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Abstract
Successive images of a scene are captured and then further processed to achieve
the moving object tracking. However, due to modulation rate limitations of
the spatial light modulator in single-pixel imaging (SPI) system, the imaging
frame rate cannot meet the high-resolution and real-time requirements for object
tracking. In this paper, we demonstrate a fast object tracking technique based
on SPI with an ultra-low sampling rate that is independent of imaging. We
construct modulation information that satisfies the projection conditions and
can transform 2D images into 1D projection curves. The 1D projection curves,
which provide the location information of the moving object, can be obtained
with high resolution in real-time, and then the tracking of the moving object
is realized. A background subtraction technique for tracking moving objects
that removes static components from a scene is also proposed. The proposed
technique is verified by computational simulations and laboratory experiments.
In the laboratory experiments, we demonstrate that the proposed method can
be used to track moving objects with less than 0.2% of the measurements estab-
lished by the Nyquist criterion, and it presents a resolution of 256$×$256 pixels
at ~177 fps. The reported technique accelerates the tracking speed of SPI and
provides an efficient strategy for remote sensing and biomedical applications.
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Abstract: Conventional moving object tracking relies on capturing successive
images of a scene for subsequent processing. However, due to the modulation
rate limitations of spatial light modulators in single-pixel imaging (SPI) sys-
tems, the imaging frame rate cannot simultaneously satisfy the high-resolution
and real-time demands required for effective object tracking. In this paper,
we demonstrate a fast object tracking technique based on SPI that operates
with an ultra-low sampling rate independent of imaging reconstruction. We
construct modulation patterns that satisfy specific projection conditions, en-
abling the transformation of 2D images into 1D projection curves. These pro-
jection curves, which contain the location information of moving objects, can
be obtained with high resolution in real time, thereby enabling object track-
ing. Additionally, we propose a background subtraction technique that removes
static components from the scene for tracking moving objects. The proposed
technique is validated through computational simulations and laboratory exper-
iments. Our experimental results demonstrate tracking of moving objects using
less than 0.2% of the measurements required by the Nyquist criterion, achiev-
ing a resolution of 256$×$256 pixels at approximately 177 fps. This technique
significantly accelerates tracking speed in SPI and provides an efficient strategy
for remote sensing and biomedical applications.

Keywords: Computational imaging; Image reconstruction techniques; Target
tracking.

Introduction
Image data represents one of the most critical sources of information for human
production and life, with image detection techniques being the predominant ap-
proach for acquiring such data. Single-pixel imaging (SPI) [1-33], also known
as ghost imaging or computational imaging, is an emerging imaging technique
that employs a non-spatially-resolved single-pixel detector to reconstruct object
images. Based on different modulation modes, SPI can be categorized into for-
ward modulation [1-16] and backward modulation [17,18] schemes. In forward
modulation, structured illumination patterns generated by a spatial light mod-
ulator (SLM) or light source array illuminate the object, and the reflected or
transmitted light is collected by a single-pixel detector. In backward modula-
tion, the object’s image is sampled by an SLM, and the sampled information
is detected by a single-pixel detector. While backward-modulation SPI can op-
erate under both natural background light and active illumination conditions,
forward-modulation SPI requires active illumination.
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The object image is recovered by correlating the detected intensities with the
modulation information from the SLM or light source array. Since SPI uses a
detector without spatial resolution to obtain spatially resolved information, it
requires a large number of distinct modulation patterns from the SLM or light
source array over time, thereby sacrificing temporal resolution in exchange for
spatial resolution. Nevertheless, SPI offers significant advantages, including high
signal-to-noise ratio imaging under low-light conditions [16] and wide spectral
imaging capabilities [17], which have attracted considerable attention in recent
years.

Numerous researchers have investigated imaging of moving objects using SPI [19-
23]. Beyond imaging alone, tracking the position of moving objects is paramount
for applications in remote sensing and biomedicine [34]. Conventional moving
object tracking is accomplished using RADAR and LADAR technologies, which
rely on directional probe beams that can be scanned spatially or angularly.
Methods employing SPI for object tracking have also garnered research interest.
Traditional tracking approaches must first obtain time-series images, which are
then processed by subsequent algorithms to track the object [21-23].

