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Abstract

Depth from focus (DFF) is an optical, passive method that perceives the dense depth map of
a real-world scene by exploiting the focus cue through a focal stack, a sequence of images
captured at different focal distances. In DFF methods, first, a focus volume is computed,
which represents per-pixel focus quality across the focal stack, obtained either through a
conventional focus metric or a deep encoder. Depth is then recovered by different strategies:
Traditional approaches typically apply an argmax operation over the focus volume (i.e.,
selecting the image index with maximum focus), whereas deep learning-based methods
often employ soft-argmax for direct feature aggregation. However, applying a simple argmax
operation to extract depth from the focus volume often introduces artifacts and results in
an inaccurate depth map. In this work, we propose a deep framework that integrates depth
estimates from both traditional and deep learning approaches to produce an enhanced depth
map. First, a deep depth module (DDM) extracts an initial depth map from deep multi-scale
focus volumes. This estimate is subsequently refined through a depth unfolding module
(DUM), which iteratively learns residual corrections to update the predicted depth. The
DUM also incorporates structural cues from traditional methods, leveraging their strong
spatial priors to further improve depth quality. Extensive experiments were conducted on
both synthetic and real-world datasets. The results show that the proposed framework
achieves improved performance in terms of root mean square error (RMS) and mean ab-
solute error (MAE) compared to state-of-the-art deep learning and traditional methods. In
addition, the visual quality of the reconstructed depth maps is noticeably better than that of
other approaches.

Keywords: Depth from Focus; deep focus volume; depth map; focus measure; unfolding
networks

MSC: 68T45

1. Introduction
Depth estimation is a fundamental component of 3D vision and underpins a wide

range of applications, including 3D reconstruction, augmented reality, robotics, autonomous
navigation, tracking systems, and virtual or mixed reality systems [1–3]. Among the various
techniques available, depth from focus (DFF), also known as shape from focus (SFF), is a
passive optical depth estimation technique that leverages variations in image sharpness,
referred to as focus measures, across a focal stack—an ordered sequence of images captured
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at different focal settings—to infer scene depth. Each scene point achieves maximum sharp-
ness at a specific focal distance, enabling depth estimation by identifying the focal plane
where the point appears optimally focused [4].

In the literature, numerous DFF methods have been introduced, which can be broadly
classified into traditional non-learning-based approaches [5] and learning-based tech-
niques [6,7]. In both paradigms, the depth estimation process typically begins with the
construction of a focus volume (FV), from which the final depth map is derived. Traditional
methods compute the FV by applying predefined focus-measure operators (e.g., Laplacian,
Tenengrad, or wavelet-based measures) to the input focal stack, and then, they estimate
depth by selecting the frame index that maximizes the focus response along the focal (z)
direction. While conceptually simple and computationally efficient, this discrete formula-
tion suffers from several well-known limitations: (i) edge bleeding at object boundaries
due to abrupt depth transitions, (ii) loss of fine structural details because handcrafted focus
measures lack representational richness, and (iii) degraded performance in complex or
textureless regions where focus operators fail to provide reliable responses [5]. These short-
comings restrict the applicability of traditional SFF in real-world scenarios, particularly
for scenes with challenging illumination or low-contrast textures. In contrast, learning-
based approaches employ convolutional neural networks (CNNs) or encoder–decoder
architectures to learn discriminative focus features directly from data. Instead of relying on
handcrafted measures, these methods compute a deep FV representation and regress the
final 2D depth map from the 3D FV, often using a soft-argmax operation for continuous
depth prediction [8,9].

Despite outperforming traditional methods in terms of accuracy, robustness, and gen-
eralization [10], current learning-based approaches still face notable limitations. Most deep
models, including [6,11,12], focus on enriching the deep focus volume, yet depth is ulti-
mately regressed through a soft-argmax or by applying a 1× 1 convolution, which collapses
the 3D volume into a 2D depth map. Moreover, these methods generally lack explicit depth
refinement or enhancement mechanisms. As a result, the predicted depth maps may exhibit
boundary artifacts, local inconsistencies, and loss of fine structural details that become
more pronounced when the models are applied to real-world datasets with significant
domain shifts. In addition, deep models rely solely on features extracted from the input
images via convolutional networks and do not leverage prior knowledge from traditional
DFF methods. For example, depth maps derived directly from the focus volume contain
valuable depth cues that could be used to further enhance the final depth estimation, yet
these cues are typically ignored in current learning-based approaches.

In this work, we propose a deep unfolding framework that combines the strengths of
both traditional and learning-based approaches to produce enhanced depth maps. Specifi-
cally, a deep depth module (DDM) first generates an initial depth estimate from multi-scale
focus volumes extracted from the input focal stack. This preliminary estimate is subse-
quently refined by a depth unfolding module (DUM), which iteratively learns residual
corrections to progressively improve the depth prediction. Notably, the DUM incorporates
structural cues from traditional methods, leveraging their strong spatial priors to enforce
sharper boundaries and greater geometric consistency. The iterative refinement stage con-
tributes in two ways: It progressively improves the depth estimates and simultaneously
provides useful feedback during training, allowing the model to adjust its weights in a
more informed and stable manner. Extensive experiments on both synthetic and real-world
datasets demonstrate that our approach consistently outperforms state-of-the-art conven-
tional and learning-based methods, achieving higher accuracy, sharper reconstructions,
and improved generalization across diverse focal conditions. The key contributions of this
paper are summarized as follows:
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1. We propose a deep framework for depth from focus that integrates both traditional
and learning-based depth cues, enabling more accurate and robust depth estimation.

2. We construct an aggregated deep focus volume by combining multi-scale feature
volumes extracted through an encoder–decoder network, effectively capturing both
fine details and global contextual information from the focal stack.

