neural network (CNN) architecture that has
demonstrated exceptional performance in various image segmentation tasks [30]. Origi-
nally introduced for biomedical image segmentation, the U-Net architecture employs an
encoder—decoder structure with skip connections. The encoder part captures hierarchi-
cal features through down-sampling layers, while the decoder part restores the spatial
resolution of the feature maps through up-sampling layers. The skip connections enable
the model to fuse high-resolution features from the encoder with low-resolution features
from the decoder, enhancing the network’s ability to preserve detailed information during
segmentation. U-Net has proven effective in semantic segmentation tasks and has served
as a foundational inspiration for subsequent network architectures.

The DeepLabv3+ [31] model employs an encoder—decoder architecture based on
a fully convolutional neural network, utilizing its predecessor (DeepLabv3) [32] as its
encoder and Xception as its backbone. DeepLabv3+ employs the Atrous Spatial Pyramid
Pooling (ASPP) structure [33] in its encoder. The ASPP structure integrates three parallel
atrous convolutions with dilation rates of 6, 12, and 18, expanding the receptive field to
capture a more comprehensive context of root information. Introducing the concept of
depthwise separable convolution, the model reduces parameters, enhancing both speed
and classification performance. To unify the multi-scale spatial information from ASPP,
the model applies a concatenation of the learned feature maps. A Channel compression is
also applied by a 1 x 1 convolution operation, further reducing network dimensionality
and computation time. Ultimately, the encoder produces a root feature map that is 16 times
smaller than the input image.

The Segment Anything Model (SAM) [10] was originally designed as a foundational
model for segmenting user-defined objects in natural images, leveraging a vast dataset of
over 1 billion annotations. While SAM exhibits impressive performance on natural images,
its adaptability to diverse domains, such as food images, presents unique challenges.

Zero-shot learning is an approach that aims to use the knowledge that was learned
during training the base model from different object categories that are not available as
part of the current training set of the target task [34]. This approach has been used in
many recent foundations models and has shown good zero-shot performance, including
contrastive language image pretraining (CLIP) and SAM [10,35,36]. Although both models
are considered foundational vision models, their performance in new images requires
investigation. For instance, in food images, images exhibit large variations in textures,
shape, color, and compositionality, which pose a challenge for such foundation models.

One paper [17] studied the zero-shot capabilities of SAM on the segmentation of
abdominal organs medical images, where they showed that SAM did not illustrate state-of-
the-art performance, but it provided a cheap and quick segmentation as a starting point.
Another approach proposed to use zero-shot SAM for potato leaves, which showed a
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good performance of segmentation with little cost compared to fine-tuning models [37].
More recent work uses SAM with zero-shot capabilities for crowd counting in images [38],
object-pose estimation [39], and combined zero-shot capabilities of SAM and CLIP for
medical image segmentation [18].

In this study, we conducted a comprehensive assessment of the zero-shot capabilities
of SAM in food image segmentation with different sizes and types of prompts. Employ-
ing standard methods for simulating interactive segmentation, we generated point and
box prompts tailored to the characteristics of food-related objects. The objective was to
understand the effectiveness of segmenting these objects in a manner that aligns with the
intricacies of food images.

3. Datasets

To establish a large dataset of binary pixel-wise labels of food images (food /not food),
we combined two datasets of labeled food images, FoodSeg103 (FS103) and UECFoodPix-
Complete (UEC), to create a single dataset. The FS103 dataset [40] contains 7118 images of
food(s) with 104 class-type pixel-wise labels (e.g., bread, strawberry, shellfish, ice cream)
stored as an 8-bit integer in a grayscale image. The UEC dataset [41] contains 10,000 images
of food with 102 class-type pixel-wise labels stored as an 8-bit integer in the red plane of an
RGB image. We simplified the pixel-wise labels for each image by converting all labeled
food pixel to binary 1 (food) and all background pixels to binary 0 (not food). See Table 1.

Table 1. FoodBin-17k is a combination and simplification of two published datasets.

