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Abstract. We propose a novel microscopy image restoration algorithm capable
of co-restoring Phase Contrast and Differential Interference Contrast (DIC) mi-
croscopy images captured on the same cell dish simultaneously. Cells with dif-
ferent phase retardation and DIC gradient signals are restored into a single image
without the halo artifact from phase contrast or pseudo 3D shadow-casting effect
from DIC. The co-restoration integrates the advantages of two imaging modali-
ties and overcomes the drawbacks in single-modal image restoration. Evaluated
on a datasets of five hundred pairs of phase contrast and DIC images, the co-
restoration demonstrates its effectiveness to greatly facilitate the cell image anal-
ysis tasks such as cell segmentation and classification.

1 Introduction

Microscopy imaging techniques are critical for biologists to observe, record and ana-
lyze the behavior of specimens. Two well-known non-fluorescence microscopy imaging
modalities based on light interferences are phase contrast microscopy [1] and differen-
tial interference contrast (DIC) microscopy (Chapter 10 in [2]). As non-invasive tech-
niques, phase contrast and DIC have been widely used to observe live cells without
staining them.

With the large amount of microscopy image data captured in high-throughput biolog-
ical experiments, computational algorithms have been developed to analyze cell images
automatically [3,4]. In addition to common image processing algorithms [5,6], recently
some cell image analysis methods based on microscope optics models have been ex-
plored. Due to the specific image formation process, phase contrast microscopy images
contain artifacts such as the halo surrounding cells (Fig.1(a)), and DIC microscopy
images have the pseudo 3D shadow-cast effect (Fig.1(c)). The computational imaging
model of phase contrast microscopy was derived in [8], based on which
algorithms have been developed to restore artifact-free images for cell segmentation and
detection [10,11]. The computational imaging model of DIC microscopy was derived
in [12] and corresponding preconditioning algorithms were developed to preprocess the
DIC images to greatly facilitate the cell segmentation [12,13].

However, there are still some challenges which are hard to be conquered by a sin-
gle microscopy modality. For example, during mitosis (division) or apoptosis (death)
events, cells appear brighter than their surrounding medium (a different phenomenon
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compared to halos around dark cells during their migration cell stages, as shown in
Fig.1(a)). Since cells become thick during mitotic and apoptotic stages, mitotic and
apoptotic cells have different phase retardation compared to migration cells. As a re-
sult, mitotic and apoptotic cells are not well restored by the phase contrast microscopy
model suitable for migration cells (Fig.1(b)). But, on the other hand, the DIC image
has strong gradient response corresponding to mitotic/apoptotic cells (Fig.1(c)), thus
they are well restored by the DIC imaging model (Fig.1(d)). However, some flat cells
during their migration stages in the DIC image have low gradient signal (regions with
shallow optical path slopes produce small contrast and appear in the image at the same
intensity level as the background, as shown in Fig.1(c)), which is very challenging for
DIC image restoration (Fig.1(d)). But, those flat migration cells can be easily restored
in phase contrast models (Fig.1(b)). More detailed comparison on the advantages and
disadvantages of phase contrast and DIC microscopy can be found in [15].

Fig. 1. Challenges. (a) Phase contrast image; (b) Phase contrast image restoration; (c) DIC image;
(d) DIC image restoration.

Observing that phase contrast and DIC imaging modalities are complementary to
each other, we propose a novel multimodal microscopy image restoration approach via
both phase contrast and DIC imaging, with the following contributions:

(1) We capture phase contrast and DIC microscopy images on the specimens simul-
taneously and develop a co-restoration algorithm such that the two image modalities
can be restored into one single image without any artifact from either modality (halo in
phase contrast or pseudo 3D relief shading in DIC);

(2) The co-restoration algorithm is adaptive to integrate the advantages of two imag-
ing modalities and overcome the drawback in single-modal image restoration, so re-
gions of mitotic/apoptotic cells rely more on DIC imaging and regions with shallow
optical path slopes focus more on phase contrast imaging;

(3) The co-restored images from phase contrast and DIC imaging greatly facilitate
cell image analysis tasks such as cell segmentation and cell classification.