In [21], Omar et al. proposed an object tracking method using only
2.44% of the measurements required by the Nyquist criterion, achieving
64$×64𝑝𝑖𝑥𝑒𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑤𝑖𝑡ℎ𝑒𝑛𝑡𝑎𝑛𝑔𝑙𝑒𝑑𝑝ℎ𝑜𝑡𝑜𝑛𝑠.𝐻𝑜𝑤𝑒𝑣𝑒𝑟, 𝑒𝑎𝑐ℎ𝑠𝑐𝑒𝑛𝑒𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑13.3𝑚𝑖𝑛𝑢𝑡𝑒𝑠𝑑𝑢𝑒𝑡𝑜𝑙𝑜𝑤𝑝ℎ𝑜𝑡𝑜𝑛𝑓𝑙𝑢𝑥, 𝑙𝑖𝑚𝑖𝑡𝑖𝑛𝑔𝑡ℎ𝑒𝑠𝑦𝑠𝑡𝑒𝑚′𝑠𝑟𝑒𝑎𝑙−
𝑡𝑖𝑚𝑒𝑡𝑟𝑎𝑐𝑘𝑖𝑛𝑔𝑐𝑎𝑝𝑎𝑏𝑖𝑙𝑖𝑡𝑦.𝐴𝑚𝑒𝑡ℎ𝑜𝑑𝑓𝑜𝑟𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑣𝑒𝑚𝑜𝑣𝑖𝑛𝑔𝑡𝑎𝑟𝑔𝑒𝑡𝑡𝑟𝑎𝑐𝑘𝑖𝑛𝑔𝑤𝑖𝑡ℎ𝑡ℎ𝑒𝑟𝑚𝑎𝑙𝑙𝑖𝑔ℎ𝑡𝑏𝑎𝑠𝑒𝑑𝑜𝑛𝑐𝑜𝑚𝑝𝑙𝑒𝑚𝑒𝑛𝑡𝑎𝑟𝑦𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔𝑤𝑎𝑠𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑𝑖𝑛[22], 𝑡ℎ𝑜𝑢𝑔ℎ𝑖𝑡𝑤𝑎𝑠𝑛𝑜𝑡𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑒𝑑𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑟𝑒𝑎𝑙−
𝑡𝑖𝑚𝑒𝑡𝑟𝑎𝑐𝑘𝑖𝑛𝑔𝑒𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑠.𝐼𝑛[23], 𝑡ℎ𝑒𝑎𝑢𝑡ℎ𝑜𝑟𝑠𝑎𝑐𝑞𝑢𝑖𝑟𝑒𝑑32×$32 pixel real-time
video for three-dimensional object tracking at 14 frames per second (fps) using
SPI. The performance of traditional tracking algorithms based on successive
image capture is closely tied to imaging speed, suggesting that increasing SPI
imaging speed for dynamic scenes could improve tracking efficiency.

