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Abstract. 3D cell volumes provide richer structural information than
2D images of cells. Therefore, the use of the 3D cell volumes enables
stable and reliable cytological diagnosis. Previous work has introduced
a Deep Image Prior (DIP)-based method for reconstructing 3D cell vol-
umes from multi-focus image sequences. Although the method does not
require a large-scale training dataset, it requires a long time to recon-
struct 3D volumes. In this paper, we propose an efficient deep learning-
based approach for reconstructing 3D cell volumes from multi-focus im-
age sequences via cross-modality knowledge distillation, termed Deep
Cell Volume Reconstruction (DeepCVR). To begin with, using 3D cell
volumes, we construct a U-Net-based variational autoencoder, called Cel-
IVAE, which learns an optimal latent space for representing the struc-
tural information of 3D cell volumes. Next, using the encoder part of
the trained CellVAE as a teacher model, we construct a student model,
called MF-CellEncoder, which reproduces the teacher’s latent variables
from multi-focus images. Finally, DeepCVR is constructed by combin-
ing the MF-CellEncoder and CellVAE decoder. DeepCVR reconstructs
3D cell volumes in a single forward pass. This avoids the per-sample
optimization required by the DIP-based method. Experimental results
show that DeepCVR greatly reduces the reconstruction time while ap-
proximating DIP-based reconstructions with comparable quality. Code
available at: https://github.com/imamkhairi/DeepCVR.

Keywords: 3D cell volume reconstruction - Multi-focus images - Cross-modality
knowledge distillation

1 Introduction

In medical diagnosis and examination, 3D structural information of target ob-
jects provides more comprehensive morphological insight than conventional meth-
ods using 2D images. In cytology, imaging modalities such as confocal microscopy
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Fig.1: Overview of the proposed method with student encoder and teacher de-
coder.

and electron microscopy are used to acquire 3D structures of cells [1, 6, 16]. How-
ever, these modalities require specialized equipment and complex sample prepa-
ration procedures, limiting their routine use in standard cytology.

In contrast, bright-field microscopy is widely used in cytological studies. Re-
cently, bright-field Whole Slide Imaging (WSI) has become a powerful tool for
cytological examination and analysis [3, 10, 13]. WSI can acquire a multi-focus
image sequence by changing the focal position along the optical axis without
additional hardware modifications. Each image can be regarded as an x-y plane
observed at a different focal depth z.

Multi-focus image sequences can be used to estimate 3D cell structures.
Oune computational approach is shape-from-focus (SFF), which estimates depth
from focus measures across the image sequence [5, 12]. However, SFF-based ap-
proaches are often difficult to apply to translucent cells because underlying layers
affect the observed intensity, making the focus cues ambiguous.

To reconstruct 3D cell volumes from bright-field microscopic images, Yam-
aguchi et al. [15] proposed a physics-based imaging framework that models the
process of capturing multi-focus images of translucent cells using bright-field
microscopy. In their method, the reconstructed 3D volume consists of a set of
voxels, each of which has the transmittance value at that location. However, this
method is time-consuming because of estimating 3D volume by an iterative least
squares method.

Extending this framework, Azevedo et al. [2] introduced a Deep Image Prior
(DIP) [14] to reconstruct 3D cell volumes from multi-focus images to improve
the quality of 3D volumes. DIP solves the inverse image reconstruction problem
by optimizing network parameters for each individual input without large-scale
training data. However, because the optimization is performed independently for
each input, the reconstruction process remains computationally expensive.

In this paper, we propose DeepCVR, a deep learning-based method for fast
3D cell volume reconstruction from multi-focus image sequences (Fig. 1). Deep-
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CVR is based on the combination of knowledge distillation applied to image re-
construction tasks [7] and intermediate representations for cross-modality knowl-
edge transfer [17]. This design separates the reconstruction problem into two
steps. First, a variational autoencoder (VAE) [4], called CellVAE, is trained to
learn a latent representation of 3D cell volumes. Using the encoder of the trained
CellVAE as a teacher model, a student network, MF-CellEncoder, is trained to
reproduce the latent and intermediate representations of 3D cell volumes from
multi-focus inputs via cross-modality knowledge distillation. This avoids learning
the 3D representation and cross-modal mapping simultaneously. Finally, Deep-
CVR is constructed by combining MF-CellEncoder and the decoder of CellVAE.
In the inference phase, when a sequence of multi-focus images is provided, Deep-
CVR outputs the 3D volume of cells in the sequence.

The main contribution of this study is to eliminate the need for per-sample
optimization in DIP-based 3D reconstruction by transferring the reconstruction
process into a feed-forward model. DeepCVR uses teacher-student distillation to
learn the reconstruction knowledge obtained from DIP-reconstructed volumes.
This enables 3D reconstruction that approximates DIP-based reconstructions
while significantly reducing reconstruction time.