Dataset Total Images Labels

FoodSeg103 [40] 7118 104 classes as intensities (8-bit grayscale image)
UECFoodPixComplete [41] 10,000 102 classes as R-plane intensities (8-bit RGB image)
FoodBin-17k (ours) 17,118 2 classes (food /background) as binary image

The images dataset from FS103 and UEC has assorted dimensions that are first cropped
to a uniform size as a preparation step. First, the image is re-scaled such that the shorter
dimension becomes 224 pixels. Then, the center 224 pixels are selected. Thus, we center-
cropped the images and labels to 224 x 224-pixel squares as shown in Figure 1. The resulting
image and label dataset contains 17,118 pairs of 8-bit RGB images and pixel-wise binary
labels. We refer to this dataset as FoodBin-17k, which can be accessed at https://github.
com/mgardner-lab/FoodRecognition (accessed on 22 October 2025).

FoodSeg103 (FS103) UECFoodPixComplete (UEC)
Labels

G ol
o

Figure 1. Food images and labels from FS103 and UEC datasets are center-cropped to 224 x 224-pixel

iginal

4

squares, and the labels are binarized: food (1), not-food (0) for semantic segmentation. The com-
bined dataset has 17,118 8-bit RGB food images and binary pixel-wise labels. The new dataset is
called FoodBin-17k.
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4. Zero-Shot Learning

Zero-shot-based learning aims to use knowledge accumulated f : X — ) from
large datasets D, where (x1,v1), ..., (Xn,yn) C D, and YV = {y1,y2, ..., yn} used to train
the foundation model f : X — ) to identify new and different objects categories
N = {ny,ny,ns,..n;} that have not been encountered during training of the founda-
tion model f. Thatis, N' € Y. This approach uses attribute-based classification and
learning, which can be divided into two categories: indirect attribute classification and
direct attribute classification. The use of semantic per-class attribute s for each class y €
and n € N either directly or indirectly enables the use of foundation model f, enables
learning attribute representation a € A, that can be learned using a classifier « : X — N.

With a zero-shot approach, prompts can be used to help guide the foundation model
to obtain better results. For instance, for SAM [10], prompts such as points and bounding
boxes can be used effectively for improving the segmentation results. This approach
provides a segmentation mask in a cheap and effortless way for images where annotations
are not available to obtain for training a supervised deep learning algorithm.

5. Method

This study’s first aim is to apply zero-shot SAM [10] for food image semantic segmen-
tation. Secondly, we trained deep neural networks, U-Net and DeepLabv3+, to compare
their performance to zero-shot SAM. Thirdly, we studied the effect of prompt type and
prompt size on zero-shot SAM for food image segmentation. We trained both U-Net and
DeepLabv3+ deep neural networks with the same image subset from FoodBin-17k. An an-
cillary goal of training U-Net and DeepLabv3+ networks was to use the segmentation
from the best-performing segmentation model (either U-Net or DeepLabv3+) to generate
points and bounding box prompts for the SAM deep neural network. Ultimately, we used
DeepLabv3+ segmentation masks to obtain SAM prompts due to DeepLabv3+’s superior
performance compared to U-Net. For more details about the training, refer to Section 6.

The SAM deep neural network takes the input color images for food and prompts,
where the prompts can be either a set of point coordinates or bounding box coordinates
of the region of interest. The SAM deep neural network encodes the input image and the
prompt with separate encoders. The input image encoding extracts the image embedding,
which is used along with the encoding prompt for the decoder. We have used a SAM
pre-trained deep neural network called Sam_ViT_h. An illustration of our approach is
shown in Figures 2 and 3.

— — — — — — — — — — — — — — —

/ DeepLabv3 \

Segmentation Mask
" =3  Encoder o o Decoder —_

N n

et

DeepLab v3
N

S 4

Figure 2. DeepLab v3 model for learning to segment food images. The predicted masks are used for
the SAM prompt generation step.