3. We introduce a lightweight deep model within a depth unfolding module to iteratively
refine the initial depth estimate, resulting in sharper boundaries, fewer artifacts,
and improved generalization across diverse focal conditions.

The remainder of this paper is organized as follows: Section 2 provides a detailed back-
ground and discusses related work on depth-from-focus techniques. Section 3 introduces
the proposed method, describing its key components and implementation details. Section 4
outlines the experimental setup and presents both qualitative and quantitative results to
evaluate the performance of the proposed approach. Finally, Section 5 summarizes and
concludes this study.

2. Background
Depth estimation is a fundamental task in computer vision applications, enabling

machines to perceive and interpret the 3D structure of real-world scenes from 2D images.
Accurate depth maps are vital for various applications, including autonomous driving,
robotic navigation, industrial automation, augmented reality experiences, and 3D visual
perception [1]. Depth estimation techniques can broadly be categorized into active and
passive methods. Active methods [13] project known patterns or signals into the environ-
ment and analyze their reflections to infer depth; common examples include structured
light systems and time-of-flight sensors. In contrast, passive methods estimate depth by
analyzing visual information directly from images without the need for additional sig-
nals. Among passive approaches, stereo matching and structure from motion are well
established, while monocular depth estimation from a single image has recently gained
prominence, achieving remarkable progress [14].

Among various passive depth estimation techniques, DFF estimates depth by ana-
lyzing the sharpness of objects across a set of images captured at varying focus distances.
Specifically, a sequence of images is acquired by adjusting the camera’s focus setting.
According to the thin lens law, there exists a one-to-one correspondence between the maxi-
mally focused image patch and the depth of the corresponding scene point. Consequently,
precise measurements of pixel-level sharpness are critical for DFF-based depth estima-
tion [5]. Existing DFF methods can be broadly divided into two categories: (1) traditional
methods and (2) deep learning-based methods.

2.1. Traditional Methods

The traditional DFF methods follow several steps, as illustrated in Figure 1. First, a set
of differently focused images, commonly referred to as a focal stack, is captured. This can
be achieved in multiple ways: by translating the object toward the camera, by moving
the imaging device toward the object, or by adjusting the camera’s focus mechanically or
electronically while keeping both the object and camera fixed in position [15].

In the second step, the focus quality of each pixel in the focal stack is computed, directly
impacting the accuracy of the final depth map. A focus measure (FM) operator [16] estimates
pixel sharpness across the sequence, producing a three-dimensional focus volume (FV) with
the same dimensions as the focal stack. FM performance depends on factors such as image
content, saturation, contrast, texture, noise, window size, and the imaging device [17]. These
factors can introduce artifacts and inconsistencies, with neighboring pixels of uniform depth
showing large focus variations, leading to reconstruction errors. Improving FM reliability is
therefore crucial.
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Figure 1. Steps in traditional depth-from-focus methods.

In the DFF literature, various optimization and filtering techniques have been proposed
to improve the initial FV. Subbarao and Choi [18] introduced a method that fits a planar
focused image surface (FIS) to initial depth estimates from traditional approaches. Common
filtering strategies include linear filtering, which averages focus measurements within a
local neighborhood [15], and non-linear methods like anisotropic diffusion [19], which
better preserve edges and fine structures. However, these methods rely solely on the
initial FV, optimizing it in a purely data-driven manner without leveraging structural
priors or additional scene information. More recent approaches integrate guidance and
regularization [5,20,21], using structural cues or auxiliary information to produce more
reliable depth estimates, especially in textureless regions, discontinuities, or noisy scenarios.

Once an improved FV is obtained, an initial depth map is generated by selecting,
for each pixel, the image index with the highest focus response. However, this map often
suffers from edge bleeding, loss of fine details, and inaccuracies in complex or low-texture
regions, highlighting the need for a refinement stage that corrects local errors and enforces
structural consistency. This post-processing step updates the initial depth map. Moeller
et al. [22] proposed a variational DFF framework using isotropic total variation regular-
ization. Li [23] introduced adaptive weighted guided image filtering (AWGIF) to enhance
depth details. More recently, Danismaz et al. [24] improved outlier robustness via linearized
least-squares Laplace regression, and Ashfaq et al. [25] presented a dual-stage focus measure
approach for more reliable depth estimation.

2.2. Deep Learning-Based Methods

Deep learning-based DFF approaches estimate depth from a focal stack in two main
stages: (i) constructing a deep focus volume and (ii) deriving the depth map from this volume
(Figure 2). In the first stage, deep focus features are extracted using encoder–decoder (ED)
networks, with both 2D and 3D architectures employed [6,8,11]. In 2DED models, each
image is processed independently with 2D convolutions, and the resulting feature maps are
combined to form the deep focus volume. Hazirbas et al. [8] used a VGG-16-based encoder
with a mirrored decoder. DefocusNet [26] generates a focal stack from a single image via a
2DED network, followed by a second 2DED network for depth prediction. Yang et al. [6]
extracted multi-scale focus volumes using a 2D CNN and applied a z-axis gradient to
compute differential focus volumes, later extended with PSF-based aberration correction [9].
Fujimura et al. [7] proposed a camera-parameter-independent 2D CNN method to compute
a cost volume, while Jiang et al. [27] leveraged an event-based focal stack with an attention-
augmented 2DED model for multi-scale deep focus volumes. In contrast, 3DED models
apply 3D convolutions to the entire focal stack, producing a volumetric representation
that encodes spatial and focus information simultaneously. Wang et al. [11] introduced
Inception3D, a 3D encoder–decoder generating deep focus volumes directly from the stack.
Won et al. [10] combined 2D and 3D convolutions to produce multi-scale volumes, enhanced
with a sharpness region detection (SRD) module. Xie et al. [28] fused the stack into an
all-in-focus image via a 3D CNN, from which depth was inferred. Recently, Kang et al. [29]
integrated a transformer with an LSTM–CNN decoder, enabling generalization to variable
stack lengths and leveraging pretraining on large monocular depth datasets.
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Figure 2. Pipeline for deep learning-based depth from focus methods.