Recently, deep learning with convolutional auto-encoder networks has been ap-
plied to achieve real-time 128$×128𝑝𝑖𝑥𝑒𝑙𝑣𝑖𝑑𝑒𝑜𝑎𝑡30𝑓𝑝𝑠[10].𝑇 ℎ𝑒𝑎𝑢𝑡ℎ𝑜𝑟𝑠𝑖𝑛[11]𝑑𝑒𝑚𝑜𝑛𝑠𝑡𝑟𝑎𝑡𝑒𝑑𝑒𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙𝑠𝑖𝑛𝑔𝑙𝑒−
𝑝𝑖𝑥𝑒𝑙𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛𝑤𝑖𝑡ℎ𝑟𝑒𝑎𝑙−𝑡𝑖𝑚𝑒𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑒𝑑𝑖𝑛𝑝𝑎𝑟𝑎𝑙𝑙𝑒𝑙𝑤𝑖𝑡ℎ𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡𝑎𝑡11𝐻𝑧𝑓𝑟𝑎𝑚𝑒𝑟𝑎𝑡𝑒𝑓𝑜𝑟ℎ𝑖𝑔ℎ𝑙𝑦𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑣𝑒𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡𝑠𝑎𝑡256×256𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛.𝑀𝑜𝑟𝑒𝑟𝑒𝑐𝑒𝑛𝑡𝑙𝑦, 𝑎𝑛𝑆𝑃𝐼𝑠𝑐ℎ𝑒𝑚𝑒𝑢𝑠𝑖𝑛𝑔𝑎𝑛𝐿𝐸𝐷−
𝑏𝑎𝑠𝑒𝑑ℎ𝑖𝑔ℎ−𝑠𝑝𝑒𝑒𝑑𝑖𝑙𝑙𝑢𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑚𝑜𝑑𝑢𝑙𝑒𝑎𝑐ℎ𝑖𝑒𝑣𝑒𝑑𝑎𝑛𝑖𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑣𝑒𝑓𝑟𝑎𝑚𝑒𝑟𝑎𝑡𝑒𝑜𝑓1000𝑓𝑝𝑠𝑤𝑖𝑡ℎ32×32𝑝𝑖𝑥𝑒𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛[12].𝑇 ℎ𝑖𝑠𝑓𝑜𝑟𝑤𝑎𝑟𝑑−
𝑚𝑜𝑑𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑚𝑒𝑡ℎ𝑜𝑑𝑜𝑝𝑒𝑟𝑎𝑡𝑒𝑠𝑜𝑛𝑙𝑦𝑢𝑛𝑑𝑒𝑟𝑎𝑐𝑡𝑖𝑣𝑒𝑖𝑙𝑙𝑢𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑠, 𝑎𝑛𝑑𝑖𝑡𝑠𝑖𝑚𝑎𝑔𝑖𝑛𝑔𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑖𝑠𝑙𝑖𝑚𝑖𝑡𝑒𝑑𝑏𝑦𝑡ℎ𝑒𝐿𝐸𝐷𝑎𝑟𝑟𝑎𝑦.𝐴𝑐ℎ𝑖𝑒𝑣𝑖𝑛𝑔𝑚𝑒𝑔𝑎𝑝𝑖𝑥𝑒𝑙−
𝑙𝑒𝑣𝑒𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛(𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑡𝑜𝑡ℎ𝑎𝑡𝑜𝑓𝑆𝐿𝑀𝑠𝑠𝑢𝑐ℎ𝑎𝑠𝑑𝑖𝑔𝑖𝑡𝑎𝑙𝑚𝑖𝑐𝑟𝑜−𝑚𝑖𝑟𝑟𝑜𝑟𝑑𝑒𝑣𝑖𝑐𝑒𝑠(𝐷𝑀𝐷𝑠)𝑤𝑖𝑡ℎ2560×1600𝑝𝑖𝑥𝑒𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛)𝑟𝑒𝑚𝑎𝑖𝑛𝑠𝑐ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑖𝑛𝑔.𝐷𝑢𝑒𝑡𝑜𝑡ℎ𝑒𝑖𝑛𝑣𝑒𝑟𝑠𝑒𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝𝑏𝑒𝑡𝑤𝑒𝑒𝑛𝑖𝑚𝑎𝑔𝑖𝑛𝑔𝑓𝑟𝑎𝑚𝑒𝑟𝑎𝑡𝑒𝑎𝑛𝑑𝑝𝑖𝑥𝑒𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛, 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑖𝑛𝑔𝑓𝑟𝑎𝑚𝑒𝑟𝑎𝑡𝑒𝑛𝑒𝑐𝑒𝑠𝑠𝑖𝑡𝑎𝑡𝑒𝑠𝑟𝑒𝑑𝑢𝑐𝑖𝑛𝑔𝑝𝑖𝑥𝑒𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛.𝐹𝑜𝑟𝑒𝑥𝑎𝑚𝑝𝑙𝑒, 𝑢𝑛𝑑𝑒𝑟𝑡ℎ𝑒𝑠𝑎𝑚𝑒𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑣𝑒𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔𝑟𝑎𝑡𝑒, 𝑡ℎ𝑒𝑓𝑟𝑎𝑚𝑒𝑟𝑎𝑡𝑒𝑖𝑠1000𝑓𝑝𝑠𝑎𝑡32×32𝑝𝑖𝑥𝑒𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑏𝑢𝑡𝑜𝑛𝑙𝑦15.6𝑓𝑝𝑠𝑎𝑡256×$256
pixel resolution.

In SPI, DMD systems are widely used as SLMs due to their high reflectivity,
high light throughput, high frame rates, and high spatial resolution [35]. Based
on the principle of optical reversibility, DMD-based SPI works effectively un-
der both active and passive illumination conditions, making DMD-based SPI
research highly significant. However, due to DMD modulation rate limitations,
the imaging frame rates of existing technologies cannot meet the high-resolution,
high-real-time requirements of object tracking. Nevertheless, to track a moving
object, one does not necessarily need to “see”it [34]!

Capturing successive images for further processing is not essential for object
tracking. Therefore, we propose a novel, effective method based on DMD-SPI
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that can track moving objects with high pixel resolution and an ultra-low sam-
pling rate, independent of successive image capture. In our real-time tracking
experiments, we achieve 256$×$256 pixel resolution at approximately 177 fps
using less than 0.2% of the measurements required by the Nyquist criterion. The
remainder of this paper is organized as follows: Section 2 introduces the theoret-
ical principles and methodology, Section 3 presents simulations and experiments
evaluating the proposed method, and Section 4 summarizes the conclusions of
this work.

2. Principles and Methods
According to the SPI principle, modulation pattern 𝑆𝑛 is used to modulate the
light at the 𝑛-th time step, and a clear pattern image correlated with 𝑆𝑛 is
presented for the scene containing moving objects. The reflected light from the
scene is detected by a single-pixel detector, and the detection intensity 𝐼𝑛 can
be expressed as

𝐼𝑛 = ∑
𝑥,𝑦

𝑓𝑡(𝑥, 𝑦) ⋅ 𝑆𝑛(𝑥, 𝑦)

where 𝑥 and 𝑦 are spatial coordinates, 𝑓𝑡 represents the scene information in-
cluding moving objects at time 𝑡, and ∑𝑥,𝑦 denotes summation along the 𝑥
and 𝑦 directions. The scene image can be recovered by correlating the detected
intensity values with the modulation information. However, due to DMD mod-
ulation rate limitations, the imaging frame rate of SPI remains insufficient for
high-resolution imaging of fast-moving objects. In other words, the imaging
frame rate cannot meet the high-resolution, real-time requirements of object
tracking, making object tracking a challenging problem for SPI using traditional
successive-image-based methods.