2 Data Acquisition

Generating phase contrast and DIC images simultaneously is not an issue on a common
motorized microscope. Fig.2(a) is the microscope (Zeiss Axiovert 200M) we used for
imaging live cells. The single instrument has multiple microscopy functions including
phase contrast and DIC. Different optical components such as the phase plate and DIC
analyzer are mounted on a turret. A servo motor in the microscope allows for different
optical components to be moved out and into the optical pipeline without any human
manipulation. The cells were cultured in an incubation system placed on the top stage of
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the microscope which didn’t move during the entire experiments. Therefore, no image
registration was needed.

Switching optical components is very fast (less than 1 second) and the time-lapse
images on living cells are taken every 5 minutes. The cell movement within 1 second
is very tiny. Thus we can have phase contrast and DIC images “simultaneously” in an
automated manner without human interaction, other than setting the time interval and
hitting the start button to start image acquisition. For example, Fig.2 (b1) and (b2) show
the first DIC and phase contrast images of an experiment, respectively, and Fig.2 (c1)
and (c2) show the images after 37 hours (images are taken every 5 minutes).

Fig. 2. Zeiss Axiovert 200M microscope with both phase and DIC imaging.

3 Methodology

3.1 Theoretical Foundation of Microscopy Image Restoration

Given cells in a petri dish, we capture their phase contrast microscopy image gp and
DIC microscopy image gd, simultaneously. Let fp and fd be the artifact-free phase
contrast and DIC images, respectively, which are related to cell’s physical properties
such as the optical path length, we adopt the linear imaging models of phase contrast
and DIC microscopy [8,12]:

gp ≈ Hpfp (1)

gd ≈ Hdfd (2)

where all the images are represented by vectorized N × 1 vectors with N pixels in
an image. Hp and Hd are two N × N sparse matrices defined by the Point Spread
Function (PSF) of phase contrast [8] and DIC [12], respectively.

Rather than restoring fp and fd independently, we formulate the following con-
strained quadratic function to restore a single artifact-free image f from two microscopy
modalities, which is related to cell’s physical properties but without any artifacts from
either phase contrast or DIC:

O(f) = ‖Wp(Hpf − gp)‖22 + ‖Wd(Hdf − gd)‖22 + ωsf
TLf + ωr ‖Λf‖1 (3)

where Wp and Wd are two N × N diagonal matrices. diag(Wp) = {wp(n)}
and diag(Wd) = {wd(n)} where wp(n) and wd(n) are the weights for phase contrast
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and DIC restoration error cost of thenth pixel (n ∈ [1, N ]), respectively.Wp+Wd = I
where I is the identity matrix. L is the Laplacian matrix defining the local smoothness
[7]. Λ is a diagonal matrix with diag(Λ) = {λn} where λn > 0. ωs and ωr are the
weights for smoothness and sparseness terms, respectively.

Since the objective function in Eq.3 has a l1 sparseness regularization, there is no
closed-form solution on f . We constrain the restored f to have nonnegative values and
convert Eq.3 to a Nonnegative-constrained Quadratic Problem (NQP):

f∗ = argmin
f

fTQf + 2(b+
ωr

2
diag(Λ))T f + c, s.t. f ≥ 0 (4)

where
Q = HT

p W
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Given Wd and Wd, we solve the NQP problem in Eq.4 by the following algorithm
using the non-negative multiplicative update [9] and re-weighting techniques [14].

3.2 Multimodal Microscopy Image Restoration Algorithm

When solving for the artifact-free image f in Eq.3 by Algorithm, we need two N ×
N diagonal matrices Wp and Wd, defining the weights of phase contrast and DIC
imaging modalities, respectively. Ideally, for each pixel we expect that the imaging
modality which has better restoration performance on the pixel has larger weight on
that pixel in the objective function. For example, we expect large wp(n)’s on pixel
regions with small slopes of optical path length, and large wd(n)’s on pixel regions
where mitosis and apoptosis occur. This reasoning leads to a chicken-or-egg problem:
restoring f needs Wp and Wd but defining Wp and Wd needs the restoration f .

To solve this dilemma, we can initialize the weights (wp(n) and wd(n), wp(n) +
wd(n) = 1) randomly between 0 and 1. Then, we restore f using the weights on two
imaging modalities. Based on the restoration result, we update the weights by checking
the corresponding restoration errors. The process of restoration and weight updating are
iterated until convergence.