For zero-shot SAM with point coordinate prompting, we used DeepLabv3+ segmenta-
tion output to generate coordinates. One hundred five pixel coordinates with binary value
"1” were selected with a weighted probability of section—a greater probability of selection
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given to pixels with a greater likelihood of being "food” (as determined by DeepLabv3+).
These coordinates serve as the prompt encoder for the SAM deep neural network. We
performed SAM segmentation using a range of numbers of coordinates, starting at 15,
and increasing by 15 up to 105. The goal of selecting different numbers of coordinates is to
compare the impact of the number of prompts on SAM segmentation results. This coordi-
nate prompt encoding is the first SAM prompt type we used using a zero-shot approach.

Prompt Extraction and Encoding

DeepLabv3
Segmentation Mask Extract Prompt X,y coordinates
coordinates Encoder
Extract Prompt
Bounding Box Encoder
S
7 \

x,y,w,h Bounding Box

Segmentation Mask |

Decoder
>

Segmentation Mask

— Decoder =3 |

Figure 3. The zero-shot approach for food image segmentation, where the DeepLab v3 food images
masks are used for generating the coordinates and bounding box prompt for the SAM model.

The second approach was zero-shot SAM with bounding box prompting. We com-
puted the bounding box coordinates from masks generated by DeepLabv3+ using the
OpenCV findContours function. That is, the four extreme Cartesian coordinates of the
binary food mask are taken as the four corners of the bounding box.

6. Experimental Setup

The cropped input images (RGB) of size 224 x 224 x 3 were used for training
DeepLabv3+ and U-Net to obtain the initial masks. For training, validation, and test-
ing of U-Net and DeepLabv3+, the dataset was split into three parts: the training set
contained 10,271 (60%) image /mask pairs from FoodBin-17k, the validation set contained
3424 (20%), and the test set contained the remaining 3423 (20%) image/mask pairs. Both
networks were trained in MATLAB (2024b) using stochastic gradient descent with mo-
mentum, starting from random weights. The learning rate was initialized at 0.003 and
reduced by a factor of 0.3 every 10 epochs. The maximum number of epochs was set to
five, with a minibatch size of eight. Training was performed on a single CPU (MacBook
Pro 2021, Apple M1 Pro chip, TSMC, Taiwan Semiconductor Manufacturing Company,
Hsinchu, Taiwan).

The number of training epochs was limited to five primarily due to hardware con-
straints and to maintain consistent conditions for both U-Net and DeepLabv3+ on the
same CPU-based platform. Preliminary experiments showed that after the third epoch,
validation loss and accuracy stabilized, with less than a 1% improvement in subsequent
epochs, indicating convergence. Since the primary objective of this study was to com-
pare zero-shot SAM segmentation against conventionally trained networks rather than to
maximize absolute accuracy, increasing the number of epochs was unlikely to alter the
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comparative conclusions, include extended training with GPU acceleration to further assess
the effect of additional epochs on segmentation performance.

For SAM zero-shot prompting, each DeepLabv3+ generated mask was used to extract
bounding box coordinates and to extract point coordinates. The bounding box coordinates
were generated for the entire segmentation masks, which we used to zero-shot prompt
SAM to generate segmentation masks. For the point coordinates-based prompting, we used
incremental sets, gradually increasing the number of points coordinates to evaluate the
effect of the number of points on the segmentation masks (15, 30, 45, ... 105). We set SAM
to return a single image mask for all objects presented in the image rather than a separate
image per mask.

7. Evaluation

The proposed method to improve the segmentation results of foods using a zero-shot
SAM neural network showed better results than those shown by U-Net, but DeepLabv3+
had the best segmentation results. In the following two sections, we show both quantitative
and qualitative results for the four approaches described.

