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Abstract—Quanta image sensors are a novel paradigm in
image sensor technology. Their direct application to quanta image
sensors-based imaging systems is challenging because a bit-plane
image is a set of binary images. In this paper, we introduce spatio-
temporal priors based on the intensity invariance and smoothness
characteristics of the motion vector. Specifically, we model when
the image sequences align with the correct motion vector, the
spatiotemporal structure becomes more consistent. Moreover, the
spatial smoothness prior is incorporated through the smoothing
filtering of the evaluation metrics of motion vector candidates.
The experimental results show that the proposed method is more
effective than conventional methods.

Index terms— motion estimation, quanta image sensors,
bit-plane images, spatio-temporal prior

I. INTRODUCTION

Quanta image sensors (QISs) represent a novel paradigm in
image sensor technology [1]–[3]. These sensors can detect
individual photons while maintaining ultralow read noise [4]–
[6]. They also feature a high temporal resolution of over
10,000 frames per second (fps), enabling the detection of
individual photons. QIS-based imaging systems produce bit-
plane images, which are time sequences of binary images
that indicate whether a photon is incident [3]. These sensors
outperformed traditional CMOS image sensors in low-light
environments and for imaging high-speed moving objects.
Therefore, QIS-based imaging systems can be employed in
various applications, including high-dynamic-range (HDR)
imaging [7]–[10] and low-light environment imaging [11],
[12].

QIS-based imaging systems are particularly suitable for
motion estimation tasks because they facilitate the capture of
motion information from objects moving at ultra-high speeds.
However, QIS-based imaging systems produce bit-plane im-
ages that fundamentally differ from multibit natural images.
Consequently, it is difficult to estimate motion vectors with
high accuracy for QIS-based imaging systems by applying
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conventional motion estimation methods to multi-bit imaging
systems. Therefore, we must develop a motion estimation
algorithm adapted specifically for QIS-based imaging systems.

A few motion estimation methods for QIS-based imaging
systems have been reported [13]–[15]. The conventional mo-
tion estimation methods for these systems can be categorized
into two approaches: indirect estimation from bit-plane im-
ages [13] and direct estimation from bit-plane images [14],
[15]. Jungerman et al. [13] proposed an indirect motion
estimation method from bit-plane images. They reconstructed
multiple multi-bit images from bit-plane images and estimated
the motion vectors using the obtained reconstructed image
sequences. However, this approach significantly degrades the
time resolution because numerous bit-plane images are re-
quired to reconstruct a single multi-bit image. Moreover,
motion within the bit-plane images causes motion blur in the
reconstructed image; thus, the accuracy of motion estimation is
degraded. These issues indicate that indirect motion estimation
techniques do not fully leverage QIS-based imaging systems.

Unlike indirect methods, direct estimation methods directly
estimate the motion from bit-plane images [14], [15]. These
methods extract the time sequence of incident photons from
bit-plane images along candidate motion vectors and statis-
tically evaluate the temporal variation in incident photons
caused by motion. To evaluate the temporal variation, the
method proposed by Gyongy et al. [14] employs the confi-
dence interval for the probability of incident photons in the
spatio-temporally reduced cubicle of the bit-plane images. In
addition, Iwabuchi et al. [15] used chi-square values to analyze
the time sequence of the incident photons in a single pixel.
This statistical approach is primarily motivated by the fact
that the number of incident photons fluctuates over time, even
without motion, because the behavior of the incident photons
follows the Poisson process [7]–[10]. Although these methods
utilize the temporal characteristics of incident photons, they
do not effectively leverage the priors of motion vectors, such
as the spatial intensity invariance between the corresponding
pixels in adjacent frames and the smoothness of the motion
vectors in neighboring pixels [16].

The incorporation of motion vector priors is a potential
approach for accurate motion estimation in QIS-based imaging
systems. These priors have contributed to the success of accu-
rate motion estimation of multi-bit image sequences. However,
their direct application to QIS-based systems is challenging
because a bit-plane image is a set of binary images. Therefore,
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these priors must be reconsidered within the framework of
QIS-based imaging systems.

