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Abstract: Objective Autofocus aims to move the lens to an appropriate focal position so that the region of interest can be
clearly imaged. In data-driven autofocus methods, a network is usually trained to predict the target focus position or lens
movement from defocused images. However, such training requires focus stacks with reliable labels, while accurate depth
or focus annotations are difficult to obtain in real imaging. Public datasets constructed from stereo disparity estimation or
analytical defocus simulation may be affected by calibration errors, focus breathing, and the mismatch between simplified

degradation models and the actual imaging process. In addition, single-image autofocus has an axial ambiguity problem.
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Similar defocus appearances may occur on both sides of the true focal plane, making it difficult to determine whether the
lens should move forward or backward from a single defocused image. To address these problems, this paper proposes a
light field autofocus dataset construction method and an image defocus estimation network for single-slice focus prediction.
Method A synthetic light field autofocus dataset, named SLFAF, is constructed using Blender-based physical rendering
and light field refocusing. The dataset contains 50 static virtual scenes, including indoor, outdoor, forest, lake, street,
and architectural environments. For each scene, a 9x9 virtual camera array is used to render 81 sub-aperture images with a
resolution of 1920X1920 pixels, while the corresponding camera intrinsic parameters, extrinsic parameters, and Z-channel
depth maps are also recorded. The 2—100 m depth range is converted into disparity according to binocular geometry and
divided into 50 focal levels for light-field refocusing and focus labeling. For each patch stack, the local ground-truth depth
is calculated by averaging the 3x3 neighborhood around the patch center in the depth map, reducing the influence of single-
pixel noise and geometric deviation. The averaged depthis mapped to the nearest focal depth level, and the corresponding
level is used as the ground-truth focus index of the patch stack. Finally, 447 original focus stacks were obtained from the
50 scenes to construct the SLFAF dataset. Based on this dataset, a lightweight image defocus estimation network was
designed. The network consists of two modules: a movement direction discriminator and a step estimator. The movement
direction discriminator is used to reduce the axial ambiguity in single-image autofocus. It takes a 128X128 RGB image
patch as input and first extracts edge-related information to suppress redundant background content. Then, the network
compares the defocus and structural responses between peripheral and central image regions, implicitly estimating the sign
of the circle-of-confusion slope. The output is a binary movement direction label, trained with cross-entropy loss. After the
movement direction is determined, the step estimator predicts the absolute movement step from the current focus slice to
the target focus index. This module is implemented as a lightweight convolutional regression network and trained with mean
square error loss. Since the same defocus appearance may correspond to different initial lens positions, an axial positional
encoding strategy, termed Lens-PE, is introduced. The initial focal index is normalized, broadcast to the same spatial size
as the image patch, and concatenated with the RGB image as an additional input channel. In this way, the network can
jointly use image defocus features and the initial lens position from the early feature extraction stage. Result Quantitative
and qualitative experiments are conducted on the SLFAF dataset. Mean absolute error, root mean square error, and error-
tolerance accuracy are used as evaluation metrics. Under the single-slice input setting, the proposed method achieves accu-
racies of 37.9%, 75.9%, 91. 4%, and 96. 8% when the prediction error is equal to O, within 1, within 2, and within 4
focus indices, respectively. The corresponding MAE and RMSE are 1.21 and 2.98. Compared with the MobileNet-v2
baseline under the same single-image prediction setting, the proposed method improves the zero-error accuracy from
31. 0% to 37. 9% and the accuracy within four focus indices from 92. 2% to 96. 8%. The inference time of the proposed net-
work is 63ms, which is much shorter than traditional full-stack traversal methods such as Gradient Laplacian and Intensity
Variance, which require 814ms and 784ms, respectively, in the same experimental setting. Qualitative results show that
the predicted focus slices are closer to the ground-truth focus indices and present clearer edge structures than the baseline
results. Ablation experiments further verify the role of the proposed modules. When the movement direction discriminator
is added to the base regression network, the MAE decreases from 2. 74 to 1. 89, showing that explicit direction discrimina-
tion is useful for reducing axial ambiguity. When the initial lens position is introduced by deep scalar concatenation,
namely Lens-index, the MAE decreases to 1. 53 and the accuracy within four focus indices reaches 92.4%. By contrast,
the proposed Lens-PE strategy further reduces the MAE to 1. 21 and improves the accuracy within four focus indices to
96. 8%. These results indicate that early spatial fusion of the initial lens position is more effective than introducing the lens
index only at the final regression stage. Conclusion The proposed method avoids the influence of mechanical calibration
errors and focus-breathing effects during data synthesis and annotation, alleviates the shortage of accurately depth-
annotated autofocus training data, and improves both focus index prediction accuracy and focus control efficiency.
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Fig. 2 Process of focus stack fabrication for synthetic light field refocusing
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Table 1 Comparison results of prediction accuracy of different networks on SLFAF dataset

PR 2R
LN i MAE  RMSE  Cost(ms)
=0 <1 <2 <4
Gradient Laplacian(Thelen %£,2008) 0751 0950 0993 0995  0.28 0.84 814
Intensity Variance(Eric %5, 1988) 0759 0973 0993 0996  0.37 1.43 784
Normalized SAD(Zabih %,1994) 0.565 0.648 0753  0.870  2.29 4.47 768
Ternary Census(Stein 2,2004) 0.641 0706  0.807 0955  0.84 1.95 682
Xl

Census Transform(Wadhwa %5,2018) 0773 0875 0951 0982  0.78 2.19 622
Normalized Envelope(Birchfield %5,2002) ~ 0.595  0.845  0.953 . 0970  0.94 2.31 664
Learning to Autofocus(Herrmann %£,2020)  0.241  0.606  0.807 . 0.954  1.61 3.93 545
MobileNet-v2(Choi %,2023) 0273  0.675 0851 0972 135 3.18 453

ZNCC Disparity(Wadhwa %,2018) 0.108 0289 0428 0.58  6.17 11.35 78

SSD Disparity(Wadhwa %£,2018) 0.167 0442 0611 0770  5.48 10.40 84

Learned Depth(Garg %,2019) 0210 0528 0709 0.857.  3.10 7.46 91

AR Learning to Autofocus(Herrmann 5$,2020)  0.264  0.555  0.753 0885 2.23 4.65 96
MCUNet-v2(Choi %,2023) 0290  0.634 0.827 0908 197 3.92 44

MobileNet-v2(Choi %,2023) 0310  0.687 0.866 0922  1.80 3.50 67

A3 (lens—PE) 0379 0759 0914 0968 121 2.98 63
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Table 2 Ablation experimental results of the travel direction discriminator

A TES AR MAE RMSE
= <1 <2 <4
Base 0.075 0.221 0.352 0.584 2.74 4.61
) Base N 0.224 0.579 0.726 0.834 1.89 3.78
L S
Base + lens—PE 0.129 0.298 0.434 0.621 1.48 3.34
Base + lens—PE N 0.379 0.759 0914 0.968 1.21 2.98
R3 VHBBERENERIIEMIRER
Table 3 Initial lens position index ablation experimental results
A BES F MAE  RMSE
=0 <1 <2 <4
Base 0224 0579 -0.726  0.834 1.89 3.78
LRI Base + lens—index 0357  0.697 0.864  0.924 1.53 3.27

Base + lens—PE

0379 0759 0914  0.968 1.21 2.98
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Fig. 6  Comparison of prediction image results between the proposed model and baseline network
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