For depth extraction from the deep focus volume, simple 1 × 1 convolutions, as in [8],
have limited effectiveness. Traditional arg max cannot be applied directly in neural network-
based methods due to its non-differentiable nature, which prevents gradient-based learning.
To overcome this, a soft arg max [30] is commonly used, where softmax is applied along the
focus dimension to produce probabilities, and the final depth is computed as the weighted
sum of focus distances. Wang et al. [11] applied this operation for both depth and all-in-
focus image prediction. Yang et al. [6] incorporated uncertainty confidence while applying
soft arg max on refined volumes. Won et al. [10] aggregated multi-scale depth maps using
soft arg max, whereas Jiang et al. [27] used a 1 × 1 convolution at each scale followed by
fusion of the depth maps. Ganj et al. [31] further enhanced depth details by integrating
priors from single-image depth estimation techniques.

For depth extraction from the deep focus volume, simple 1 × 1 convolutions [8] are
limited in effectiveness. Traditional arg max is non-differentiable and unsuitable for neural
networks, so soft arg max [30] is commonly used: A softmax along the focus dimension
produces probabilities, and the final depth is computed as a weighted sum of focus distances.
Wang et al. [11] applied this for both depth and all-in-focus image prediction. Yang et al. [6]
incorporated uncertainty confidence on refined volumes. Won et al. [10] aggregated multi-
scale depth maps using soft arg max, while Jiang et al. [27] combined 1 × 1 convolutions
with multi-scale depth fusion. Ganj et al. [31] further enhanced depth by integrating priors
from single-image depth estimation.

3. Proposed Framework
Let the input focal stack (FS) be denoted by I ∈ RZ×c×H×W consisting of Z color

images, each having size H × W, such that I(c)z (x, y) represents the intensity in the zth

image at pixel location (x, y) for color channel c ∈ {R, G, B}. The proposed framework for
DFF takes the focal stack I ∈ RZ×c×H×W as input to compute the improved final depth
map D ∈ R1×H×W . The method comprises three main modules: traditional depth module
(TDM), deep depth module (DDM), and depth unfolding module (DUM). First, TDM and
DDM take the focal stack I and compute depth maps Dt ∈ R1×H×W and Dm ∈ R1×H×W ,
respectively. Then, DUM integrates the depth maps Dt and Dm iteratively to unfold the
final depth map D. The architecture of the proposed framework for SFF is depicted in
Figure 3.

3.1. Traditional Depth Module

First, the focus quality for each pixel in FS is determined by applying an FM operator
for each pixel in the focal stack I. This is achieved by convolving an FM operator with the
image sequence, which provides a focus value of a pixel at (x, y):

F(FM)
z (x, y) = Iz(x, y)⊗ FM , (1)

where I(FM)
z (x, y) denotes the traditional focus volume, ⊗ is the convolution operator, and

FM represents a suitable FM operator.
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Figure 3. Overview of the proposed framework: The proposed network takes a focal stack
I ∈ RZ×3×H×W . The deep depth and traditional depth modules compute deep and traditional
depths, which are provided to the depth unfolding module that yields the final depth D ∈ R1×H×W .

In the literature, a large number of FM operators have been proposed, and each FM
operator exhibits some strengths and weaknesses [17]. A well-known and commonly used
FM operator is the variance in image gray levels (GLVs), which computes the focus value
as follows:

F(GLV)
z (x, y) =

1
|N | ∑

(i,j)∈N (x,y)

(
Iz(i, j)− µ

)2, (2)

where µ and |N | are the mean gray level and total number of pixels in the small neigh-
borhood window N centered at (x, y), respectively. Another popular FM operator is the
modified Laplacian (ML) [15], which computes the focus value for a pixel as

F(ML)
z (x, y) =

∣∣∣∂2 Iz(x, y)
∂x2

∣∣∣+ ∣∣∣∂2 Iz(x, y)
∂y2

∣∣∣, (3)

where the first and second terms on the right-hand side are the absolute values of second-
order derivatives in the x and y-dimensions, respectively. One more famous FM operator is
Tenengrad (TEN), which computes the sharpness level as follows:

F(TEN)
z (x, y) = |Gx ⊗ Iz(x, y)|+ |Gy ⊗ Iz(x, y)|, (4)

where Gx and Gy are the Sobel operators in the x and y-directions, respectively.
It is to be noted that our proposed method is not specific to any particular choice of

FM operator, but it is generic, and thus, any FM operator can be utilized to compute the
focus volume. In this work, we choose a modified-Laplacian (ML) focus measure operator.
Once, we have a focus volume F(ML)

z (x, y), we obtain depth map Dt by applying the simple
strategy of Winner Takes All, i.e., image numbers with the maximum focus values along
the optical axis are taken as the depth value such that

Dt(x, y) = arg max
z

{F(ML)
z (x, y)} . (5)

3.2. Deep Depth Module

The deep focus module (DFM) first computes a deep focus volume Gz(x, y) from the
input focal stack I. This volume provides a per-pixel estimate of the focus level at different
focal depths. It shares the same spatial resolution as the focal stack, and its number of
frames equals the number of images in the stack. The module can be expressed as follows:

G = DFM(I, Θ1), (6)

where Θ1 denotes the set of trainable parameters. Within the deep focus module (DFM),
either 2D or 3D encoders can be employed to extract deep features. In this work, we adopt
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a ResNet-18 encoder [32] applied to the input focal stack to generate a feature volume
pyramid. The use of multiscale features enables the model to capture both fine-grained
local details and broader contextual information, thereby improving the accuracy and
robustness of depth estimation. Specifically, the encoder constructs a feature pyramid
Hl ∈ RCl×Hl / f×Wl / f for 1 ≤ l ≤ L = 4, where H, W, and C represent the height, width,
and number of channels of the l-th hierarchical feature volume, respectively, and f denotes
the downsampling factor. By selecting outputs with f ∈ 4, 8, 16, 32, corresponding to differ-
ent downsampling strides relative to the input focal stack, a multiscale feature pyramid
is obtained.

