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This manuscript proposes a novel, to the best of our knowl-
edge, autofocusing method for digital holography using the
Tanimoto coefficient (TC) to assess similarity between dual-
channel reconstructions (real and imaginary components).
Additionally, connected component analysis is used to ex-
tract regions of interest (ROI), improving autofocus accu-
racy. Unlike existing similarity-based methods, this dual-
channel TC approach eliminates the need for RGB infor-
mation and offers over 90 times faster computation than
the TR-MUSIC method. The method’s effectiveness is val-
idated through simulations and experimental trials. © 2025
Optica Publishing Group. All rights, including for text and data mining
(TDM), Artificial Intelligence (AI) training, and similar technologies,
are reserved.
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Digital holography (DH) is a non-invasive three-dimensional
(3D) imaging technique that encodes the wavefront information
of 3D objects in the form of two-dimensional (2D) holograms
[1]. This technique has applications across various fields, includ-
ing biomedical imaging [2], micrometer-sized particles imaging
[3], and 3D imaging using a single-pixel detector [4].

To extract the wavefield of an object from a hologram, re-
construction is essential. A key challenge in this process is the
accurate determination of the object’s spatial axial position. To
address this issue, various autofocusing algorithms have been
proposed, including sharpness metric-based methods [5–9] and
deep learning approaches [10–14].

In this manuscript, we propose a novel method that leverages
the Tanimoto coefficient (TC) for autofocusing. This approach
separates the hologram into real and imaginary components and
uses the Tanimoto coefficient to compare reconstructed images
from both channels to locate the focus position where similarity
peaks. Additionally, the connected component method mitigates
defocus noise, improving autofocus result reliability.

Various optical systems can be employed to record holo-
grams of objects. This manuscript focuses on optical scanning
holography (OSH), which utilizes active 2D scanning to cap-
ture holograms of 3D objects [15]. OSH is widely applied in

fields such as microscopy [16], remote sensing [17], and image
encryption [18].

Figure 1(a) illustrates the specific configuration of OSH sys-
tem. Two beams of light with frequencies 𝜔0 and 𝜔0 + Ω pass
through their respective pupils and lenses before being com-
bined at the second beam splitter (BS2). The synthesized light
then scans the object using an XY scanning mirror. The light
carrying the object’s information is converted into an electrical
signal by a photodetector (PD). This electrical signal is subse-
quently modulated and stored on a computer. In OSH, the two
pupil functions are typically set as 𝑝1 = 1 and 𝑝2 = 𝛿(𝑥, 𝑦). Un-
der these assumptions, the system’s spatial impulse response can
be modeled as ℎ(𝑥, 𝑦; 𝑧) = [(–𝑗𝑘0)/2𝜋𝑧] ⋅ 𝑒𝑥𝑝 [𝑗𝑘0(𝑥2 + 𝑦2)/2𝑧].
Here, 𝑥, 𝑦, and 𝑧 are spatial coordinates, 𝑗 denotes the imaginary
unit, and 𝑘0 = 2𝜋/𝜆 is the wavenumber, with 𝜆 representing the
wavelength.

Assuming the 3D object has a complex amplitude distribution
denoted by Γ(𝑥, 𝑦, 𝑧), the hologram recorded by the OSH system
can be expressed as

𝐻(𝑥, 𝑦) = ∫
∞

–∞
(∣Γ(𝑥, 𝑦; 𝑧)∣2 ⊗ ℎ(𝑥, 𝑦; 𝑧))𝑑𝑧

=
𝑁

∑
𝑖=1

(∣Γ(𝑥, 𝑦; 𝑧𝑖)∣
2 ⊗ ℎ(𝑥, 𝑦; 𝑧𝑖)),

(1)

where ⊗ represents convolution and |⋅| denotes the modulus op-
eration. As illustrated in Eq. (1), the object can be discretized
into 𝑁 axial layers, with 𝑧𝑖 indicating the position of the 𝑖-th layer.
Following standard OSH convention [16], the real and imagi-
nary components correspond to the sine and cosine holograms,
respectively, representing quadrature and in-phase interference
components.