Based on the restoration f (t) at iteration t, the restoration errors of phase contrast
and DIC (denoted as E(t)

p and E
(t)
d , respectively) are calculated as:

E(t)
p =

∣
∣
∣(Hpf

(t) − gp)
∣
∣
∣ (8)

E
(t)
d =

∣
∣
∣(Hdf

(t) − gd)
∣
∣
∣ (9)

where | · | computes the element-wise absolute value of a vector. Ep and Ed are two
N × 1 vectors with elements defining restoration errors at N pixel locations.

Then, the weighting matrices are updated as:

diag(W(t+1)
p ) = diag(W(t)

p ) + 1−E(t)
p ./(E(t)

p +E
(t)
d ) (10)

diag(W
(t+1)
d ) = diag(W

(t)
d ) + 1−E

(t)
d ./(E(t)

p +E
(t)
d ) (11)
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where ‘./’ computes the element-wise division between two vectors. After normaliza-
tion such that Wp +Wd = I, the weight matrices are updated as:

diag(W(t+1)
p ) = (diag(W(t)

p ) +E
(t)
d ./(E(t)

p +E
(t)
d ))/2 (12)

diag(W
(t+1)
d ) = (diag(W

(t)
d ) +E(t)

p ./(E(t)
p +E

(t)
d ))/2 (13)

We summarize our iterative co-restoration in Algorithm 1 below.

Algorithm 1. Multimodal microscopy image restoration.

Input: t = 1, W(1)
p and W

(1)
d ;

Repeat

Solve for f (t) in Eq.4 using W
(t)
p and W

(t)
d by Algorithm1;

Calculate the restoration error vectors (E(t)
p and E

(t)
d ) in Eq.8 and Eq.9;

Update W(t)
p and W

(t)
d using Eq.12 and Eq.13;

t ← t+ 1;
Until the change on f between two iterations is smaller than a tolerance.

3.3 Build a Look-Up Table for Better Initialization

Good initialization on weight matrices Wp and Wd in Algorithm 1 can make the itera-
tive process converge fast and avoid drifting to an undesired local optimum. Hence, we
propose to build a look-up table to infer the best initialization on wp(n) and wd(n) for
every pixel n based on its phase contrast and DIC image values (gp(n),gd(n)).

We offer M − 1 different weights for wp(n): {s1, ..., sm, ..., sM−1} where sm =
m/M . Note that wd(n) is defined as wd(n)=1 − wp(n). For example, when M = 20,
(0.05, 0.95), (0.1, 0.9),..., (0.95, 0.05) are 19 choices of (wp(n), wd(n)) for pixel n.
Based on the phase contrast image gp and DIC image gd, we obtain M − 1 restored
images fm by solving Eq.3 according to the M − 1 sets of weight matrices (i.e., Wp =
smI and Wd = I−Wp).

Suppose the pixel value ranges of the phase contrast and DIC images are [0,K] and
[0,L], respectively. We build a K × L look-up table T whose element is defined as 1:

T(k, l) = sm∗ (14)

where m∗ = argmin
m

∑

n∈Ψk,l

{|Hpfm − gp|n + |Hdfm − gd|n} (15)

Ψk,l = {n|gp(n) = k and gd = l}.
For a pixel location n, if its phase contrast and DIC image values are k and l, respec-
tively, we find all the other pixels with the same value pairs into set Ψk,l. Then, in Eq.15

1 Practically, the size of the look-up table can be reduced by quantizing the pixel value ranges
into a small number of bins.
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we search which restored image fm has the least total restoration error on the pixel set
Ψk,l. Accordingly, the best out of the M − 1 sets of weights for any pixel with phase
contras and DIC image values (k, l) are defined by wp(n) = sm∗ and wd(n) = 1−sm∗ .

Note that the look-up table only needs to be constructed from the first set of phase
contrast and DIC images. Afterward, given any pair of phase contrast and DIC images
on the same cell dish, for each location n, a weight will be assigned to wp(n) as the ini-
tial value by checking the look-up table T(gp(n),gd(n)). Wp is obtained by checking
all locations with n ∈ [1, N ], and Wd = I−Wp. Fig.3 shows initialization examples
of both microscopy modalities via our look-up table. Wp in Fig.3(b) is large on flat cell
regions, andWd in Fig.3(d) is large on mitosis/apoptosis cell areas. These initial weight
matrices are obtained using the coarse look-up table. Algorithm 1 iteratively updates the
weights to a fine optimum, according to their corresponding restoration errors.