{H1, H2, H3, H4} = ResNet(I). (7)

In the decoder, each feature from the pyramid is processed by a decoder block
(DB), which comprises a series of operations including 3D convolutions with kernel size
(3 × 3 × 3), 3D pooling, and batch normalization. Applying DB, followed by up-sampling
(↑) and concatenation (cat) operations, yields the corresponding feature pyramid:

Ĥ4 = DB
(
H4

)
Ĥ3 = DB

(
cat(H3, Ĥ4 ↑)

)
Ĥ2 = DB

(
cat(H2, Ĥ3 ↑)

)
Ĥ1 = DB

(
cat(H1, Ĥ2 ↑)

)
.

(8)

This top-down decoding progressively integrates coarse-to-fine semantic information
while preserving spatial details from the encoder, producing a refined multi-scale feature
representation. Finally, the aggregated focus volume G is obtained by adding all focus
volumes from different scales.

G = ∑
l

Hl , 1 ≥ l ≤ L = 4. (9)

Once deep focus volume Gz(x, y) is obtained, the depth map can be computed by
maximizing focus measures along the Z dimension. For this purpose, the soft argmax
operation [30] is applied, which can be expressed as

Dm(x, y) = ∑
z

z × σz(Gz(x, y)), (10)

where σz(.) is the softmax operation along the z-dimension. This soft-argmax operation is
fully differentiable and allows us to train and regress depth estimates.

3.3. Depth Unfolding Module

Now, we are given two initial depth maps, Dm and Dt, obtained from the deep model
and the traditional SFF methods, respectively. Our goal is to produce a refined depth
map D that combines both sources and satisfies spatial consistency priors. We define an
energy functional:

F (D) = f (D) + λR(D) λ > 0, (11)

=
λ1

2
∥D − Dm∥2

2 +
λ2

2
∥D − Dt∥2

2 + R(D), λ1, λ2 > 0, (12)

where f (D) is the data fidelity term, which is usually a smooth term; R(D) is a regulariza-
tion term, which is normally a non-smooth term; and (λ, λ1, λ2) are weights. Our objective
is to minimize F (D) to obtain the optimal depth map D. The gradient ∇D f (D) of f (D),
which denotes quadratic terms, with respect to D is computed as
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f (D) =
λ1

2
∥D − Dm∥2

2 +
λ2

2
∥D − Dt∥2

2 (13)

∇D f (D) = ∇D

(
λ1
2 ∥D − Dm∥2

2 +
λ2
2 ∥D − Dt∥2

2

)
(14)

= (λ1 + λ2)D − (λ1Dm + λ2Dt). (15)

A simple gradient descent step with step size η > 0 becomes

D(k+1) = D(k) − η
(
(λ1 + λ2)D(k) − (λ1Dm + λ2Dt) +∇R(D(k))

)
(16)

=
(
1 − η(λ1 + λ2)

)
D(k) + η(λ1Dm + λ2Dt) − η∇R(D(k)), (17)

= A(k) − η∇R(D(k)) (18)

where
A(k) =

(
1 − η(λ1 + λ2)

)
D(k) + η(λ1Dm + λ2Dt) (19)

Now, for non-smooth regularizers R(D), the update can be expressed using the
proximal-gradient method:

D(k+1) = proxηR

(
A(k)

)
, (20)

where proxη,R is the proximal operator associated with R(.), which implicitly enforces
spatial consistency and smoothness priors. Instead of using an analytical function for
computing the proximal step, it is replaced with a learnable mapping pΘ2(.) that models
both regularization and data correction:

D(k+1) = D(k) + pΘ2

(
D(k), Dm, Dt

)
(21)

The term pΘ2(.) can further be decomposed into data term correction and proximal
regularization:

pΘ2

(
D(k), Dm, Dt

)
= η

[
λ1(Dm − D(k)) + λ2(Dt − D(k))

]
+ gΘ2

(
D(k), Dm, Dt

)
, (22)

where gΘ2(.) approximates the proximal correction term −η∇R(D(k)) only, thereby learn-
ing spatial priors directly from data. Then, the update rule can be expressed as

D(k+1) = A(k) + gΘ2

(
D(k), Dm, Dt

)
(23)

= A(k) + ∆D (24)

∵ ∆D = gΘ2

(
D(k), Dm, Dt

)
(25)

where ∆D is the residual term learned through the deep unfolding network module
with parameter Θ2. It computes corrections for regularization by taking deep depth Dm,
traditional depth Dt, and the predicted depth D as input. Note that the corrections for
the data term are carried out through A(k). By combining both steps, the overall iterative
fusion scheme can be summarized as follows:

A(k) =
(
1 − η(λ1 + λ2)

)
D(k) + η

(
λ1Dm + λ2Dt

)
, (26)

D(k+1) = A(k) + gΘ

(
D(k), Dm, Dt

)
, k = 0, . . . , K − 1. (27)

In the proposed method, the predicted depth is initialized by taking the average depth
from the deep and traditional depths as

D(0) =
Dm + Dt

2
. (28)
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We employ a lightweight deep neural network (inspired by [33]) for fΘ2(D(k), Dm, Dt),
as shown in Figure 4. Its architecture encompasses five convolutional layers; the first four
are equipped with 16 filters, each kernel being 3× 3 and utilizing ReLU activation functions,
while the last layer does not employ an activation function. This setup is specifically
designed to facilitate localized adjustments. This simple model is not only effective but also
efficient, comprising a mere 28,929 trainable parameters and requiring only 128.61 MB of
memory for one forward/backward pass. A more sophisticated architecture may provide
slightly better results.