Nevertheless, to track a moving object, we need only obtain its positional in-
formation in real time. In conventional strategies, positional information is
extracted from captured successive images, which are merely a means to this
end rather than a necessary component of tracking itself [34]. Constrained by
SPI imaging frame rate, a novel technique distinct from traditional imaging
strategies is required to recover object positional information. Here, we propose
a new method to obtain object positional information from 1D projection curves,
which enable us to locate objects based on edges in the projection curves [9]. The
projection curve of an 𝑁 ×𝑀 -pixel image 𝑓𝑡(𝑥, 𝑦) onto the 𝑥-axis is expressed as
𝑓𝑡,𝑦(𝑥), while the projection onto the 𝑦-axis is 𝑓𝑡,𝑥(𝑦). These projection curves
can be expressed as

𝑓𝑡,𝑥(𝑦) = ∑
𝑥

𝑓𝑡(𝑥, 𝑦), 𝑓𝑡,𝑦(𝑥) = ∑
𝑦

𝑓𝑡(𝑥, 𝑦)
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where ∑𝑥 and ∑𝑦 represent integration along the 𝑥 and 𝑦 directions, respec-
tively.

Applying the same operation to the modulation information 𝑆𝑛, the equations
transform to

𝐼𝑛 = ∑
𝑦

𝑓𝑡,𝑥(𝑦) ⋅ 𝑆𝑥,𝑛(𝑦) = ∑
𝑥

𝑓𝑡,𝑦(𝑥) ⋅ 𝑆𝑦,𝑛(𝑥)

where 𝑆𝑥,𝑛(𝑦) and 𝑆𝑦,𝑛(𝑥) represent the projection curves of 𝑆𝑛(𝑥, 𝑦) onto the
𝑥- and 𝑦-axes, respectively. Figure 1 [Figure 1: see original paper] illustrates
the process of obtaining projection curves, with panels A and B showing the
projection curves of the scene and modulation information, respectively.

The parameters are adjusted to satisfy the projection conditions. The above
formulas demonstrate that the interaction intensities between the illumination
pattern and scene coincide with those between the projection curves of the
scene and modulation information. We design a specific form of modulation
information 𝑆𝑛 to satisfy these equations. Here, projection modulation infor-
mation 𝑆𝑥 and 𝑆𝑦 with mutually orthogonal properties are constructed from
a Hadamard matrix. In Fig. 2 [Figure 2: see original paper], we use a 3rd-
order Hadamard matrix as an example. Each row (𝑆𝑥,1, 𝑆𝑥,2, … , 𝑆𝑥,8) of the
Hadamard matrix constitutes 𝑆𝑥, and each column (𝑆𝑦,1, 𝑆𝑦,2, … , 𝑆𝑦,8) consti-
tutes 𝑆𝑦. When constructing modulation information 𝑆𝑥(𝑥, 𝑦), each row in the
matrix equals a row of data from 𝑆𝑥, yielding 8 modulation information matrices
[𝑆𝑥,1(𝑥, 𝑦), 𝑆𝑥,2(𝑥, 𝑦), … , 𝑆𝑥,8(𝑥, 𝑦)]. For example, each row of matrix 𝑆𝑥,4(𝑥, 𝑦)
equals the row 𝑆𝑥,4. Similarly, when constructing 𝑆𝑦(𝑥, 𝑦), each column in the
matrix equals a column of data from 𝑆𝑦, yielding 8 modulation information ma-
trices [𝑆𝑦,1(𝑥, 𝑦), 𝑆𝑦,2(𝑥, 𝑦), … , 𝑆𝑦,8(𝑥, 𝑦)]. For instance, each column of matrix
𝑆𝑦,4(𝑥, 𝑦) equals the column 𝑆𝑦,4. The object is illuminated with modulated
patterns 𝑆𝑥(𝑥, 𝑦) and 𝑆𝑦(𝑥, 𝑦), and the corresponding detected intensities 𝐼𝑛𝑥
and 𝐼𝑛𝑦 are obtained. Figure 2 demonstrates that these modulation information
matrices satisfy the conditions in Eqs. (6) and (7).