7.1. Quantitative Evaluation

For quantitative evaluation, we used three metrics to assess the performance of each
trained deep neural network: (1) pixel-wise accuracy, (2) intersection-over-union (IoU),
(3) Dice coefficient, (4) precision, (5) recall, and (6) F1 score. Let G be the ground truth mask
and P be the predicted mask. Pixel-wise accuracy is computed by Equation (1), where
n and m are the width and height of both ground truth masks G and predicted masks
P. IoU is computed by Equation (2), and Dice coefficient is computed by Equation (3).
In Equations (4) and (5), we show the precision and recall formulas, where the TP denotes
the true positives pixel-wise between the predicted mask and the ground truth mask, the TN
is the true negatives pixel-wise, FP is the false positives, and FN is the false negatives.

Yo Z;H:O(G(i,j) == P(i,]'))

Accuracy(%) = pava— 1
IoU = g—gi (2)
Dicezzxggi 3)

Precision = %fFP (4)

Recall = sz_% (5)

F1 — score — 2 x Precision x Recall ©)

Precision + Recall

Our trained U-Net model’s segmentation performance on the unseen test image
set showed a pixel-wise accuracy of 77.63%. IoU was 0.647, Dice coefficient was 0.759,
precision was 0.826, recall was 0.758, and F1 score was 0.759. The results for DeepLabv3+
segmentation on the same test set were superior to the U-Net segmentation results, where
pixel-wise accuracy was 92.54%, IoU was 0.863, Dice coefficient was 0.918, precision was
0.936, recall was 0.908, and F1 score was 0.917.

As for varying the number of point coordinates (15, 30, 45, ... 105), the optimal
results were obtained by using 75 point coordinates as prompts for zero-shot SAM, where
accuracy reached its maximum at 77.5%, IoU at 0.672, and the Dice coefficient at 0.780. We
observed that by increasing the number of point coordinates for prompting zero-shot SAM,
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the segmentation generation for food improved by up to 75 points. However, using 90
and 105-point coordinates for prompting, we noted a degradation of segmentation results.
The results for different numbers of points as prompts to the zero-shot SAM deep neural
network are shown in Table 2.

Table 2. Performance of zero-shot SAM network where coordinates are increased from 15 coordinates
to 105 coordinates with an increment of 15 coordinates at a time. The best-observed results for

prompting zero-shot SAM with point coordinates are shown in bold font.

# Coords for SAM  Accuracy (%) IoU Dice Coefficient Precision Recall F1 Score
15 75.1 0.643 0.748 0.757 0.770 0.748
30 76.3 0.658 0.764 0.759 0.795 0.764
45 771 0.668 0.773 0.758 0.815 0.773
60 77.4 0.672 0.778 0.758 0.824 0.778
75 77.5 0.672 0.780 0.760 0.826 0.779
90 77.2 0.669 0.778 0.761 0.824 0.778
105 76.9 0.664 0.777 0.761 0.822 0.776
The best results of zero-shot SAM segmentation using coordinate prompt encoding
showed comparable results to U-Net segmentation results in terms of pixel-wise accuracy,
and slightly higher IoU, Dice coefficient, precision, recall, and F1-score. For bounding box-
based prompts for zero-shot SAM, we observed slightly higher pixel-wise segmentation
accuracy, loU, Dice coefficient, precision, recall, and F1-score compared to coordinate-
prompted zero-shot SAM. The pixel-wise segmentation accuracy for zero-shot SAM with
bounding box prompts was 78.94%, the IoU was 0.690, the Dice coefficient was 0.790,
the precision was 0.769, the recall was 0.848, and the F1-score was 0.790. The comparative
results of U-Net, DeepLabv3+, zero-shot SAM with coordinates, and SAM with bounding
box are shown in Table 3.
Table 3. The results of trained U-Net, DeepLabv3+, and prompted zero-shot SAM deep neural
network with points coordinates (Coords) and bounding box (BB). The best results are shown in bold
font. The time cost is shown in the rightmost column, where two asterisks denote train and test time
cost and a single asterisk denotes test-only time cost (zero-shot approach).
Network Accuracy IoU Dice Coefficient Precision Recall F1 Score Time Cost
U-Net 77.63%  0.647 0.759 0.826 0.758 0.759 ** 640 min
DeepLabv3+ 92.54%  0.863 0.918 0.936 0.908 0.917 **159 min
SAM + Coords (75 points) 77.5% 0.672 0.780 0.760 0.826 0.779 * 20 min
SAM + BB 78.94%  0.690 0.790 0.769 0.848 0.790 * 24 min