Figure 4. Depth unfolding module: It takes deep depth Dm ∈ R1×H×W and traditional depth
Dt ∈ R1×H×W , along with the initial depth D0 ∈ R1×H×W , and computes depth corrections (resid-
ual depth), ∆. The final refined depth D ∈ R1×H×W is obtained by adding depth corrections at
each iteration.

3.4. Loss Function

In the proposed framework, two modules, DDM and DUM, contain trainable parame-
ters. The optimal parameters are obtained by minimizing the mean squared error (MSE)
between the predicted depth map D and the ground truth depth map D′ as follows:

L(D,D′) =
1
N

N

∑
n=1

(
D′ − D

)2, (29)

where (N = H × W) is the resolution of the depth map: that is, the total number of pixels
in a frame from the focal stack.

4. Results and Discussions
4.1. Experimental Setup

In our experiments, we evaluated the performance of the proposed method on diverse
datasets that include both synthetic and real-world scenarios. The first dataset, FlyingTh-
ings3D (FT) [34], is a large-scale synthetic benchmark commonly used for depth estimation
evaluation. It contains 1000 training focal stacks and 100 testing focal stacks, each com-
prising 15 focus-varying color images. The focal distances in this dataset are uniformly
distributed between 10 and 100 units, providing a controlled and consistent setup for
both training and evaluation. The second dataset, focus on defocus (FOD) [12], is another
synthetic dataset that consists of 500 focal stacks, each containing five images with a res-
olution of 256 × 256. Among these, 400 stacks are used for training, and 100 are used
for testing. The focal distances for the images are {0.1, 0.15, 0.3, 0.7, 1.5} units. The third
dataset, Middlebury (MB) [35], is a real-world dataset used for evaluating generalization
ability. It consists of 15 focal stacks, each containing 15 images, and it is used exclusively for
testing. To ensure consistency, all images of MB were resized to 512 × 512. The model was
implemented in PyTorch [36] and optimized using the Adam optimizer [37] with β1 = 0.9
and β2 = 0.999. Training on both FT and FOD was performed with a patch size of 256× 256.
A batch size of 1 was used throughout, corresponding to 15 focus-varying images per batch
for FT and 5 focus-varying images for FOD. For evaluation on FT, the model was trained
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exclusively on the FT training split. For FOD, the model was also trained on its dedicated
training split. For generalization to MB, we directly used the model weights trained only
on the FT dataset. When referring to results from individual focal stacks in the experiments
and figures, focal stack numbering follows a zero-based index (that is, the first focal stack
is indexed as 0).

In addition, we evaluated the performance of the proposed model quantitatively using
a comprehensive set of metrics, including mean absolute error (MAE), mean squared error
(MSE), root mean squared (RMS) error, logarithmic RMS (logRMS), relative absolute error
(AbsRel), relative squared error (SqRel), and accuracy thresholds Acc_1, Acc_2, and Acc_3,
as defined in [8]. In addition, Pearson correlation (Corr) was also employed to assess the
strength of the linear correlation between the predicted and ground truth depth maps.
The higher values for metrics Corr, Acc_1, Acc_2, and Acc_3 indicate better performance,
whereas lower values for the metrics MAE, MSE, RMS, logRMS, AbsRel, and SqRel mean
better performance.

4.2. Ablation Study

The proposed model integrates deep and traditional depth cues to generate enhanced
depth maps using the concept of unfolding networks. This integration enables the model
to exploit the complementary strengths of both approaches: The deep module effectively
captures complex spatial patterns from the focal stack data, while traditional depth estimation
provides strong structural priors that guide and refine the learning process. Output maps
obtained from the deep model and the traditional approach on the FT test dataset are shown in
Figure 5. Although the traditional depth may include noise or artifacts, its inherent geometric
consistency helps improve the deep predictions, leading to more accurate and stable depth
maps. It is also observed that the unfolded and deep output maps appear visually similar,
as the deep module progressively adapts its parameters to align with the structural constraints
introduced by the unfolding mechanism. However, upon closer inspection, when zooming
in, the unfolded outputs exhibit smoother object boundaries and more refined transitions,
indicating improved reconstruction quality compared to the deep outputs.

Figure 5. Visualization of output maps at different stages. The first column shows the ground truth,
the second shows the deep output map, the third shows the traditional output map, and the last
shows the unfolded map. Rows correspond to outputs from different samples.

The unfolding process refines the predicted outputs by iteratively adding corrections
obtained from the depth unfolding module (DUM) at each step. The visual results for
different iteration counts are shown in Figure 6. It can be observed that the model, trained
for three iterations, produces progressively improved outputs up to the third iteration,
with reduced artifacts and sharper structural details. However, beyond the third iteration,
the results start to degrade slightly. This degradation occurs because the model begins to
overfit with respect to the intermediate corrections, causing minor loss of fine details and
introducing subtle inconsistencies across smooth regions.
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Figure 6. Qualitative results on the FT dataset after different numbers of iterations. Columns represent
different iteration counts, while rows correspond to outputs from different samples.

