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Single-pixel imaging (SPI) receives widespread attention due to its superior anti-interference capabilities, and image
segmentation technology can effectively facilitate its recognition and information extraction. However, the complexity of
the target scene and plenty of imaging time in SPI make it challenging to achieve high-quality and concise segmentation.
In this paper, we investigate the image-free intricate scene semantic segmentation in SPI. Using “learned” illumination
patterns allows for the full extraction of the object’s spatial information, thereby enabling pixel-level segmentation results
through the decoding of the received measurements. Simulation and experimentation show that, in the absence of image
reconstruction, the mean intersection over union (MIoU) of segmented image can reach higher than 85%, and the Dice
coefficient (DICE) close to 90% even at the sampling ratio of 5%. Our approach may be favorable to applications in
medical image segmentation and autonomous driving field.
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1. Introduction

Modern visual applications need to deal with a large num-
ber of complex scenes, especially in dynamic environments
where occlusion and the similarity between objects present in-
evitable challenges.[1] For example, in the field of autonomous
driving and the overlapping scenes in medical images, ac-
curate identification is indispensable to support subsequent
decision-making. Image segmentation plays an important role
in the field of computer vision and image processing,[2] which
is used to divide an image into multiple meaningful regions
or objects. Different from the image classification which di-
vides the image into a label or a class, the detail of whole
scene is receiving more attention through image segmenta-
tion. It provides a better understanding of the target shape
and specific details, and prepares for subsequent object recog-
nition. There are many common methods for segmentation,
including thresholding, edge detection, region growing, clus-
tering methods,[3–5] etc. In recent years, image segmentation
methods based on deep learning, such as U-Net, fully con-
volutional networks (FCN), and mask R-CNN,[6–9] have at-
tracted much attention due to their excellent performance in
complex scenes. These methods use convolutional neural net-
work (CNN) to automatically learn image features, achieve
higher precision and more detailed segmentation results.

However, high-fidelity images and the choice of appro-
priate algorithms are prerequisites for achieving excellent seg-

mentation results. But the acquisition of high-fidelity images
relies on complex imaging hardware, which makes it chal-
lenging to implement in resource-constrained environments or
for real-time applications. Recently, the image-free sensing
method based on SPI is gaining popularity. By combining the
unique imaging characteristics of SPI with the strength of deep
learning for feature learning, special hardware defects can be
overcome. According to the optimized structured illumination
and decoding network, the effective feature information of the
target scene can be captured by network-optimized patterns,
and the trained decoder can implement specific tasks based on
the received light intensity vector in the absence of an image.
Due to its foundation on SPI,[10–12] it has natural advantages
in imaging radar,[13,14] target recognition,[15–20] and special
bands.[21–23] Therefore, it is also possible to obtain sufficient
information about the target scene under these harsh condi-
tions.

In the most recent studies, there is also some research
on the segmentation of the target scene based on image-free
method. The group of Bian employed a two-stage training
strategy to optimize network patterns, achieving excellent seg-
mentation performance on the various datasets according to
one-dimensional measurements.[24] Taking it a step further,
by utilizing an array-net, Liu et al. implement high quality
image reconstruction and segmentation based only on one-
dimensional (1D) bucket detection signals at low sampling
times.[25] These methods dismiss the traditional patterns and
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turn to network-optimized patterns for illumination, making
accurate judgments only based on the 1D information. How-
ever, in general, these methods incur extra time costs due to
the setup of intermediate steps for the preliminary recovery of
image spatial features and have limited investigation on multi-
object and occlusion scene. Besides, the choice of loss func-
tion in Ref. [24] makes the research tend to be image restora-
tion instead of image segmentation, which can be seen from
blur of the result images.

In this paper, we propose an image-free segmentation
scheme that is used to deal with complex scenarios. Illumi-
nation patterns are optimized during network training, only a
detector without spatial resolution is relied to capture a scene’s
total light intensity, thereby the trained decoder can implement
image segmentation in case of no image. Specifically, our con-
tributions are summarized as follows.

The segmentation of complex scenes, including overlap-
ping, occluded, and visually similar objects, is investigated
by considering the relationships between different categories
at the pixel level, resulting in superior segmentation perfor-
mance.

A multi-scale U-Net architecture is proposed to enhance
semantic segmentation through the recovery of feature infor-
mation from compressed 1D vectors.

The need for image reconstruction during both the train-
ing and segmentation phases is eliminated, significantly reduc-
ing data storage requirements and alleviating computational
burden.