In this study, we propose a novel direct motion estima-
tion method for QIS-based imaging systems that introduce
spatio-temporal priors based on the intensity invariance and
smoothness characteristics of the motion vector. Inspired by
the intensity invariance characteristics used in the optical
flow framework [17], we introduce a spatio-temporal consis-
tency prior derived from the spatial gradient of the photon
intensity. As known as intensity invariance characteristics,
discriminative spatial structures, such as object boundaries
and textures, provide useful cues for motion estimation [17].
We re-examined the aforementioned characteristics for spatio-
temporal consistency. Specifically, we model when the bit-
plane image sequences align with the correct motion vector,
the spatio-temporal structure becomes more consistent. This
leads to an increase in the spatial gradient of the photon
intensity calculated from the sum of aligned bit-plane image
sequences; thus, this metric can effectively assess the reliabil-
ity of the motion estimation. Furthermore, the spatial smooth-
ness prior was incorporated through the smoothing filtering
of the evaluation metrics of the motion vector candidates.
Considering these priors, we formulate the motion vector
estimation as a weighted optimization problem based on a
joint filtering framework [18].

II. PROPOSED METHOD

A. Overview

The proposed method estimates motion vectors by intro-
ducing spatio-temporal priors directly from bit-plane images.
Figure 1 shows an overview of the proposed method. Inspired
by [17], the objective function for the motion vector estimation
is formulated as follows:

u∗
q = arg min

u∈ψ

∑
r∈N

wswtE
(u)
r , (1)

where u∗
q is the estimated motion vector at pixel position q,

E
(u)
r is the error evaluation metric for motion vector candidate

u at r, and N is the set of pixel positions in the neighborhood
centered on q. In addition, ws and wt are weights based on
the spatial and temporal priors, respectively.

Eq. (1) implies that the error evaluation metrics E
(u)
r are

filtered using weights based on the spatial and temporal priors,
ws and wt. The error evaluation metrics for bit-plane images
in this method correspond to the representation of the intensity
invariance prior, although this constraint is weak owing to
the stochastic time fluctuations of the photons. Moreover,
conventional methods do not incorporate a smoothing prior.
Therefore, the proposed method introduces weights ws and
wt as error evaluation metrics to effectively represent these
priors.

B. Calculation of Chi-Square Values as Error Evaluation
Metrics

The proposed method employs chi-square values, (χ2)
(u)
q ,

as error evaluation metrics, E
(u)
r := (χ2)

(u)
q , similar to

the approach described in [15]. This is because the incident
photons are known to have stochastic characteristics. Using
chi-square values, we can stochastically evaluate the temporal
variation in the number of photons incident on the region of
interest.

The set of bit-plane images {Bt}Tt=1 is spatially shifted
according to the candidate motion vector u to obtain a set
of images {B(u)

t }Tt=1. From this set, we extracted the spatial
patches of K × K pixels centered at position q within the
image-plane domain. The time sequence of these extracted
patches is denoted as {{B(u)

t,q }q∈Ω}Tt=1, where Ω represents
the set of K ×K pixel positions centered at q.

We divide the time sequence of these extracted patches,
{{B(u)

t,q }q∈Ω}Tt=1, into G (= ⌈T/M⌉) groups along the time
direction, where M represents the number of frames in each
group. Subsequently, the total number of photons incident in
each group was calculated. The total photon count for the g-th
group at position q, s(u)

g,q , is computed as follows:

s(u)
g,q =

gM−1∑
t=M(g−1)

∑
q∈Ω

B
(u)
t,q . (2)

The total photon count, s(u)
g,q , is known to follow a binomial

distribution, modeled by the MK2 Bernoulli trials of whether
a photon was detected [15].