The quantitative results for focal stack sample 1 are presented in Table 1. The results
show a clear performance improvement across all six evaluation metrics, MAE, RMS,
AbsRel, Acc_1, Acc_2, and Acc_3, during the initial unfolding iterations. The model,
trained for three iterations, demonstrates a consistent reduction in error values and an
increase in accuracy metrics up to the third iteration, indicating effective convergence and
the refinement of predicted outputs. However, beyond the third iteration, a gradual decline
in performance can be observed. Specifically, at the fourth and fifth iterations, the error
measures begin to increase, while accuracy metrics show noticeable fluctuations. This
degradation occurs because the model was optimized for three iterations; extending beyond
that leads to overcorrection and the accumulation of minor prediction inconsistencies.

Table 1. Quantitative results for focal stack sample 1 from the FT dataset. Rows represent iterations,
while columns denote metric evaluations at the corresponding iteration. ↑ indicates that higher
values represent better performance, while ↓ indicates that lower values are better. The bold values
indicate the best results.

Iteration MAE ↓ RMS ↓ AbsRel ↓ Acc_1 ↑ Acc_2 ↑ Acc_3 ↑

1st 10.28 11.93 0.47 10.34 91.91 93.88
2nd 5.18 6.20 0.23 92.01 93.74 95.04
3rd 0.74 1.82 0.04 98.53 99.43 99.66
4th 6.82 8.39 0.22 74.16 97.44 98.18
5th 18.92 24.02 0.53 11.03 59.01 98.50

In addition, quantitative evaluations were performed on the entire FT test dataset,
which consists of 100 focal stacks. The average value of each metric across all samples
was computed, and the results are summarized in Table 2. The results show a consistent
improvement in all evaluation metrics, MAE, RMS, AbsRel, Acc_1, Acc_2, and Acc_3,
during the first three iterations, indicating that the proposed unfolding framework effec-
tively refines the predicted outputs and enhances overall reconstruction quality. However,
as observed in earlier analyses, performance begins to decline beyond the third iteration.
The fourth and fifth iterations show increased error values and reduced accuracy, which
can be attributed to the model being trained for three unfolding steps.

Table 2. Quantitative results for the whole test FT dataset. Rows represent the iteration, while columns
denote the metric evaluation at the respective iteration. ↑ indicates that the higher values provide better
performance, while ↓ indicates that the lower value is better. The bold values indicate the best results.

Iteration MAE ↓ RMS ↓ AbsRel ↓ Acc_1 ↑ Acc_2 ↑ Acc_3 ↑

1st 17.05 21.85 0.63 4.04 82.89 88.28
2nd 9.92 13.76 0.36 81.79 88.49 92.52
3rd 3.16 6.88 0.15 95.23 98.23 99.38
4th 10.85 15.68 0.37 68.35 96.63 97.88
5th 32.66 46.02 0.81 15.11 52.76 92.48



Mathematics 2025, 13, 3715 12 of 19

4.3. Comparative Analysis

In this section, we compare the performance of the proposed method against both
conventional and learning-based approaches. From the conventional category, we include
RFVR [5], a regularization-based method, using the official implementation provided by the
authors. Among learning-based baselines, we consider AiFDNet [11], for which the publicly
released model weights are used. Additionally, we evaluate two variants of DFV [6]: DFV-
FV, the baseline model employing a standard focus volume, and DFV-Diff, which utilizes
a differential focus volume formulation to enhance feature discrimination. Furthermore,
for testing on both the FT and MB datasets, we include DWild [10], a recent state-of-the-art
method that jointly learns defocus and depth cues for improved prediction accuracy.

We begin our comparative analysis with the FT dataset, which serves as the largest
and most comprehensive benchmark, containing 1000 training focal stacks and 100 testing
focal stacks. For quantitative and qualitative evaluation, we applied all six methods: RFVR,
AiFDNet, DFV-FV, DFV-Diff, DWild, and our proposed approach. The results are presented
in Figure 7. The first column shows the ground truth (GT) output maps, while the remaining
columns display the outputs generated by each method. Each row corresponds to results
obtained from a different focal stack. As observed, RFVR yields the weakest performance,
mainly due to its dependence on hand-crafted regularization and its sensitivity to the
number of focal slices. In contrast, learning-based approaches produce more stable and
coherent outputs across different samples. Among these, our method achieves the closest
visual resemblance to the GT, particularly in reconstructing fine structural details and
maintaining consistent focus across varying scene depths. Notably, in the second row, our
approach more accurately reconstructs distant regions.

Figure 7. Qualitative comparison on the FT dataset. The columns show the GT output maps followed
by the results from RFVR, AiFDNet, DFV-FV, DFV-Diff, DWild, and our method. The rows correspond
to results obtained from focal stacks {4, 15, 24, 34, 54, 64, 75}.

For the overall quantitative comparison, all methods were evaluated on the complete
FT test dataset consisting of 100 samples. The evaluation metrics Corr, MAE, RMS, logRMS,
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AbsRel, SqRel, Acc_1, Acc_2, and Acc_3 were computed using the predicted and GT output
maps for each focal stack, and the average score for each metric was recorded. The results
are summarized in Table 3. From the table, it is evident that our proposed method achieves
the best overall performance across almost all metrics. Specifically, it attains the highest
correlation score (0.98) and the lowest error values in MAE, RMS, and logRMS, indicating
more accurate and stable output reconstruction. Compared to DWild, which is second best
in most of the metrics, our approach reduces MAE from 5.54 to 3.16 and RMS from 10.44 to
6.87 while also improving accuracy metrics.