2 Methodology

DeepCVR was trained using paired data consisting of multi-focus image se-
quences and their corresponding 3D volumes. Each sequence contains 11 focal
slices with a resolution of 384 x 384 pixels. The corresponding 3D volumes are
generated using the DIP-based method [2].

2.1 CellVAE
CellVAE is a 3D U-Net [11]-based VAE [4] that learns a latent representation
zsp and a set of intermediate features sg% (i=1,...,K) from a 3D cell volume

V', as shown in Fig. 2.

The input volume is padded to 12 x 384 x 384, making the depth dimension
compatible with the downsampling and upsampling operations in the network.
Downsampling along the z-axis is performed only once, thereby preserving suf-
ficient depth resolution in the latent representation.

The additional padded depth is used only during the internal network compu-
tation. After decoding, the output volume is cropped back to the original depth
of 11. Therefore, the padded depth is excluded from both the reconstruction loss
and the evaluation metrics.

Based on the VAE framework, the encoder models the approximate posterior
distribution in the latent space as follows:

q(z3p|V) :N(/J'SDao-:%D)a (1)

where psp and o% p denote the mean and variance of the approximate posterior
distribution, respectively. During training, the latent vector z3p is sampled using
the reparameterization trick.
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Fig.2: CellVAE architecture.

In this study, CellVAE is used as a VAE-based model to learn a compact and
regularized latent representation of 3D cell volumes. The probabilistic formula-
tion regularizes the latent space during training. During reconstruction, we use
the latent mean instead of random sampling to obtain deterministic outputs. To
reduce the potential loss of spatial information in the latent space, intermediate
features ng[)) are extracted at the i-th encoder level and passed to the decoder
through skip connections.

CellVAE is trained using an objective function consisting of a reconstruction
loss and a Kullback—Leibler (KL) divergence regularization term:

Lyag = Lrec + Dxr (¢(z3p|V) || p(2)) , (2)

where Lye. = ||V =V |2 denotes the mean squared error (MSE) between the input
3D volume V and its reconstructed volume V' produced by CellVAE. The KL
term Dxkr, (¢(z3p|V) || p(z)) regularizes the approximate posterior distribution
q(z3p|V) toward a standard normal prior p(z) = N(0, I).

2.2 MF-CellEncoder

As shown in Fig. 3, the inputs of CelVAE and MF-CellEncoder are different. Cel-
IVAE receives a 3D volume, whereas MF-CellEncoder receives a multi-focus im-
age sequence. Therefore, we train MF-CellEncoder using teacher-student learn-
ing so that it can reproduce the 3D representation learned by the CellVAE
encoder from multi-focus image inputs.

In this framework, the trained CellVAE encoder is used as the teacher model.
Given a 3D volume, the teacher outputs the latent distribution parameters t5p
and o3, as well as intermediate features s3p. The MF-CellEncoder, which has
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Fig. 3: MF-CellEncoder architecture.

the same architecture as the CellVAE encoder, is used as the student model.
Given the corresponding multi-focus image sequence, MF-CellEncoder outputs
the latent distribution parameters p,,;» and 03,5, as well as intermediate fea-
tures Sy F.

The MF-CellEncoder is trained to reproduce the latent distribution parame-
ters and intermediate features obtained from the CellVAE encoder. After train-
ing, 3D reconstruction is performed by feeding the output of MF-CellEncoder
into the trained CellVAE decoder in a single forward pass.

MF-CellEncoder is trained using a distillation loss defined as follows:

K

) _ 2
Laistin = ||arr — N3D||§ + ||log o3y — logagDHQ + E HSS\Z/I)F - 3:(3% ‘
i1

o ©

where gty and 03, denote the mean and variance of the latent distribution
produced by MF-CellEncoder, whereas g5 and a’% p are produced by the Cell-
VAE encoder. Moreover, 35\31)1? and s:()f])) represent the intermediate feature maps
at the i-th (i = 1,..., K) encoder level. In this study, we set K = 3.

3 Experiments

3.1 Overview

We evaluated the proposed DeepCVR using multi-focus image sequences ex-
tracted from WSIs. Owing to privacy restrictions on clinical data, the full dataset
cannot be publicly released. However, several sample images are available in the
Cervical Cancer Cell Image Database: Multi-focus Cytology Dataset [9].
CellVAE and MF-CellEncoder were trained using 3D cell volumes recon-
structed by the DIP-based method [2], generated with 500 optimization epochs.
The dataset contains 320 pairs of multi-focus image sequences and their cor-
responding 3D reconstructions, with 80 samples from each of the NILM, LSIL,
HSIL, and SCC cytological categories, which are defined according to the Bethesda
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Table 1: Quantitative reconstruction results measured by PSNR, SSIM, and
average reconstruction time.