2. Principle and methods
2.1. Principle

The experiment setup of SPI is illustrated in Fig. 1. The
most basic process involves two ways: structured illumination
and structured detection. In the process of structured illumina-
tion, a pulsed laser is firstly irradiated on a DMD (digital mi-
cromirror device: DLP7000) for modulation. By controlling
the tilt state of each microlens on the DMD, the incident beam
is selectively redirected to perform spatial filtering, thereby
generating different projection patterns. After passing through
the collimation system (the focal length of lens L1 and L2 are
50 mm and 100 mm, respectively), the illumination patterns
on the DMD are irradiated on the object, and then a single-
pixel detector (Thorlabs PDA100A2, the gain ranges from 0
to 70 dB) is used to measure the total backscattered light.

By irradiating a range of prefabricated patterns R(x,y)m

(m is the pattern sequence number) onto a DMD using a
laser, the detector collects different intensity signals Im mul-
tiple times, and the estimation of the two-dimensional (2D)
image can be obtained by[26]

O(x,y) =
1
M

M

∑
m=1

ImR(x,y)m, (1)

where M is the total number of patterns. Obviously, the recon-
structed image is the weighted sum of patterns. Specifically,
the light intensity value Im can be expressed as[27]

Im = R(x,y)ms+ ε, (2)

where ε denotes the possible noise during measurement, and s
represents the target object.

Assuming that the noise generated during the measure-
ment is ignored, equation (2) states that the light intensity
value Im is the result of the interaction between the prefabri-
cated pattern R(x,y)m and the object s, namely the inner prod-
uct calculation result of the illumination patterns and the orig-
inal object.

DMD

Light so
urce

Lens Lens

Lens

Object

Single pixel detector

Illumination patterns

Fig. 1. Schematic diagram of the SPI.

In our design, network convolutional layers are treated as
modulation patterns. For convolution operations, the convolu-
tion kernel moves step by step across the input 2D image to
capture specific spatial information, performing an element-
wise product at each position and then summing the results to
obtain a single output value. The convolution process can be
abbreviated as

O(i, j) =
k−1

∑
m=0

k−1

∑
n=0

I(i+m, j+n) ·K(m,n), (3)

where K(m,n) is the convolution kernel, and I(i+m, j+n) de-
notes the input image. This process will generate the feature
map O(i, j), which is the extraction of some spatial features of
the original image. Therefore, once the convolution kernel is
equivalent to the image size, only a single value can be output,
and equation (3) is reduced to the following form:

O(i, j) =
k−1

∑
i=0

k−1

∑
j=0

I(i, j) ·K(i, j). (4)

It means that when we have a sufficient number of ker-
nels, various spatial information of the image can be fully ex-
tracted, which corresponds exactly to the variation of sampling
ratio (SR) in SPI.

However, the values in the convolution kernel need to
be manually designed to extract specific spatial information,
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which makes it hard to obtain the optimal value. Besides,
A certain type of fixed pattern such as random pattern or
Hadamard pattern, is not considered due to its fixed char-
acteristics towards a variety of objects. By making use of
them, it may not be able to obtain the most effective mea-
surements, which may lead to pending segmentation results.
Therefore, we consider using neural network training to opti-

mize the dynamic convolution kernels. During the network

training stage, both illumination patterns and decoding net-

work are optimized together. A series of “learned” convolution

layers equivalent to the image size as structured illumination

patterns, so the patterns can be applied to a wide variety of

objects.
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Fig. 2. Schematic diagram of receiving 1D vector for image segmentation.

Then the subsequent image segmentation is carried on.
The segmentation result is obtained by inputting N single-
pixel measurements into the decoder of the trained network,
as shown in Fig. 2. As long as the spatial information con-
tained in the 1D vector is sufficient, it can be decoded by the
decoder to achieve excellent segmentation results.

2.2. Multi-scale U-Net

For image segmentation tasks, the most commonly used
network nowadays is U-Net.[6] It is known for its skip connec-
tions and efficient segmentation performance. But it is based
on an entire image to be input. Therefore, the extracted single-
pixel measurements need to be preprocessed.

N

(H,W)

N×1×1

(H,W)

Single -pixel 

measurements

Reshape

Feature  map

Skip connection

Pooling

CONCAT

Convolutional layer

Transposed convolutional layerUpsample

Max pooling

......

Visualization

Fully connected layer

1024

4096

(H,W)

(1,1)

(3,3)

(5,5)

(7,7)

(M,H,W)

......