Since the modulation information applied by the DMD is known beforehand, the
projection curves of the illumination pattern in both directions are also known.
According to the SPI principle, the detected intensities combined with 𝑆𝑥 and
𝑆𝑦 are used to recover the projection curves 𝑓𝑡,𝑥(𝑦) and 𝑓𝑡,𝑦(𝑥) of the objects,
expressed as

𝑓𝑡,𝑥(𝑦) = ∑
𝑛

𝐼𝑛𝑦 ⋅ 𝑆𝑦,𝑛(𝑥), 𝑓𝑡,𝑦(𝑥) = ∑
𝑛

𝐼𝑛𝑥 ⋅ 𝑆𝑥,𝑛(𝑦)

The above analysis assumes a uniform background. In many practical situa-
tions, objects move in complex backgrounds, requiring a background subtraction
method [21] to remove background interference and obtain accurate motion tra-
jectories. In such cases, the background is first illuminated with modulation
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patterns 𝑆𝑥(𝑥, 𝑦) and 𝑆𝑦(𝑥, 𝑦), and the corresponding background reflected in-
tensities 𝐼𝑛𝑥𝑏 and 𝐼𝑛𝑦𝑏 are acquired. When a moving object enters the scene,
the corresponding detection intensities 𝐼𝑛𝑥 and 𝐼𝑛𝑦 are received. The formulas
for obtaining the projection curves of the moving object at time 𝑡 in a complex
background are

𝑓𝑡,𝑥(𝑦) = ∑
𝑛

(𝐼𝑛𝑦 − 𝐼𝑛𝑦𝑏) ⋅ 𝑆𝑦,𝑛(𝑥), 𝑓𝑡,𝑦(𝑥) = ∑
𝑛

(𝐼𝑛𝑥 − 𝐼𝑛𝑥𝑏) ⋅ 𝑆𝑥,𝑛(𝑦)

When the object’s projection curves 𝑓𝑡,𝑥(𝑦) and 𝑓𝑡,𝑦(𝑥) are recovered, a discon-
tinuity occurs at positions corresponding to object edges because the grayscale
distribution differs between object and background. We employ a first-derivative
edge detection algorithm [36] to identify object edges, as the magnitude of the
first derivative can detect edge presence at image points. By acquiring time-
series positional information of the moving object, tracking can be achieved.
Let the object region be 𝑡(𝑥, 𝑦) at time 𝑡. Then

𝑡(𝑥, 𝑦) = {1 if 𝑥1 ≤ 𝑥 ≤ 𝑥2 and 𝑦1 ≤ 𝑦 ≤ 𝑦2
0 otherwise

where 𝑥1 and 𝑥2 represent the edges of the object region along the 𝑥-axis, and
𝑦1 and 𝑦2 represent the edges along the 𝑦-axis. Using positional information ob-
tained at different times, continuous tracking of moving objects can be achieved.
Our method converts recovered information from 2D image data to 1D projec-
tion data, greatly reducing the amount of information to be restored and improv-
ing real-time tracking performance. The following section presents experimental
validation of the proposed method.

3.1 Computational Simulations
We employed computational simulations to study the proposed method. The
test images are shown in Fig. 3 [Figure 3: see original paper], where panel A
shows the object to be tracked, panel B shows a complex background scene, and
panel C shows the object in the complex scene. All images are 256$×$256 pixels.
An 8th-order Hadamard matrix was generated, and the modulated projection
patterns 𝑆𝑥 and 𝑆𝑦 in the 𝑥 and 𝑦 directions were obtained according to the
rules described above. Russian Dolls ordering [18] was applied to the modulated
projection patterns to compress the tracking data. The compression sampling
rate is defined as

Sampling Rate = 𝐾
𝑀2

where 𝐾 is the number of modulated patterns and 𝑀2 is the number of pixels
in the image.
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The first experiment localized the object in a uniform black background as
shown in Fig. 3A. The object’s projection curves under different numbers
of modulated patterns are displayed in Fig. 4 [Figure 4: see original paper],
demonstrating that recovered projection curves become more accurate as the
number of samples increases. We quantified the accuracy using the percentage
root mean square error (RMSE), expressed as

RMSE = ‖𝑓𝑥,𝑘 − 𝑓𝑥‖2
‖𝑓𝑥‖2

× 100%, RMSE = ‖𝑓𝑦,𝑘 − 𝑓𝑦‖2
‖𝑓𝑦‖2

× 100%

where 𝑅(𝑓𝑥,𝑘) and 𝑅(𝑓𝑦,𝑘) represent the RMSEs of the recovered projection
curves; 𝑓𝑥,𝑘 and 𝑓𝑦,𝑘 are the recovered projection curves in the 𝑦 and 𝑥 directions
when the sample number is 𝑘; and 𝑓𝑥 and 𝑓𝑦 are the true projection curves in
the 𝑦 and 𝑥 directions, respectively. The results in Fig. 5 [Figure 5: see original
paper] indicate that recovered curves approach true projection curves as sample
number increases. When the number of samples exceeds 32, the RMSE falls
below 10%.

For moving object tracking, the region information 𝑡(𝑥, 𝑦) must be obtained.
Edge detection is applied to the projection curves to acquire parameters
𝑥1, 𝑥2, 𝑦1, and 𝑦2. The bright points in Fig. 6 [Figure 6: see original paper]
show these parameters under different sampling numbers. While errors exist
in the obtained position parameters when sample numbers are small, the
parameters stabilize as sample number increases. When projection numbers in
both 𝑥 and 𝑦 directions exceed 128, the acquired positional parameters remain
unchanged, indicating that beyond a certain sampling threshold, positional
parameters and tracking accuracy become stable.