7.2. Qualitative Evaluation

The results of the zero-shot SAM deep neural network with different numbers of
prompt coordinates showed improvement in segmentation mask generation. However,
a degradation in segmentation mask generation is observed for a larger number of point
coordinate-based prompts for zero-shot SAM (90 and 105 coordinates), as shown in Table 2.
Figures 4 and 5 show the performance for different numbers of zero-shot SAM prompts
using points coordinates.

A visual comparison of segmentation generated by U-Net, DeepLabv3+, zero-shot
SAM with points coordinates prompts, and zero-shot SAM with bounding box prompts is
shown in Figure 6. The results show that DeepLabv3+ mask generation is superior to all
other methods. Zero-shot SAM deep neural network with 75-point prompts and bounding
box prompts showed a performance that is superior to U-Net. These results show that even
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without training, zero-shot SAM can achieve superior results compared to a U-Net model
trained on the dataset.

80

78

76

74 -

Accuracy (%)

72 A

—ll— Accuracy
70 T T T T T T T
15 30 45 60 75 90 105

Number of coodindates

Figure 4. Line plot of accuracy performance for the SAM deep neural network for different sizes of
point coordinates.

L —o— |oU
0.825} ® ' ® —e —e— Dice Coefficient
—e— Precision
0.800 1} —e— Recall
—e— F1 Score

0.750} o—

0.725}

Metric Value

0.700

0.675}

0.650

20 20 60 80 100
Number of Coordinates for SAM

Figure 5. The performance of the SAM zero-shot approach with different prompt sizes in terms of
IoU, Dice coefficient, precision, recall, and F1 score.

In Figure 7, we provide multiple images with segmentation masks overlaid on top for
different numbers of zero-shot SAM point coordinate prompts, starting with 30 prompts
until 90 prompts. We did not show the results for 15 and 105-point coordinate prompts due
to space restrictions. The ground truth contour is superimposed on the original image and
shown in green. The predicted zero-shot SAM deep neural network segmentation mask
counters are superimposed on the original image and shown in red. The masks generated
with zero-shot SAM deep neural network with 60 and 75 are optimal for some images and
require improvement for other images.
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Image Truth U-Net DeepLabv3+ SAM + Coords  SAM + BB

Image_ 7281

Image 573 Image 11790

Image 7854

e ) = i
Figure 6. Five test images and their ground truth label from FoodBin-17k accompany the results

of the four networks tested in this paper: (1) U-Net, (2) DeepLabv3+, (3) SAM + Coordinates (total
coordinates is 75), and (4) SAM + Bounding Box

Image 3315

Image

.y
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(49}
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Image 7199

Image 9118

C

Figure 7. Illustrative examples of the results of zero-shot SAM, where each row represents a different
example from the test set, and the columns represent the number of coordinates used as a prompt for
SAM. The SAM-generated mask contours are extracted and superimposed on the input images with
red color. The ground truth mask contours are extracted and superimposed on the input images with
a green color.

An advantage of using zero-shot SAM as a foundation model is to obtain quick
and effortless masks for food images without the need for obtaining a large annotated
dataset and training supervised deep learning models. This approach is time-consuming;
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for instance, in this work training, U-Net took 640 min and 25 s, whereas DeepLabv3+
took 159 min and 32 s. Zero-shot SAM prompting took about 20 min for 75 coordinates
prompting, and 24 min for bounding box-based prompting as indicated in Table 3.