Class 

score 

map

(C,H,W)

CNN

 
Pyramid pooling module
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Resnet50Resnet50
Upsample

H×W

Fig. 3. Network structure of multi-scale U-Net.

Our network architecture is composed of an encoder and

a decoder, which is depicted in Fig. 3. Specifically, the con-

volutional layer utilized for illumination functions as the en-

coder, tasked with extracting feature information from the in-

put image. On the other hand, the decoder is a combination of

CNN, pyramid pooling module (PPM),[28] and U-Net, manag-

ing to decode the compressed image information to achieve

image segmentation. However, the original rich image in-
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formation is significantly condensed into 1D vectors, leading
to the loss of a portion of the original detailed image data.
Consequently, this 1D feature map necessitates sufficient fea-
ture information restoration to facilitate the subsequent seg-
mentation task. To this end, the decoder is divided into two
modules: the feature information restoration module and the
segmentation module. The former, constituted by CNN and
PPM, is designed to recover the vital features within the im-
age; the latter relies on U-Net to execute the ultimate segmen-
tation task. Initially, single-pixel measurements recover spatial
feature information via CNN. The CNN includes fully con-
nected layers and the initial stages of ResNet50,[8] with partial
loading of the pre-trained weights of ResNet50 on ImageNet.
With over 1.2 million training images in the ImageNet dataset,
the ResNet50 model’s pre-trained weights demonstrate robust
general feature extraction capabilities. Therefore, when train-
ing starts, only fine-tuning is performed on the ResNet50 seg-
ment, thereby significantly enhancing training efficiency. Sub-
sequently, to capture contextual information at various scales
within the output feature map, PPM is employed to pool the
feature map at different scales and then fuses them, thereby
augmenting the model’s perceptual capacity. Ultimately, the
feature map that integrates multi-scale features is fed into a
U-Net architecture to achieve pixel-level image segmentation.

In the training process, the network not only learns to pro-
duce a better segmented image but also prepares for the pat-
terns required for the SPI process. Once the training is com-
pleted, the convolution kernels that have been optimized in
the network are used as the structured illumination patterns.
Some features of the input network image are perceived. In
the testing stage, only the single-pixel detection values de-
tected by the single-pixel detector are input into the decoder
of the network to acquire the image segmentation result, as
shown in Fig. 2. Overall, the network adopts an end-to-end
training strategy, eliminating the need for intermediate layer
validation, thereby ensuring that complex data processing and
lengthy training times are avoided. Furthermore, the entire
segmentation process is imageless, which guarantees the high
efficiency of data acquisition.

2.3. Dataset

For semantic segmentation in complex cases, we first con-
sider the problems of overlapping and occlusion of objects.
Therefore, it is particularly important to select a dataset with a
large number of occluded object annotations. Since this kind
of suitable dataset is relatively rare, we consider using a large
number of simple image combinations to obtain the required
dataset. By superimposing two images with the same resolu-
tion, some objects in one image are overlapped or blocked by
objects in another image, which meets the requirements of the
complex scene studied. Here, we contemplate the utilization

of the EMINST dataset,[29] which boasts a more voluminous
data corpus, as an augmentation to the MNIST dataset com-
monly used for classification tasks. In addition, by using a
character grayscale image with a specific fixed font (printed
dataset), it is considered to randomly combine it with the im-
age in EMINST. To ensure data balance, each type of char-
acter in the EMINST dataset and printed dataset is selected
evenly. After sufficient random combination, data augmenta-
tion is considered to be used, and the position, size and rotation
angle of superimposed characters in the image are randomly
changed to ensure the credibility of the final dataset. The final
dataset contains 5×104 images. For the dataset, the effective-
ness of image segmentation is reflected in the separation of
different characters. Each pixel in the image may belong to a
different character concurrently.

2.4. Loss function

For the image segmentation task, it is treated as a pixel-
level classification task, which achieves the semantic segmen-
tation by classifying each pixel specifically. So the loss func-
tion in classification is still suitable for image segmentation.
In the selection of a loss function for classification problems,
different loss functions are specifically applicable to various
classification scenarios. Based on the analysis, since we inves-
tigate image segmentation involving occlusions and overlaps,
it can be regarded as a multi-label image segmentation task. In
this context, a given pixel may belong to multiple categories.
Consequently, we assume that each category is treated as in-
dependent of the others, and the network performs a binary
classification for each pixel with respect to each category. In
this work, binary cross entry loss (BCE Loss) is considered.
Additionally, Dice loss (DICE Loss) is particularly good at
detail capture and small target detection, especially when deal-
ing with imbalanced data. Besides, in the presence of noise,
the DICE loss enhances spatial consistency in the target re-
gion, thereby improving robustness against local noise inter-
ference. Meanwhile, the BCE Loss refines edge details, com-
pensating for the potential neglect of fine structures by DICE
loss. The joint optimization of these two losses enhances the
model’s ability to maintain segmentation performance under
noisy conditions. In general, loss function is computed as fol-
lows:

L = α ·BCE Loss+β ·DICE Loss, (5)

where α + β = 1 with α and β representing the respective
weights assigned to each component.