The second experiment localized the object in the complex scene shown in Fig.
3C. First, the complex scene was illuminated and reflected intensities 𝐼𝑛𝑥𝑏 and
𝐼𝑛𝑦𝑏 were obtained. Then the scene containing the object was illuminated and
reflected intensities 𝐼𝑛𝑥 and 𝐼𝑛𝑦 were received. Using Eqs. (10) and (11) to
restore the object’s projection curves with different sample numbers yielded
the results shown in Fig. 7 [Figure 7: see original paper], demonstrating that
the background subtraction technique effectively removes static components and
accurately obtains object positional parameters.

Because Russian Dolls ordering sorts the patterns, the resolution of recovered
information gradually increases with sample number, as evident in Figs. 4
and 7. With few samples, the restored projection curve resolution is low, but
resolution improves and approaches true values as sample number increases.
Since most spatial information energy in projection curves can be recovered
using top-ranked patterns [18], we can acquire sufficient energy components to
reconstruct high-quality projection curves. Fewer patterns enable higher frame
rates, and when positioning resolution requirements are modest, this method
effectively increases fps.
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The static object simulation results demonstrate that the proposed method ef-
fectively achieves object localization. Due to the binary modulation employed,
high-speed DMD binary modulation can be utilized for real-time tracking of
moving objects at high resolution. Laboratory experiments investigating real-
time moving object tracking are presented next.

3.2 Laboratory Experiments
The proposed technique was validated using the experimental system illustrated
in Fig. 8 [Figure 8: see original paper]. A 10 W white LED serves as the
illumination source. A DMD system (Texas Instruments Discovery V7100
with 1024$×768𝑚𝑖𝑐𝑟𝑜 − 𝑚𝑖𝑟𝑟𝑜𝑟𝑠)𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑠𝑡ℎ𝑒𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑠.𝐴𝑠𝑖𝑛𝑔𝑙𝑒 −
𝑝𝑖𝑥𝑒𝑙𝑑𝑒𝑡𝑒𝑐𝑡𝑜𝑟(𝑆𝐷, 𝑇 ℎ𝑜𝑟𝑙𝑎𝑏𝑠𝑃𝑀𝑇 −𝑃𝑀𝑀02)𝑎𝑛𝑑𝑑𝑎𝑡𝑎𝑎𝑐𝑞𝑢𝑖𝑠𝑖𝑡𝑖𝑜𝑛𝑠𝑦𝑠𝑡𝑒𝑚(𝑃 𝑖𝑐𝑜6407𝑤𝑖𝑡ℎ200𝑀𝑆/𝑠𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔𝑟𝑎𝑡𝑒)𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑙𝑖𝑔ℎ𝑡𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛𝑎𝑛𝑑𝑑𝑎𝑡𝑎𝑎𝑐𝑞𝑢𝑖𝑠𝑖𝑡𝑖𝑜𝑛, 𝑟𝑒𝑠𝑝𝑒𝑐𝑡𝑖𝑣𝑒𝑙𝑦.𝐿𝑖𝑔ℎ𝑡𝑓𝑟𝑜𝑚𝑡ℎ𝑒𝐿𝐸𝐷𝑒𝑛𝑡𝑒𝑟𝑠𝑎𝑙𝑒𝑛𝑠, 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑠𝑜𝑓𝑓𝑡ℎ𝑒𝐷𝑀𝐷, 𝑎𝑛𝑑𝑖𝑠𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑒𝑑𝑜𝑛𝑡𝑜𝑡ℎ𝑒𝑜𝑏𝑗𝑒𝑐𝑡𝑏𝑦𝑎𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑙𝑒𝑛𝑠(𝑃𝐿)𝑤𝑖𝑡ℎ125𝑚𝑚𝑓𝑜𝑐𝑎𝑙𝑙𝑒𝑛𝑔𝑡ℎ.𝑅𝑒𝑓𝑙𝑒𝑐𝑡𝑒𝑑𝑙𝑖𝑔ℎ𝑡𝑓𝑟𝑜𝑚𝑡ℎ𝑒𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑠𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑒𝑑𝑏𝑦𝑎𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑖𝑛𝑔𝑙𝑒𝑛𝑠(𝐶𝐿)𝑤𝑖𝑡ℎ100𝑚𝑚𝑓𝑜𝑐𝑎𝑙𝑙𝑒𝑛𝑔𝑡ℎ𝑎𝑛𝑑𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑𝑏𝑦𝑡ℎ𝑒𝑠𝑖𝑛𝑔𝑙𝑒−
𝑝𝑖𝑥𝑒𝑙𝑑𝑒𝑡𝑒𝑐𝑡𝑜𝑟.𝑇 ℎ𝑒𝑒𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑎𝑛𝑑𝑑𝑎𝑡𝑎𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝑟𝑖𝑠𝑎𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡𝑠𝑃𝑋𝐼𝑠𝑦𝑠𝑡𝑒𝑚𝑤𝑖𝑡ℎ𝑎𝑛𝐼𝑛𝑡𝑒𝑙𝐶𝑜𝑟𝑒𝑖7𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑜𝑟, 12𝐺𝐵𝑅𝐴𝑀, 𝑟𝑢𝑛𝑛𝑖𝑛𝑔𝑊𝑖𝑛𝑑𝑜𝑤𝑠7.𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑣𝑎𝑙𝑢𝑒𝑠𝑎𝑟𝑒𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑡𝑡𝑒𝑑𝑡𝑜𝑡ℎ𝑒𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝑟𝑣𝑖𝑎𝑡ℎ𝑒𝑑𝑎𝑡𝑎𝑎𝑐𝑞𝑢𝑖𝑠𝑖𝑡𝑖𝑜𝑛𝑠𝑦𝑠𝑡𝑒𝑚(𝐷𝐴𝑆).𝐼𝑛𝑡ℎ𝑒𝑒𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡, 3×3𝐷𝑀𝐷𝑚𝑖𝑟𝑟𝑜𝑟𝑠𝑎𝑟𝑒𝑔𝑟𝑜𝑢𝑝𝑒𝑑𝑖𝑛𝑡𝑜𝑜𝑛𝑒𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑐𝑒𝑙𝑙𝑐𝑜𝑟𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑖𝑛𝑔𝑡𝑜𝑎𝑠𝑖𝑛𝑔𝑙𝑒𝑖𝑚𝑎𝑔𝑒𝑝𝑖𝑥𝑒𝑙, 𝑤𝑖𝑡ℎ𝑡ℎ𝑒𝑐𝑒𝑛𝑡𝑟𝑎𝑙768×768𝑚𝑖𝑟𝑟𝑜𝑟𝑠𝑢𝑡𝑖𝑙𝑖𝑧𝑒𝑑, 𝑦𝑖𝑒𝑙𝑑𝑖𝑛𝑔𝑎𝑛𝑖𝑚𝑎𝑔𝑒𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑜𝑓256×$256
pixels.