We compute the chi-square values, (χ2)
(u)
q , using the for-

mula from {s(u)
g,q}Gg=1 as described in the method [15]:

(χ2)(u)
q =

G∑
g=1

(
Z(u)
g,q

)2
, (3)

where Z
(u)
g,q is the standardized value of s(u)

g,q approximated to
the standard normal distribution using the de Moivre-Laplace
theorem [19]:

Z(u)
g,q =

s
(u)
g,q −MK2 p

(u)
q√

MK2 p
(u)
q

(
1− p

(u)
q

) , (4)

where p
(u)
q denotes the mean probability of detecting photons

within the set of {{B(u)
t,q }q∈Ω}Tt=1 in the spatio-temporal

domain, calculated as follows:

p(u)
q =

1

TK2

T∑
t=1

∑
q∈Ω

B
(u)
t,q . (5)

C. Spatial-Temporal Priors to Chi-Square Values

We introduce spatio-temporal priors to the chi-square val-
ues obtained (χ2)

(u)
q by using a joint bilateral filtering

scheme [20]. Spatio-temporal priors represent the spatial con-
sistency of motion vector smoothness and the intensity values
derived from the time sequence of incident photons.

We first reconstruct the guidance image, I(u), for each
motion vector candidate, u, from {B(u)

t }Tt=1, using the image
reconstruction method [3], which reconstructs the multibit
image from bit-plane images. Regions of the image I(u) where
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Fig. 1: Overview of the proposed method. The proposed method consists of four steps: calculating the error evaluation metrics
using chi-square values, introducing spatio-temporal priors to the chi-square values, determining the dynamic or static region,
and estimating the motion vectors.

the motion vector candidates match the correct motion vector
without motion blur. This indicates that in regions without
blurring, the image preserves its spatial structure; thus, I(u)

is suitable as a guidance image. Furthermore, the intensity of
the guidance image corresponds to the temporal features of the
bit-plane images. Consequently, using the image as a guidance
image in the joint filter for the chi-square values, we can
refine these values while preserving the spatial smoothness of
the motion vectors. Moreover, the intensity difference between
neighboring pixels is similar to the intensity invariance prior
in general motion estimation methods. This ensures that the
refinement process improves the accuracy and reliability of the
motion vector estimation.

Using I(u) as the guidance image, we then obtain refined
chi-square values, (χ2

st)
(u)
q , applying the joint bilateral filtering

to (χ2)
(u)
q :

(χ2
st)

(u)
q =

1

η

∑
r∈N

wswt(χ
2)(u)

r , (6)

ws := exp

(
∥q − r∥22
−2σ2

s

)
, (7)

wt := exp

(
∥I(u)

q − I
(u)
r ∥22

−2σ2
t

)
, (8)

where σs and σt are the smoothing parameters for the spatial
and range spaces, respectively. In addition, η is the nor-
malization term, and N is the set of pixel positions in the
neighborhood pixels centered on q.

The weight wt calculated from the intensity difference
between neighborhood pixels in the guidance image represents
the similarity of the time sequence of the incident photons. In
addition, combined with the weights for spatial smoothness
ws, Eq. 6 favors spatially and temporally consistent neighbor-
hoods. Thus, these weights effectively improved the estimation
accuracy of the motion vectors.

D. Determining the Dynamic and Static Regions

We determined the dynamic and static regions to precisely
estimate the motion vectors. The number of incident photons

(a) Scene A (b) Scene B

Fig. 2: Test scenes: In Figs. (a) and (b), there are two moving
airplanes and balloons, respectively. In both figures, the mov-
ing objects move vertically and horizontally, respectively.

in the static regions was stable and its temporal variation was
low. Therefore, the chi-square values for static regions are
ideally small. However, in practice, the number of incident
photons fluctuates because it follows a Poisson process [3].
These variations in the number of photons cause performance
degradation in the motion vector estimation. Therefore, the
proposed method determines the dynamic and static regions
before estimating motion vectors.

To determine the dynamic or static regions, we applied
thresholding to (χ2

st)
(u=0)
q , which is a refined chi-squared

value when the non-motion condition is assumed (i.e., u = 0).
The set of pixel positions in the dynamic region Φ is obtained
as follows:

Φ = {q |α < (χ2
st)

(u=0)
q }, (9)

where α is the threshold value for determining the dynamic
or static regions. A high value of (χ2

st)
(u=0)
q suggests a

significant temporal variation, indicating a dynamic region.
This thresholding process functions as a chi-squared test for
(χ2

st)
(u=0)
q , where α is set according to the significance

level of the chi-squared distribution with G − 1 degrees of
freedom [15].