2.5. Training hyperparameters and evaluation metrics

The training is performed on the GeForce RTX 3070Ti
GPU using the PyTorch framework. The Adam algorithm is
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adopted for optimization. Moreover, in order to use the op-
timized convolutional layers as the illumination patterns, the
bias term of all convolutional layers in the encoder is set to
0. Through multiple experimental tests, the learning rate for
each epoch is fixed at 0.0001, and the batch size is determined
as 250. The dataset is divided into training, validation, and test
sets with a ratio of 7:2:1.

Besides, in order to quantitatively analyze the effect of
image segmentation, mean intersection over union (MIoU)
and Dice coefficient (DICE) are used in the following discus-
sion, which are defined by the following equation:

MIoU =
1
N

N

∑
i=1

IoUi, (6)

DICE =
2 · |A∩B|
|A|+ |B|

=
2 ·TP

2 ·TP+FP+FN
, (7)

with IoU = |A∩B|
|A∪B| =

TP
TP+FP+FN . A and B denote the predicted

and real segmentation region, respectively. N represents the
total number of categories. For a certain pixel category k,
where TP, TN, FP, FN are the number of pixels that are cor-
rectly predicted as category k, correctly predicted as other cat-
egories, wrongly predicted as category k, and wrongly pre-
dicted as other categories, respectively.

3. Results
3.1. Simulation

Figure 4 documents the segmentation outcomes of over-
lapping character images at varying sampling ratios 25%, 5%,
and 1%, respectively. Five representative images are selected
as subjects. The resolution of each image is 32×32. Each im-
age comprises two characters randomly chosen from the cor-
responding dataset. The images in the ground truth column
are the visualizations of the original dataset labels. We apply
different colors to mark distinct categories of objects. Even in
instances where certain pixels belong to multiple categories,
rendering them indiscernible as to which category they belong,
one can distinctly observe that the pixels in the original image
are accurately classified. The primary target object within the
image can be clearly identified. When the sampling ratio drops
to a level that cannot support the segmentation of accurate pix-
els, the segmentation effect of the edge of the target object is
gradually weakened, yet the principal contours of the charac-
ters remain qualitatively preserved.

Furthermore, to validate the feasibility of the method in
more complex scenarios, we consider incorporating regional
occlusion on top of overlapping. In the original image, oc-
clusion blocks of varying sizes are introduced, partially or en-
tirely obscuring the characters to different extents, rendering
some characters completely indiscernible to the naked eye.
The results recorded in Fig. 5 demonstrate that the effective

segmentation can still be achieved even in the presence of par-
tial random occlusion, as illustrated by the complete coverage
of a character in the last row of images. When the sampling ra-
tio is reduced to 1%, the segmentation performance fluctuates
depending on the simplicity of the image.

SR=1%SR=5%SR=25%
Ground
truth

Original
image

Fig. 4. Simulation results of overlapping scenes at different sampling ratios.
The ground truth displays the visualized label images, and each column in
the results section represents the visualized segmentation results for the cor-
responding category.

SR=1%SR=5%SR=25%
Ground
truth

Original
image

Fig. 5. Simulation results of additional occlusion scenarios.
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Fig. 6. Segmentation performance curves for both scenarios (overlap and
occlusion) at different sampling ratios.

The above result images present the feasibility and excel-
lent performance of our method, but a few examples still have
contingency. Therefore, to quantitatively investigate the seg-
mentation performance across different sampling ratios, an ad-
ditional 200 images not included in the previous dataset serve
as a benchmark for comprehensively and scientifically evalu-
ating the segmentation performance. Building upon the three
previously mentioned sampling ratios, we also explore the per-
formance at higher and lower sampling ratios. Figures 6(a) and
6(b) present the segmentation performance metrics at six sam-
pling ratios. It is evident that the performance in the presence
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of occlusion is inferior to that with mere overlap at each sam-
pling ratio. When the sampling ratio is greater than or equal
to 5%, the quality of segmentation can be maintained at an ex-
ceptional level, with MIoU greater than 90% and DICE close
to 95%.