Table 3. Overall quantitative comparison for FT dataset. Rows represent the method employed, while
columns denote the metric evaluation of the respective method. ↑ indicates that the higher values
provide better performance while ↓ indicates that the lower value is better. The bold values indicate
the best results.

Method Corr ↑ MAE ↓ RMS ↓ logRMS ↓ AbsRel ↓ SqRel ↓ Acc_1 ↑ Acc_2 ↑ Acc_3 ↑

RFVR 0.73 11.89 23.63 0.79 1.55 82.66 72.79 80.81 84.60
AiFDNet 0.93 6.81 13.14 0.59 0.73 11.30 85.43 87.67 88.87
DFV-FV 0.94 6.33 12.09 0.57 0.90 27.04 85.09 87.60 89.52
DFV-Diff 0.97 5.51 10.65 0.53 0.62 7.48 86.18 88.09 89.93

DWild 0.97 5.54 10.44 0.53 0.61 7.24 86.35 88.21 89.84
Ours 0.98 3.16 6.87 0.14 0.15 12.19 95.23 98.23 99.38

Quantitative results for focal stack number 30 from the FT dataset are presented in
Figure 8. All metric values are normalized to the range [0, 1] by dividing each measure by
the maximum value of that metric across all methods, except for the accuracy metrics Acc_1
and Acc_2, which are divided by 100. The comparison includes results from AiFDNet,
DFV-FV, DFV-Diff, DWild, and our proposed method. It can be observed that our approach
achieves the highest performance across all shown metrics, confirming its ability to generate
more accurate and consistent output maps.

Figure 8. Quantitative comparison for focal stack number 30 from the FT dataset. The values for all
measures are normalized within the range [0, 1]. The metrics Corr, MAE, RMS, Acc_1, and Acc_2 are
shown for AiFDNet, DFV-FV, DFV-Diff, DWild, and our method.

The next comparison is performed on the FOD dataset. This dataset contains only
five RGB images per focal stack, which can negatively impact methods that rely heavily
on the number of input images. The results are shown in Figure 9. The figure presents
the qualitative results of each method. As expected, RFVR performs the weakest since its
performance depends strongly on the number of focal slices, and the limited input prevents
it from producing reliable outputs. The learning-based methods perform better under
these constraints, demonstrating greater adaptability to limited data. Among the four
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depth maps shown per method, the proposed method performs slightly better qualitatively.
For instance, when observing the depth map in the fourth row, other learning-based
methods show regions that appear noticeably farther than in the GT, whereas the proposed
method produces relatively more accurate depth estimates that better match the GT.

Figure 9. Comparison on the FOD dataset. The first column shows the GT depth maps, and the
remaining columns show depth maps from RFVR, AiFDNet, DFV-FV, DFV-Diff, and our method,
respectively. The rows correspond to the results obtained from focal stacks {7, 8, 13, 35}.

The quantitative results for focal stack 7, for which its corresponding depth maps are
shown in the first row of Figure 9, are presented in Table 4. As expected, RFVR performs
the weakest due to its strong dependence on the number of input images. Among the
deep learning-based methods, the proposed approach achieves the best performance in
four out of seven evaluation metrics. Notably, it achieves the highest correlation score of
0.912 and the lowest RMS error of 0.117, outperforming the second-best method, DFV-Diff,
which obtains a correlation of 0.904 and an RMS error of 0.126. Although DFV-Diff slightly
surpasses the proposed method in a few metrics, the overall quantitative results show that
the proposed model performs relatively better across most of the evaluated measures.

Table 4. Quantitative comparison for focal stack number 7 from the FOD dataset, for which its corre-
sponding qualitative results are shown in the first row of Figure 9. The rows represent different methods,
while the columns denote metric evaluations for each corresponding method. The symbol ↑ indicates
that higher values represent better performance, whereas ↓ indicates that lower values are better. The
bold values indicate the best results.

Method Corr ↑ MAE ↓ MSE ↓ RMS ↓ Acc_1 ↑ Acc_2 ↑ Acc_3 ↑

RFVR 0.245 0.517 0.515 0.718 18.98 32.15 43.20
AiFDNet 0.885 0.054 0.018 0.135 79.06 92.72 96.85
DFV-FV 0.891 0.062 0.016 0.128 76.69 93.93 97.46
DFV-Diff 0.904 0.054 0.016 0.126 81.98 95.11 97.10

Ours 0.912 0.063 0.014 0.117 73.57 91.22 97.49

To evaluate the generalization and effectiveness of the proposed model in real-world
scenarios, the model trained on the FT dataset is applied to real objects. This setup allows
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us to assess how well the models perform when trained only on the 1000 training stacks
of FT and then applied directly to the MB dataset without additional fine-tuning. The MB
dataset consists of real-world samples and provides a pseudo-GT map captured using a
structured light setup. For qualitative evaluation on the MB dataset, we applied all five
methods: AiFDNet, DFV-FV, DFV-Diff, DWild, and our proposed method. Output maps
were computed for each focal stack, and the results are presented in Figure 10. It can be
observed that our method produces better output maps and achieves the closest resemblance
to the GT, particularly in accurately reconstructing distant regions, as seen in the third row.
Furthermore, in the last row, the proposed method exhibits relatively lower noise in the
dusty region compared to other methods. Although DFV-FV also shows reduced noise
within the dust object, it introduces noticeable background noise in this scene.

Figure 10. Qualitative comparison on the MB dataset. The columns show the GT output maps followed
by the results from AiFDNet, DFV-FV, DFV-Diff, DWild, and our method. The rows correspond to
results obtained from focal stacks {0, 1, 2, 3, 6, 11}.