Fig. 3. Initialization via our look-up table. (a) Phase contrast image; (b) Initialization of Wp by
look-up table; (c) DIC image; (d) Initialization of Wd by look-up table.

3.4 Cell Segmentation and Classification Based on Co-restoration

Fig.4 shows the outline of our segmentation and classification procedure based on co-
restoration results. Fig.4(b) shows the restored images by three different approaches
from Fig.4(a), where it is noticeable that the non-cell background region has uniform
low pixel values, and the contrast between cells and background is high. By simply
thresholding the restored images, segmentation results are obtained in Fig.4(c).

Fig. 4. Cell Segmentation and classification. (a) Original images; (b) Restored images; (c) Seg-
mented images by thresholding; (d) Cell classification.

Then, we classify cells into three classes: (1) mitosis/apoptosis cells (challenging for
phase contrast microscopy); (2) flat migration cells (challenging for DIC microscopy);
and (3) migration cells before mitosis/apoptosis. By comparing our co-restoration re-
sults with the single modality results in Fig.4(c), we define: (1) cells detected through
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co-restoration but not detected in phase contrast restoration are mitosis/apoptosis cells
(shown in Fig.4(d) in red color); (2) cells detected through co-restoration but not de-
tected in DIC restoration are flat migration cells (shown in Fig.4(d) in green color); (3)
the rest cells detected through co-restoration are cells before mitosis/apoptosis.

4 Experimental Results

We collected microscopy images from both phase contrast microscopy and DIC mi-
croscopy on the same cell dish, and 500 pairs of microscopy images (1040 × 1388
resolution) with various cell densities were collected to validate our algorithm.

4.1 Qualitative Evaluation

In Fig.5 we show the qualitative comparison between our co-restoration method and
previous single-modality microscopy restoration methods. Fig.5(b)(c) show some ex-
amples of the phase contrast and DIC microscopy images, respectively. Restoration
results of single-modality methods are shown in Fig.5(d)(e), where we can see some
cells are not detected. Using our co-restoration approach, the challenging cases are han-
dled well as shown in Fig.5(f). Cell classification is obtained by incorporating both co-
restoration result and single-modality results, which is demonstrated in Fig.5(g).(Red:
cells in mitosis or apoptosis; Green: cells in migration with flat gradients; White: cells
before mitosis/apoptosis)

Fig. 5. Comparison with different restoration approaches.

4.2 Quantitative Evaluation

To evaluate the performance of our algorithm quantitatively, we manually labeled cell
masks (include mitosis/apoptosis cells, cells before mitosis/apoptosis and flat migrating
cells) in all microscopy images as ground truth. We define True Positive (TP) as cells
segmented correctly, and False Positive (FP) as cells segmented mistakenly. Positive
(P) and negative (N) samples are defined as cells and background, respectively. Preci-
sion and recall are calculated by: Precision = TP/(TP+ FP), Recall = TP/P,
By adjusting different thresholds on the restoration images and comparing with ground



Co-restoring Multimodal Microscopy Images 249

Fig. 6. ROC curve of segmentation results by 3 approaches

truth, we obtain segmentation results with different precisions and recalls for 500
microscopy images, and get a ROC curve. The results are shown in Fig.6 where our
co-restoration outperforms single-modal restoration largely.

We also evaluate the mitosis/apoptosis event detection accuracy (EDA), defined
as EDA = (|TPe| + |NE| − |FPe|)/(|E|+ |NE|), where True Positive of event
detection (TPe) denotes the mitosis/apoptosis detected correctly, and False Positive
of event detection (FPe) denotes the event detected mistakenly; E and NE define
the mitotic/apoptotic cells and non-mitotic/apoptotic cells, respectively. By choosing
the segmentation threshold at which outputs the best F score (F = 2 · precision·recall

precision+recall ),
the EDA of our algorithm is 94.75%, which is also highly reliable considering that we
are achieving very high segmentation result at the same time.

5 Conclusion

We propose a novel cell image co-restoration approach by considering Differential In-
terference Contrast(DIC) and Phase Contrast microscopy images captured on the same
cell dish. The challenges in restoring single modular microscopy images is overcome in
our algorithm, by leveraging different weighting parameters to cells with different phase
retardation and DIC gradient signals. The experimental results show that our approach
achieve high quality cell segmentation and accurate event detection.
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