Category PSNR? [dB][SSIM*t|Time] [msec|[DIP Timel [x 10" msec]
NILM 45.34 0.9981 99.634 111.929
LSIL 41.72 0.9977 99.642 112.192
HSIL 43.88 0.9983 99.663 112.224
SCC 39.83 0.9954|  99.683 111.941
Overall Average 42.99 0.9974 99.654 112.066

() (f) (8) (h)

Fig. 4: Reconstruction results using the DIP-based method and DeepCVR. (a),
(b) NILM; (c), (d) LSIL; (e), (f) HSIL; and (g), (h) SCC samples, where the
left image in each pair shows the DIP-based reconstruction and the right image
shows DeepCVR.

System [8]. This dataset was split into 256 training samples, 32 validation sam-
ples, and 32 test samples, ensuring that each category was equally represented
in each split.

DeepCVR was evaluated on the test set using Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index Measure (SSIM), and average reconstruc-
tion time. PSNR, and SSIM were computed between the volumes reconstructed
by DeepCVR and those reconstructed by the DIP-based method, using only the
original 11 depths after removing the padded depth. These metrics assess the
reconstruction quality of DeepCVR relative to the DIP-based method, whereas
average reconstruction time assesses the computational efficiency of the proposed
method.
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Fig.5: Multi-focus image sequence for a NILM sample: (a) original input, (b)
simulated multi-focus images from the DIP-based reconstruction, and (c) simu-
lated multi-focus images from the DeepCVR reconstruction.

3.2 Results

Table 1 shows that the proposed method achieves high PSNR and SSIM values
with respect to the DIP-based reconstructions, indicating that DeepCVR pro-
duces volumes that closely approximate the DIP-based results. Moreover, the
proposed method reduces the average reconstruction time per sample to 99.654
[msec], whereas the DIP-based method requires 112.066 x10* [msec].

Fig. 4 shows examples of reconstructed 3D cell volumes produced by Deep-
CVR and the DIP-based method. From the figures, the proposed method pro-
duces volumetric structures with cell shapes and structural details comparable to
those obtained using the DIP-based method. Although mild stretching artifacts
were observed in some cases, overall morphological consistency was preserved.

Multi-focus images from the reconstructed volumes simulated using the imag-
ing model [15] are shown in Fig. 5. Since the imaging model predicts grayscale
images, the simulated multi-focus images are shown in grayscale. They main-
tain similar focus transitions across depth while exhibiting slight blurring and
intensity differences compared with the original input images.
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3.3 Discussion

The qualitative and quantitative results indicate that the proposed method can
reconstruct 3D volumes from a multi-focus image sequence with quality compa-
rable to DIP-based reconstructions, while drastically reducing the computational
cost of reconstruction. A key limitation of the DIP-based method is the need for
per-sample iterative optimization. When optimized for 500 epochs per sample,
DIP requires approximately 112.066 x10* [msec| per volume. In contrast, the
proposed method performs reconstruction in approximately 99.654 [msec| with
a single forward pass, achieving an approximately 1.1 x 10*-fold speedup.

Fig. 4 (b) shows that the proposed method sometimes contains minor stretch-
ing artifacts in the reconstructed 3D volume. However, when examining the
multi-focus images simulated from the reconstructed volumes, as shown in Fig. 5,
the simulated images maintain focus transitions across depth similar to those of
the original input images. Nevertheless, slight blurring was observed in some re-
constructed structures. This effect mainly arises from the VAE-based reconstruc-
tion process, in which probabilistic latent representations introduce smoothing
during decoding. While this smoothing improves reconstruction stability, it may
reduce the sharpness of fine structural details compared with the DIP-based
reconstruction. One solution for this limitation is to introduce sharper recon-
struction constraints, such as edge-aware loss functions or hybrid architectures
that better preserve structural features.

A limitation of this study is that we did not compare DeepCVR with a
direct end-to-end reconstruction model. This study focuses on distilling DIP-
based reconstruction into a fast feed-forward model. A comparison with end-to-
end baselines will be included in our future work.

4 Conclusion

We proposed DeepCVR, an efficient method for 3D cell volume reconstruction
from multi-focus image sequences. By training a student encoder to reproduce la-
tent and intermediate representations learned from DIP-reconstructed volumes,
the proposed method distills DIP-based reconstruction into a fast feed-forward
model. Experimental results showed that DeepCVR approximates DIP-based re-
constructions with comparable quality while reducing reconstruction time from
112.066 x10* [msec| to approximately 99 [msec] per sample. Future work will
focus on further analysis of the blurring effects observed in simulated multi-focus
images to improve reconstruction fidelity and integration with downstream cy-
tological analysis tasks.
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