As pseudo-GT output maps are available for the MB dataset, it is possible to quanti-
tatively evaluate the performance of all methods. For overall comparison, each method
was applied to the complete test set, and the evaluation metrics were computed using the
predicted and pseudo-GT outputs for each focal stack. The average value of each metric
was then calculated, and the results are summarized in Table 5. From the table, it can
be observed that our proposed method achieves the highest correlation value (0.88) and
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the lowest MAE (4.49) among all methods, indicating improved consistency and reduced
prediction error. While DWild performs competitively and shows slightly higher accu-
racy in some metrics, our method maintains a balanced performance across all measures.
Quantitative results for focal stack 11 from the MB dataset are presented in Figure 11. All
metric values are normalized to the range [0, 1] by dividing each measure by the maximum
value of that metric across all methods, except for the accuracy metrics Acc_1 and Acc_2,
which are divided by 100. The comparison includes AiFDNet, DFV-FV, DFV-Diff, DWild,
and our proposed approach. It can be observed that our method achieves the best overall
performance across most metrics, maintaining high correlation and low error values.

Table 5. Overall quantitative comparison for MB real-world dataset. Rows represent the method
employed, while columns denote the metric evaluation of the respective method. ↑ indicates that
higher values provide better performance, while ↓ indicates that the lower value is better. The bold
values indicate the best results.

Method Corr ↑ MAE ↓ RMS ↓ logRMS ↓ AbsRel ↓ SqRel ↓ Acc_1 ↑ Acc_2 ↑ Acc_3 ↑

AiFDNet 0.86 5.23 8.30 0.30 0.61 19.86 85.19 92.22 95.86
DFV-FV 0.79 5.21 9.67 0.32 0.53 14.52 85.83 91.43 94.90
DFV-Diff 0.68 6.49 11.63 0.38 0.82 32.53 80.84 87.30 91.58

DWild 0.87 4.71 8.29 0.31 0.46 11.06 88.18 92.78 95.50
Ours 0.88 4.49 7.72 0.32 0.48 11.75 87.15 93.06 95.87

Figure 11. Quantitative comparison for focal stack number 11 from the MB dataset. The values for all
measures are normalized within the range [0, 1]. The metrics CORR, MAE, RMS, Acc_1, and Acc_2
are shown for AiFDNet, DFV-FV, DFV-Diff, DWild, and our methods.

4.4. Complexity Analysis

In this section, time complexity analysis is provided. Inference times were measured
on the FOD dataset, where each input consists of a stack of five RGB images at 256 × 256
resolution. As shown in Table 6, our method achieves a comparable runtime to existing
approaches while maintaining a similar parameter count. Although DFV-FV and DFV-Diff
are faster than others, AiFDNet exhibits slightly slower inference time than others. Our
model provides improved accuracy with only a minor increase in computation.

Table 6. Parameter count and average inference time on FOD dataset for each evaluated method.

Method Params (M) Mean Time (s)

AiFDNet [11] 16.53 0.0272
DFV-FV [6] 19.5 0.0169
DFV-Diff [6] 19.5 0.0179

Ours 19.53 0.0260
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4.5. Failure Case Analysis

Although the proposed framework improves depth estimation by incorporating tradi-
tional depth cues, certain limitations remain. In particular, when the depth estimated by the
deep module and the cues from traditional methods differ significantly, the resulting depth
map may exhibit reduced accuracy. For instance, a case of reduced accuracy is shown in
Figure 12, where most deep models, including AiFDNet, DFV-FV, DFV-Diff, and DWild,
fail to produce depth maps aligned with the ground truth (GT). The proposed method at-
tempts to improve the results, but it only achieves a modest improvement. The quantitative
metrics for AiFDNet, DFV-FV, DFV-Diff, DWild, and the proposed method are reported in
Table 7. These metrics highlight the failure of the deep models to accurately predict depth
in this case. While the proposed method shows slight improvements in Corr, MAE, RMS,
and Acc_3, the final depth map still contains noticeable errors. These observations indicate
that, although integrating traditional depth cues can enhance performance, the method’s
effectiveness is limited in scenarios where the deep module predictions and traditional
cues are highly inconsistent.

Figure 12. Qualitative comparison of a failure case from focal stack 14 from the MB dataset. The GT
and results from AiFDNet, DFV-FV, DFV-Diff, and DWild are compared with our method. While
none of the models fully capture the correct distance of objects from the viewpoint, our approach
remains comparatively closer to the GT.

Table 7. Quantitative comparison of a failure case from focal stack 14 from the MB dataset. The bold
values indicate the best results.

Method Corr ↑ MAE ↓ RMS ↓ AbsRel ↓ Acc_1 ↑ Acc_2 ↑ Acc_3 ↑

AiFDNet 0.56 15.96 24.23 0.35 55.77 72.15 91.32
DFV-FV 0.48 16.56 24.22 0.38 56.85 69.68 89.04
DFV-Diff 0.33 18.20 25.50 0.49 53.67 65.61 84.97

DWild 0.47 15.04 27.24 0.24 71.62 81.07 90.53
Ours 0.61 14.73 22.25 0.31 64.17 79.79 91.89

5. Conclusions
In this paper, we introduced a novel framework for depth from focus that fuses insights

from both traditional and deep learning-based methods to produce enhanced depth maps.
The deep depth module (DDM) generates an initial estimate from multi-scale focus volumes,
which is further refined by the depth unfolding module (DUM) through iterative residual
updates. By integrating structural information from conventional techniques, the model
enforces sharper edges and greater spatial coherence. Evaluation on both synthetic and
real-world datasets shows that the proposed approach surpasses current state-of-the-art
methods, providing more accurate, reliable, and generalizable depth predictions across
varied focal scenarios.
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