The object is a white button approximately 3 cm in diameter, suspended by a
black string and moved by pulling the string. The experimental setup is shown
in Fig. 8.

Hadamard patterns are constructed with values of either +1 or -1. Since DMD
illumination patterns are binary, positive and negative reflection values cannot
be directly implemented. To address this, we use complementary matrix pairs
related by subtraction, as detailed in [33]. This approach effectively removes
background light influence. Balancing real-time performance and tracking accu-
racy, we employ Russian Dolls ordering [18] to select 128 patterns (64 positive
and 64 negative) for illumination, achieving a sampling rate of approximately
0.195%. The numbers of modulation patterns 𝑆𝑥(𝑥, 𝑦) and 𝑆𝑦(𝑥, 𝑦) are each 64.
The DMD projection frequency is set to 22.7 kHz, yielding an object position
acquisition frequency of approximately 177 fps.

Uniform Background Tracking. First, the white button moved randomly in
a uniform black background. The object was located approximately 1.6 m from
the imaging system, with the DMD illuminating an area of about 13.5$×$13.5
cm at the object plane. We performed 600 consecutive projection and acqui-
sition cycles, achieving real-time object position acquisition. Figure 9 [Figure
9: see original paper] shows the results, with panel A displaying x-direction
projection distributions at different times and panel B showing y-direction dis-
tributions. The ordinate represents the time axis, with each row showing the
projection curve at a specific time. During the experiment, the object moved out
of the field of view (FOV) for a period, accurately recorded and marked with
red squares in Fig. 9. During this interval, the projection distribution lacks
clear edges compared to when the object is within the FOV, and the algorithm
automatically sets the object position to 0. In another instance, only a small
portion of the object remained in the FOV, marked with green squares in Fig. 9.
When position information 𝑡(𝑥, 𝑦) is obtained at different times, it is displayed
with white squares in time series. Center coordinates of these regions are calcu-
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lated and plotted versus time (Fig. 10 [Figure 10: see original paper]). A video
of this real-time tracking process was created (see Visualization 1), played at 30
fps for 20 seconds. In Figs. 9 and 10, parameter 𝑡𝑚 denotes one measurement
duration, approximately 5.6 milliseconds.