After recording, the reconstruction process is performed to
retrieve the 3D structure of the object. Based on Eq. (1), the re-
constructed image at the 𝑘-th depth layer can be represented as

𝑅(𝑥, 𝑦; 𝑧𝑘) = 𝐻(𝑥, 𝑦) ⊗ ℎ∗(𝑥, 𝑦; 𝑧𝑘)

= ∣Γ(𝑥, 𝑦; 𝑧𝑘)∣2 +
𝑁

∑
𝑖≠𝑘

∣Γ(𝑥, 𝑦; 𝑧𝑖)∣
2 ⊗ ℎ(𝑥, 𝑦; 𝑧𝑖)

⊗ ℎ∗(𝑥, 𝑦; 𝑧𝑘), (2)
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Fig. 1. (a) OSH system. AOFS, acousto-optic frequency shifter; BS, beam splitter; BPF, band-pass filter; L, lens; LPF, low-pass filter; M,
mirror; 𝑝(𝑥, 𝑦), pupil; PD, photodetector. (b) Schematic diagram of the sharpness evaluation curve based on dual-channel separated holograms.
(c) Reconstruction results of dual-channel holograms at both focused and defocused positions.

where ∗ represents the conjugation operation. The equation con-
tains two terms: the first is the in-focus contribution from the
target layer at depth 𝑧𝑘, and the second is defocus noise from
contributions of other layers.

From Eq. (2), it is clear that identifying the axial position of
the object is a crucial step in the reconstruction process. To ad-
dress this, we propose the TC method. The Tanimoto coefficient,
which can be regarded as a generalization of the Jaccard index,
serves as a similarity metric [19,20]. Given two vectors 𝐴 and
𝐵, the Tanimoto coefficient is computed as

TC(𝐴, 𝐵) =
𝐴 ⋅ 𝐵

‖𝐴‖2 + ‖𝐵‖2 – 𝐴 ⋅ 𝐵
, (3)

where ‖ ⋅ ‖2 denotes the squared norm of a vector. The Tanimoto
coefficient offers several advantages, including a simple underly-
ing principle and ease of computation, making it widely utilized
in fields such as virtual screening [21], antenna selection [22],
and species co-occurrence evaluation [23]. Furthermore, it can
be employed for autofocusing by analyzing the pixel differences
among the RGB channels of a color image [24].

Since holograms are recorded as grayscale images without
RGB channels, directly applying traditional TC-based auto-
focusing methods becomes nontrivial. To overcome this, we
propose treating the real and imaginary parts of a complex holo-
gram as two independent channels, analogous to RGB compo-
nents, enabling the use of the Tanimoto coefficient for grayscale
holographic autofocusing.

Figure 1(b) shows the schematic diagram of the sharpness
evaluation curve based on dual-channel separated holograms.
Figure 1(c) presents the reconstruction results of dual-channel
holograms at both focused and defocused positions. As the
reconstruction approaches the focal plane, edge sharpness, high-
frequency detail visibility, and inter-channel similarity all in-
crease. At the focal plane (𝑧 = 𝑧𝑘), the reconstructed dual-
channel components (𝑅𝑟 and 𝑅𝑖) have the highest structural

similarity because: (1) The in-focus term dominates, result-
ing in coherent structural features in both real and imagi-
nary channels; (2) The defocus noise is minimized, reducing
random interference that lowers inter-channel similarity; (3)
The phase alignment ensures constructive interference in both
channels.

As defocus increases (𝑧 ≠ 𝑧𝑘), the growing phase mismatch
causes progressive divergence between 𝑅𝑟 and 𝑅𝑖, thereby re-
ducing their Tanimoto coefficient:

TC(𝑅𝑟, 𝑅𝑖) =
𝑅𝑟 ⋅ 𝑅𝑖

‖𝑅𝑟‖2 + ‖𝑅𝑖‖2 – 𝑅𝑟 ⋅ 𝑅𝑖

𝑧→𝑧𝑘⟶ maximum. (4)

This theoretical expectation is validated by the peak in Fig. 1(b)
and the reconstruction contrast in Fig. 1(c).