There is no guarantee that better segmentation results can
be obtained with an increase in the sampling ratio. From the
perspective of the neural network, an excessive number of con-
volutional layers make the network redundant, because image
features do not require an extensive number of convolutional
layers for extraction. Conversely, when the sampling ratio is
too low, such as at a sampling ratio of 1%, the number of mea-
surements is reduced to single digits due to resolution con-
straints, leading to the loss of edge details in the target ob-
ject. Due to the excessively large size and relatively small
number of convolutional kernels in the encoder, the convolu-
tional layer’s capacity to extract features becomes inadequate,
leading to a deterioration in overall performance and a grad-
ual blurring of the edges in image segmentation. However,
overall, from the perspective of SPI, the method can acquire
sufficient spatial information at a relatively low sampling ra-
tio to estimate the specific location details of the image, which
illustrates its superiority relative to traditional SPI.

Table 1. Quantitative performance comparison with array-net at two
sampling ratios.

Sampling ratio Metrics Array-net Ours

0.5%
MIoU 70.44% 71.30%

DICE 79.28% 81.83%

1%
MIoU 83.18% 83.79%

DICE 88.35% 89.16%

Additionally, to highlight the advantages of our method,
we consider a performance comparison with the segmentation
component of array-net under the identical overlap and occlu-
sion datasets. According to Ref. [25], array-net initially sim-
ulates the imaging process at the physical layer, roughly re-
constructing the image through correlation calculations, and
then achieves segmentation via its segmentation network. We
select two representative sampling ratios for comparison, and
the comparative results are displayed in Table 1. The numer-
ical results indicate that our network’s segmentation efficacy
surpasses that of array-net at both sampling ratios. In prac-
tice, aside from the segmentation performance comparison,
our method is more time-efficient, as it eliminates the need
for imaging simulation, significantly reducing computational
burden and additional time consumption.

In simulation, to demonstrate the effectiveness of the fea-
ture information restoration module in the multi-scale U-Net,
we compare the performance of different feature information
restoration modules at a representative sampling ratio. Table 2
presents the segmentation performance under various back-
bones, with the segmentation module being the same U-Net

throughout. The numerical results indicate that our network
module is capable of better recovering the compressed feature
information, thereby enhancing the final network’s segmenta-
tion performance.

Table 2. Quantitative performance comparison with different back-
bones at a 0.5% sampling ratio.

Backbone MIoU DICE

– 70.79% 79.85%

Resnet50 71.25% 80.21%

PPM 70.30% 79.57%

FSRCNN[30] 70.26% 79.01%

Ours (Resnet50+PPM) 71.30% 81.83%

Noise free
Ground

truth
Std=100 Std=150

Fig. 7. Simulation results of similar object scenarios. The ground truth dis-
plays the visualized label images, and each column in the results section shows
the target scene on the left and the segmentation result on the right.

Furthermore, the segmentation of images containing sim-
ilar targets has also been investigated. We consider com-
bining identical characters from the printed dataset and the
EMINST dataset within the same image, with their positions
and sizes being variable. The resolution of each image is
64× 64. The aim is to accurately distinguish between these
two distinct types of the same character. The results depicted
in Fig. 7 demonstrate that efficient segmentation is effortlessly
achieved. Moreover, to differentiate from traditional thresh-
old segmentation methods and to demonstrate the superiority
and noise resistance of our approach, Gaussian noise with a
mean of 0 and a standard deviation of Std is introduced to the
target scene, and the corresponding results are displayed in
Fig. 7. Compared to passively allowing the segmentation per-
formance of the network to be compromised by noise, our pro-
posed method proactively incorporates noise into the training
process. This approach enables the network to actively learn
the characteristics of noise distribution and intrinsically opti-
mize the joint mechanism between feature extraction and noise
suppression. Consequently, the network achieves robust target
identification and segmentation across varying noise levels. It
was shown that even when different objects in the target scene
become indistinguishable to the naked eye or by pixel value
distribution, our method can differentiate between two types
of distinct characters within a certain range of noise.
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Figure 8 quantitatively records the variation in segmen-
tation performance as noise levels change. As the Std of
the noise progressively increases, the objects within the target
scene become increasingly difficult to discern, leading to seg-
mentation performance diminishes. Nonetheless, our method
exhibits robustness within a certain range of noise, ensuring a
relatively high-quality segmentation effect.
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Fig. 8. The curve of segmentation performance as a function of noise
intensity.