8. Discussion

While other segmentation networks are available (e.g., Mask2Former, Swin-UNet,
and other vision transformers) and may be examined in future work, DeepLabv3+ and
U-Net have been established as leading standard methods and accordingly were the only
two examined in this study. DeepLabv3+ showed higher performance than both U-Net and
zero-shot SAM with both prompts (point coordinates and bounding box). It is worth noting
that DeepLabv3+ and U-Net were trained from scratch for the purpose of segmenting
foods in RGB images. Zero-shot SAM deep neural network, on the other hand, was not
fine-tuned in this study. Instead, we prompted the zero-shot SAM deep neural network
for the purpose of studying the impact of the number of point coordinates on food image
segmentation results and to evaluate the zero-shot performance of SAM on food images.

Our study investigates zero-shot SAM performance with two different prompts:
bounding box prompting and point coordinate prompting (with systematically increasing
numbers of coordinates), and we compared the results to two state-of-the-art trained deep
learning segmentation methods: U-Net and DeepLabv3+.

The results of our study show that zero-shot SAM is slightly better than a trained
U-Net architecture for segmenting food in RGB images. This demonstrates a compelling
performance that may be useful for many applications in which end-users cannot or prefer
not to train or fine-tune deep neural network models for segmenting objects. Zero-shot
SAM neural network can achieve a similar segmentation result without the need for training
or fine-tuning. Such applications include segmenting food for further analysis, feature
extraction, and diet intake tracking.

The number of points used as a prompt for zero-shot SAM deep neural network is also
investigated, for which we observed the segmentation performance improvement as the
number of points increased up to 75 points. However, after 75-point prompts, improved
performance abated and slightly decreased through 105 points. This suggests that zero-
shot SAM is somehow confused with too many coordinate prompts, diminishing model
performance in segmentation tasks. The effect of the number of coordinate prompts should
be further explored in other image domains to analyze segmentation errors and establish a
larger pattern with the coordinate-prompted zero-shot SAM model.

Our findings demonstrate that the segmentation performance of the SAM model in
zero-shot mode is superior when utilizing bounding box prompts compared to coordinate-
based prompts. This performance difference is likely attributed to the complex and hetero-
geneous textures commonly found in food images. When a bounding box is provided as
a prompt, it effectively directs the SAM model to focus on and segment the food content
contained within the specified region, thereby accommodating the variability in appearance
and texture present across different food items. In contrast, when only coordinate points are
used as prompts, they may not sufficiently capture the diversity and irregular boundaries
of food objects within the images. As a result, the model’s ability to accurately delineate the
food regions is diminished, leading to a slight decrease in segmentation accuracy. These ob-
servations underscore the importance of prompt selection in domain-specific segmentation
tasks and suggest that bounding box prompts may offer more robust guidance for complex
image content, such as food, than coordinate-based prompts alone.

While the original datasets offer more categories for food image instance segmentation,
our work focuses on semantic segmentation, requiring only one mask per food item. We
begin with semantic segmentation to evaluate SAM'’s zero-shot performance across various
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prompts versus models like U-Net and DeepLabv3. In future work, we plan to address
instance segmentation of food images using SAM.

9. Conclusions

This study examined the zero-shot capabilities of the Segment Anything Model (SAM)
for food image segmentation using the FoodBin-17k dataset and compared its performance
with U-Net and DeepLabv3+. Results showed that SAM, especially with bounding-box
prompts, achieved performance comparable to a trained U-Net while requiring no retrain-
ing and far less time, though DeepLabv3+ remained superior. SAM’s efficiency makes
it valuable for rapid food segmentation in applications such as dietary tracking, robotics
grasping, and food quality control, but challenges remain with overlapping foods, glossy
surfaces, clutter, and occlusions. These limitations suggest opportunities for future work,
including food-specific fine-tuning of SAM, integrating semantic guidance from vision-
language models like CLIP or GPT-4V, and developing adaptive prompt strategies to
enhance accuracy and robustness. Overall, SAM provides a practical, training-free base-
line for real-world food analysis systems and a strong foundation for future multi-modal,
domain-adapted segmentation research.
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