With increasing defocus, the phase mismatch between the
propagation function and the object’s complex amplitude in-
tensifies, causing the reconstructed real and imaginary channel
images to diverge increasingly in their structural features.

Single-slice object holograms can be directly autofocused us-
ing TC, whereas multi-layer structures introduce defocus noise
that impairs performance. To address this issue, connected com-
ponent (CC) analysis is employed to extract the region of interest
(ROI). CC analysis is typically applied to binary images, where
connectivity is determined by checking whether neighboring
pixels belong to the foreground (usually assigned a value of 1).
It is a fundamental technique widely used in object detection,
segmentation, and image analysis [25,26].

Figure 2 presents the flowchart of the proposed TC-based
autofocusing method, which includes the following steps:

(1) Hologram Generation: Generate the hologram 𝐻(𝑥, 𝑦).
(2) Channel Separation: Decompose complex hologram

𝐻(𝑥, 𝑦) into its real part 𝐻𝑟(𝑥, 𝑦) and imaginary part
𝐻𝑖(𝑥, 𝑦) to form dual channels.

(3) Images Reconstruction: Perform image reconstruction to
obtain 𝑅𝑟(𝑥, 𝑦; 𝑧𝑘) and 𝑅𝑖(𝑥, 𝑦; 𝑧𝑘) from the real and imagi-
nary components, respectively, at each candidate depth 𝑧𝑘.
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Fig. 2. Flowchart of the TC algorithm.
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Fig. 3. (a), (b) First and second sections of the simulated object.
(c), (d) Real and imaginary parts of the simulated hologram. (e)
Hologram reconstruction image. (f) ROI detection results. (g), (h)
Illustrations of the segmentation positions in the real and imaginary
part reconstruction images.

(4) ROI Extraction: Apply connected component (CC) anal-
ysis to the reconstructed complex-valued image to deter-
mine the region of interest (ROI) and extract the corre-
sponding regions from 𝑅𝑟 and 𝑅𝑖.

(5) TC Analysis: Binarize the ROI-extracted images and com-
pute the Tanimoto coefficient to evaluate the similarity
between channels.

Iteratively applying Steps (3)–(5) over a defined axial range
calculates TC at each depth, forming an autofocusing curve; the
axial position of its maximum is the object’s optimal focus.

A double-layer sliced object is simulated to illustrate the pro-
posed method. The object consists of two sections located at
depths 𝑧𝑎 and 𝑧𝑏, as shown in Figs. 3(a) and 3(b). A hologram
is generated according to Eq. (1), with its real and imaginary
parts presented in Figs. 3(c) and 3(d). The CC method is ap-
plied to the reconstructed image, as shown in Fig. 3(e), to detect
ROIs. In this method, threshold 1 is employed for image bina-
rization, and threshold 2 is utilized to eliminate small connected
components. The detected ROIs are marked by red bounding
boxes in Fig. 3(f). These ROIs are then used to segment the dual-
channel (real and imaginary) reconstruction images, as shown
in Figs. 3(g) and 3(h). Window 1 fully encompasses Character
A in both reconstructed images, demonstrating successful ROI
extraction. The segmented regions are further binarized using
threshold 3, and the resulting sub-images are evaluated using the
Tanimoto coefficient to quantify their similarity.

The feasibility of the proposed method is verified through
simulations. In the setup, the laser wavelength is set to 632.8 nm,
and both lenses L1 and L2 have focal lengths of 50 mm.
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Fig. 4. Parameters calculated along the 𝑧-axis obtained by differ-
ent methods.

Table 1. Autofocusing Results in Simulation

Method RFP EM TR-Music ED TC

𝑧1 (mm) 20 20.35 20.00 20.10 20.05
𝑧2 (mm) 30 30.00 30.00 30.35 30.05
Time (s) / 3.4 934.3 10.8 7.6

The simulated double-layer sliced object, corresponding
to Figs. 3(a) and 3(b), comprises two sections located
at axial depths of 𝑧𝑎 = 20 mm and 𝑧𝑏 = 30 mm, respec-
tively. The reconstructed position is determined to be
27.6 mm. During ROI extraction, two thresholds are em-
ployed: threshold1 = {max(𝑅(𝑥, 𝑦; 𝑧𝑘)) – min(𝑅(𝑥, 𝑦; 𝑧𝑘))}/5,
where max(⋅) and min(⋅) represent the maximum and minimum
pixel values in the image; and threshold2 = 0.1 × 𝑠max, with 𝑠max
denoting the area of the largest connected component. After
ROI extraction, a fixed threshold of threshold3 = 0.4 is applied
for binarization in the subsequent TC analysis. Autofocusing is
conducted over the axial range of 15–35 mm with a step size of
0.05 mm, based on the parameters defined above.