3.2. Experiment

To prove the practical feasibility and verify segmentation
performance, a series of actual SPI experiments are conducted.
The experimental device is configured as shown in Fig. 1. The
imaging objects are chosen randomly from the image in the
testing set. The objects are printed on the disk with a size
of 50 mm×50 mm to adapt to the illumination area and pat-
tern size. The modulated light is projected onto a transmission
disk printed with the target scene, and the transmitted light is
collected by a single-pixel detector after being focused by the
lens. The gain of the detector is set to 60 dB.

It is noteworthy that we do not restrict the network-
optimized convolutional layers during the network training
process, resulting in the possibility of negative and floating-
point values in its kernel. However, the experimental DMD
can only generate non-negative binary patterns. Therefore,a
binarization method is considered used,[31] which is divided
into three steps.

To enhance the gray kernel resolution for improved de-
tail retention during subsequent binarization, we first ap-
ply bicubic interpolation to upsample the original convolu-
tion kernel.[32] This algorithm generates smooth transitions
through local polynomial function fitting, effectively avoid-
ing artifacts like sawtooth edges or information loss that typ-
ically occur with direct scaling methods. Following this up-
sampling process, we implement the Floyd–Steinberg dither-
ing algorithm on the processed patterns,[33] which strategically
distributes quantization errors to neighboring pixels, thereby
achieving global grayscale simulation through binary pattern
representation.

Original 
image

Ground 
truth SR=5% SR=1%

Fig. 9. Experimental results of overlapping and occluded scene at different
sampling ratios.

And then we consider using positive and negative pattern
differentiation: each kernel pattern is divided into positive and
negative components based on its values, with each compo-
nent containing only the corresponding values from the origi-
nal pattern. The positive component contains only the positive
values, with negative positions set to 0, and vice versa for the
negative component. This ensures that the values of the re-
sulting patterns are non-negative. By using a double number
of binary patterns on the DMD, a single-pixel detector will
receive double light-intensity values. Furthermore, the differ-
ence of the corresponding single-pixel measurement serves as
the effective measurement.

Two characters Three characters

Fig. 10. Experimental results of similar objects. Each section shows the target
scene on the left, the visualized label image in the middle, and the segmenta-
tion result on the right.

The experimental results of overlap and occlusion are il-
lustrated in Fig. 9. Even in the presence of rotation and scaling
within the images, segmentation is accurately achieved. As the
sampling ratio gradually decreases to 1%, the precision of seg-
mentation at the finer details of the original characters dimin-
ishes, yet the initial contours remain accurately segmented. In
practice, when the number of samples is reduced to single dig-
its, the segmentation can only recover the main body of the
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target, with a significant decline in the segmentation of edge
details. Regarding the segmentation results of similar objects
at a 10% sampling ratio in Fig. 10, the results indicate that the
network is capable of efficient segmentation even on untrained
dual-character images, suggesting that the model has success-
fully captured the key features of individual objects, and that
feature learning is effective.

4. Conclusion
In summary, an image-free segmentation method for

complex scenes based on single-pixel imaging (SPI) has been
proposed. By utilizing a multi-scale U-Net architecture, the
network-optimized patterns are applied for structured illumi-
nation, allowing for the automatic capture of object-specific
details without relying on postprocessing techniques for im-
aged objects. The trained network’s decoder restores and
decodes the light intensity vector carrying crucial features,
enabling image-free segmentation. Both simulation results
and real-world experiments demonstrate the feasibility of our
method across various sampling ratios.

Several advantages of our method can be emphasized.
First, in the presence of overlap and occlusion, where pix-
els may belong to multiple categories, our approach excels
in effectively segmenting the pixels corresponding to multi-
ple objects, surpassing other methods. The optimized network
facilitates the aggregation of spatial features, enhancing seg-
mentation accuracy. Second, by achieving direct end-to-end
segmentation, we can skip the step of obtaining image and di-
rectly achieving segmentation only through the spatial infor-
mation contained in the single-pixel measurements. This not
only overcomes the limitations posed by poor imaging quality
in low-sampling scenarios but also eliminates the complexities
of traditional postprocessing, ensuring efficient segmentation
of the target object. Furthermore, unlike the traditional camera
using a 2D array sensor which is costly and difficult to produce
in specific bands, SPI offers significant advantages, especially
for imaging in specific bands such as infrared and terahertz
frequencies, where traditional methods face challenges. Thus,
the image-free segmentation method has natural advantages in
the field of national defense and medical imaging.
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