(a) Ground truth (b) Gyongy et al. [14] (c) Iwabuchi et al. [15] (d) Ours (K = 3) (e) Ours (K = 5) (f) Ours (K = 7)

Fig. 3: Visual comparisons of estimated motion vectors (Scene A).

(a) Ground truth (b) Gyongy et al. [14] (c) Iwabuchi et al. [15] (d) Ours (K = 3) (e) Ours (K = 5) (f) Ours (K = 7)

Fig. 4: Visual comparisons of estimated motion vectors (Scene B).

TABLE I: Quantitative results of EPE.

[14] [15] The proposed method
K = 3 K = 5 K = 7

Scene A 2.324 9.598 2.378 2.302 2.271
Scene B 1.018 6.616 1.059 0.967 0.956

E. Estimating Motion Vectors

The optimal motion vector minimizes the error evaluation
metric of the incident photons. Thus, we explore the mo-
tion vector among all candidate motion vectors Ψ such that
(χ2

st)
(u)
q is minimized. In addition, the estimated motion vector

in the static regions should be 0. The estimated motion vector
at the pixel position q, u∗

q , is obtained as follows:

u∗
q =

{
arg min

u∈Ψ
(χ2

st)
(u)
q if q ∈ Φ

0 otherwise.
(10)

III. EXPERIMENTS

A. Experimental setting

To demonstrate the effectiveness of the proposed method,
we conducted experiments using synthesized bit-plane images.
The bit-plane images were synthesized by simulating the QIS
imaging process. We used the synthesized bit-plane images as
input data for the motion estimation methods. We created 300
bit-plane images (i.e., T = 300) with a 1024×1024 resolution.
As shown in Fig. 2, two scenes containing moving objects
were used for the evaluation. Scene A contains two airplanes,
and Scene B contains two balloons as moving objects. These
moving objects moved linearly with a constant velocity in the
vertical and horizontal direction, respectively.

For comparison, we used methods [14], [15], that directly
estimate motion from a set of bit-plane images. We ensured
that the control parameters of the other methods were optimal.

Furthermore, we quantitatively evaluated the results using
the endpoint error (EPE), which is denoted as the Euclidean
distance between the ground truth and the estimated motion
vectors. Lower EPE indicates better performance. We also
visualized the direction and magnitude of the estimated motion
vectors for each pixel using a color map.

Based on the preliminary experiments, we set the control
parameters for the proposed method as follows. We set the
kernel size of the joint bilateral filter to 7 × 7 pixels and the
smoothing parameters σs and σt to 1.0 and 7.0, respectively.
We set the number of bit-plane images in each group M and
the number of groups as 5 and 60, respectively. The threshold
value α was set to a significance level of 1% in the chi-square
distribution with G−1 degrees of freedom. To investigate the
impact of the patch size parameter K, we set K = 3, 5, 7. The
experiments were run on a Windows OS with an Intel Core
i7-10700KF and 64 GB RAM. We used MATLAB R2024a
for the experiments.

B. Experimental results

Table I shows the comparison results using the average
EPEs of the estimated motion vectors of each pixel for scene
A and B. The proposed method has a lower EPE than the
comparison methods, indicating that the proposed method can
accurately estimate the motion vector. We can also see that as
the patch size parameter K increases, the EPE becomes lower.
This indicates that incorporating an extensive spatio-temporal
information into motion estimation contributes to improved
performance.



Figures 3 and 4 present the results of visualizing the
estimated motion vectors for each scene. The proposed method
can estimate the motion vectors more accurately than compar-
ison methods by incorporating spatio-temporal priors.

IV. CONCLUSION

In this paper, we propose a novel direct motion estimation
method for QIS-based imaging systems that introduce spatio-
temporal priors based on intensity invariance and smoothness
priors. The proposed method achieves more accurate mo-
tion estimation than conventional methods by integrating the
spatio-temporal information contained in bit-plane images and
statistically evaluating its temporal variation.
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