Figure 4 presents the autofocusing results obtained using four
methods: Time-Reversal Multiple Signal Classification (TR-
MUSIC) [9], Entropy Minimization (EM) [27], Edge Detection
(ED) [28], and the proposed Tanimoto Coefficient (TC)-based
method. For better comparison, all methods autofocus over the
same axial range with uniform step size: TR-MUSIC and TC use
local maxima for detected positions, EM and ED use local min-
ima. Localization results and computation times are in Table 1
(RFP, real focus position). TR-MUSIC has higher accuracy but
longer computation time; among the other three, TC is slightly
more accurate than EM and ED.

The feasibility of the proposed method is further validated
through experiments using data sourced from Zhang et al. [28].
The experiment employs a laser wavelength of 632.8 nm. Two
sections of the object, each sampled at 500 × 500 pixels, are lo-
cated at distances of 𝑧1 = 87 cm and 𝑧2 = 107 cm. Figures 5(a)
and 5(b) display the real and imaginary parts of the hologram,
respectively. The threshold settings used in the experiment are
consistent with those applied in the preceding simulation. All
four methods perform autofocusing over the range of 80–115 cm
with a step size of 0.05 cm.

Autofocus results of all experimental methods are shown in
Fig. 6 and Table 2: TR-MUSIC has high localization accuracy
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(a) (b)
Fig. 5. (a), (b) Real part and imaginary part of the recorded holo-
gram.
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Fig. 6. Parameters calculated along the 𝑧-axis obtained by differ-
ent methods.

Table 2. Autofocusing Results in Experiment

Method RFP EM TR-Music ED TC

𝑧1 (cm) 87 𝐹𝑎𝑖𝑙𝑒𝑑 86.95 86.30 87.10
𝑧2 (cm) 107 105.75 107.04 107.65 107.05
Time (s) / 4.5 1416.9 14.6 15.2

but high computation time; EM detects only a single slice po-
sition; among the remaining methods, TC has better accuracy
than ED.

The TC method utilizes window information derived from the
connected domain to extract the ROI prior to autofocusing. The
resulting focal positions are 87.10 cm and 107.05 cm, respec-
tively. Furthermore, the window information can be leveraged
to suppress defocus noise in the reconstructed images by setting
pixels outside the identified ROIs to zero. This process yields the
reconstructed images shown in Figs. 7(c) and 7(d). The distinct
visibility of the characters in the reconstructed image highlights
the accuracy of the autofocusing method. Simultaneously re-
constructed at the location obtained by the ED method, the
reconstruction results are shown in Figs. 7(a) and 7(b). The two
methods yield nearly identical reconstruction outcomes.

In conclusion, the proposed method presents a novel ap-
plication of the TC to the autofocusing problem in grayscale
holography by decomposing holograms into real and imaginary
components. Additionally, connected component analysis is in-
tegrated to isolate ROIs and effectively reduce the impact of
defocus noise on the autofocusing results. It should be noted

(a) (b) (c) (d)
Fig. 7. Reconstructed results at the predicted focal positions using
different methods: (a), (b) ED; (c), (d) TC.

that the proposed method is applicable to various holographic
configurations capable of recording complex-valued holograms.
Although effective for amplitude-modulated objects, the method
is not directly applicable to pure phase samples due to its re-
liance on intensity-derived binarization. While the TC method
achieves slightly lower accuracy than the TR-MUSIC, it offers a
computational speed-up of over 90 times. This demonstrates its
potential as a highly efficient strategy for tackling autofocusing
challenges in digital holography.
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