Complex Background Tracking. Second, the object was tracked in the
complex scene shown in Fig. 11 [Figure 11: see original paper], containing
two stationary objects and one moving object. The moving white button from
the first experiment was used, while the two stationary objects (monkey and
mouse) served as the complex background. The moving object was located
approximately 1.9 m from the imaging system, with the DMD illuminating a
15$×$15 cm area. We first illuminated the complex background and recorded
the reflected intensities, then saved these probe values. When the moving object
entered the scene and performed random motion, we received the new reflected
intensities. The background subtraction technique was used to recover the real-
time projection curves of the moving object. The resulting projection curves in
both directions at different times are shown in Fig. 12 [Figure 12: see original
paper], demonstrating that the object region can be identified and marked in
white. Similarly, 600 experimental cycles were performed and compiled into a
video (see Visualization 2), played at 30 fps for 20 seconds. After acquiring area
information 𝑡(𝑥, 𝑦), the region’s center coordinates were calculated (Fig. 13
[Figure 13: see original paper]).

The experimental results demonstrate that with an extremely low sam-
pling rate of approximately 0.20%, real-time tracking of moving objects at
256$×256𝑝𝑖𝑥𝑒𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑛𝑑 177𝑓𝑝𝑠𝑖𝑠𝑎𝑐ℎ𝑖𝑒𝑣𝑎𝑏𝑙𝑒𝑢𝑠𝑖𝑛𝑔𝑜𝑢𝑟𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑𝑚𝑒𝑡ℎ𝑜𝑑.𝑇 𝑟𝑎𝑐𝑘𝑖𝑛𝑔𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖𝑠𝑎𝑓𝑓𝑒𝑐𝑡𝑒𝑑𝑏𝑦𝑚𝑜𝑡𝑖𝑜𝑛𝑏𝑙𝑢𝑟, 𝑤ℎ𝑖𝑐ℎ𝑑𝑒𝑝𝑒𝑛𝑑𝑠𝑜𝑛𝑜𝑏𝑗𝑒𝑐𝑡𝑠𝑝𝑒𝑒𝑑, 𝑓𝑟𝑎𝑚𝑒𝑟𝑎𝑡𝑒, 𝑎𝑛𝑑𝑖𝑚𝑎𝑔𝑖𝑛𝑔𝑠𝑦𝑠𝑡𝑒𝑚𝑝𝑖𝑥𝑒𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛.𝑊ℎ𝑒𝑛𝑜𝑏𝑗𝑒𝑐𝑡𝑚𝑜𝑡𝑖𝑜𝑛𝑑𝑢𝑟𝑖𝑛𝑔𝑜𝑛𝑒𝑓𝑟𝑎𝑚𝑒′𝑠𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒𝑡𝑖𝑚𝑒𝑖𝑠𝑙𝑒𝑠𝑠𝑡ℎ𝑎𝑛𝑡ℎ𝑒𝑝𝑖𝑥𝑒𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛, 𝑡𝑟𝑎𝑐𝑘𝑖𝑛𝑔𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑟𝑒𝑚𝑎𝑖𝑛𝑠𝑙𝑎𝑟𝑔𝑒𝑙𝑦𝑢𝑛𝑎𝑓𝑓𝑒𝑐𝑡𝑒𝑑; 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒, 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑑𝑒𝑔𝑟𝑎𝑑𝑒𝑠.𝐹𝑢𝑟𝑡ℎ𝑒𝑟𝑚𝑜𝑟𝑒, 𝑡ℎ𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑎𝑐𝑞𝑢𝑖𝑠𝑖𝑡𝑖𝑜𝑛𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦𝑐𝑎𝑛𝑏𝑒𝑑𝑜𝑢𝑏𝑙𝑒𝑑𝑡𝑜𝑎𝑝𝑝𝑟𝑜𝑥𝑖𝑚𝑎𝑡𝑒𝑙𝑦354𝑓𝑝𝑠𝑎𝑡256×$256
pixel resolution using the complementary modulation acquisition scheme for
DMD-SPI [8]. As DMD technology advances, modulation frequencies will
increase, further accelerating the proposed technique’s tracking speed. At
reduced resolution, frequencies can reach thousands of fps, substantially
improving tracking efficiency for applications such as remote sensing and
intelligent transportation.

4. Discussion and Conclusions
Investigating moving object tracking capability via SPI is valuable research. In
this paper, we proposed a fast object tracking technique based on SPI with an
ultra-low sampling rate independent of imaging reconstruction. We constructed
modulation patterns satisfying projection conditions, enabling SPI to obtain
moving object projection curves in real time and achieve high-resolution real-
time tracking. This method requires extremely few samples and can overcome
background interference through background subtraction. Both computational
simulations and laboratory experiments validate the proposed method’s effec-
tiveness.

Currently, our method has three limitations. First, it can track only a single
moving object. Since the method uses only two projection direction curves,
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multiple moving objects produce entangled solutions. Second, in complex back-
grounds, measurement errors occur when the tracked object and background
objects have identical reflectivity, causing overlap. Third, the Russian Dolls or-
dering used in our method reduces resolution and introduces measurement error.
Future work will combine pattern recognition and deep learning algorithms to
address these limitations.
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