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Abstract. Timelapse microscopy enables long term monitoring of bi-
ological processes, however a major bottleneck in assesing experimen-
tal outcome is the need for an automated analysis framework to extract
statistics and evaluate results. In this study, we use Gabor energy texture
descriptors to generate a high dimensional feature space which is anal-
ysed with principal component analysis to provide unsupervised charac-
terisation of texture differences between pairs of images. We apply this
technique to differentiation of human embryonic carcinoma cells in the
presence of all-trans retinoic acid (RA) and show that differentiation out-
come can be predicted directly from texture information. A microfluidic
environment is used to deliver pulses of RA stimulation over five days
in culture. Results provide insight into the dynamics of cell response to
differentiation signals over time.

Keywords: principal component analysis, texture features, Gabor en-
ergy, fate mapping, cell differentiation

1 Introduction

Embryonic stem cells have the ability to generate all cells in the adult body
through differentiation, a process by which cells acquire highly specialised func-
tion and morphology. In the developing embryo, cell differentiation undergoes
a complex spatial patterning with very precise timings difficult to replicate in
vitro. As a result, differentiation of cells in culture is inefficient and not fully
understood. Recent studies indicate that cell response to external factors can be
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amplified by pulsing of signals as opposed to constant exposure [1, 2]. Two main
technologies can be used to enable control of input signal properties, fast solu-
tion switching in microfluidic environment [1] and photo-activatable systems [2].
Microfluidics have the advantage of delivering multiple inputs and controlling
other culture parameters such as shear stress and gradients [3].

In this study, we investigated the differentiation of NTERA2 [5, 6] human
embryonic carcinoma cells under controlled microfluidic flow. When exposed to
all-trans retinoic acid, NTERA2 are known to differentiate towards a non-neural
fate identified by surface marker ME311 and neural cells detected after 3-4 weeks
[7], however expression at early stages in differentiation is not well characterised.
We monitored cell differentiation using a timelapse microscope which enables
acquiring a timeseries of images at set time intervals thus capturing not only the
final outcome but the entire process of cells starting from a proliferative state
and leading into early differentiation in the presence of a morphogen over several
days. Timelapse produces extensive video data which needs to be processed
in an automated way in order to extract useful statistics and characterise the
differentiation process over time.

The problem of automating statistical analysis of cell differentiation is ex-
tremely challenging primarily due to lack of statistical descriptors to describe
changes occuring in culture over time. Recent studies have shown that texture
descriptors can enable classification of human stem cells using phase contrast mi-
croscopy [4] however statistics over time are not discussed. From an experimental
point of view some key questions regarding differentiation are: (i) when does on-
set happend; and (ii) did certain differentiation conditions favour a particular
cell type being produced. In this study, we aim to address these questions in the
context of early differentiation of human carcinoma cells by automated detection
of changes in cell culture morphology over time based on texture information.
Firstly, we describe a generic approach to qualitatively assess differences in tex-
tural characteristics of images from the Brodatz dataset for a fixed timepoint.
We then extend this approach to quantitatively monitor changes in a timeseries
of images through an unsupervised dimensionality reduction technique.

2 Principal Component Analysis-Based Texture
Discrimination Technique

2.1 Gabor Energy Texture Features

Gabor filters [8] produce a decomposition of intensity values in an image I(x, y)
into sub-bands with preffered orientation and sparial frequency, revealing hidden
spatial information by kernel convolution:

gλ,σ,γ,θ,ϕ(x, y) = e−
x′2+γ2y′2

2σ2 cos
(

2π
x′
λ

+ ϕ
)

; rλ,σ,γ,θ,ϕ = I ∗ g (1)

where x′ = (x−x0) cos θ+ (y− y0) sin θ; y′ = −(x−x0) sin θ+ (y− y0) cos θ and
(x0, y0) represent the kernel centerl; θ ∈ [0 π), λ and ϕ ∈ (−π π] represent angle,
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frequency and phase respectively. The envelope is characterised by ellipticity γ

and size σ linked through bandwidth b: σ
λ = 1

π

√
ln 2
2

2b+1
2b−1

. A series of Gabor

filters computed for different parameter combinations are shown in Figure 1.
Texture information in the image can be characterised by Gabor energy fea-

tures computed as:

eλ,σ,γ,θ(x, y) =
√
r2λ,σ,γ,θ,0(x, y) + r2λ,σ,γ,θ,−π

2
(x, y) . (2)

In the following, we refer to texture features as a set of Gabor energy texture
features generated for each image using parameters:

λ = [1/15; 1/30; 1/60; 1/120; 1/240]

θ = [0;π/4;π/2; 3π/4;π; 5π/4; 6π/4; 7π/4] (3)

σ ∈ [0.002, 0.03]

γ ∈ [0.001; 0.01]

b = 1

and organised into a texture feature dataset:

f(x, y) = [f1(x, y), f2(x, y) . . . fN (x, y)]; f1:n = eλk,σk,γl,θm(x, y)∀k, l,m. (4)

a b c

d e f

Fig. 1: Gabor filters generated for different orientation, size and bandwidth.
Phase offset is set to ϕ = 0 throughout examples. (a) σ = 5; θ = 0; γ = 0.5; b = 1;
(b) σ = 10; θ = π/6; γ = 0.5; b = 1; (c) σ = 15; θ = π/4; γ = 0.5; b = 1; (d)
σ = 15; θ = π/2; γ = 0.24; b = 0.5; (e) σ = 15; θ = π/2; γ = 0.24; b = 1 ; (f)
σ = 15; θ = π/2; γ = 0.24; b = 2.
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2.2 PCA-Based Analysis Using Random Window Sampling

Extracting texture by Gabor energy features is a task of high computational
complexity. To prevent this from becoming intractable for large images, tex-
ture was analysed in a number of 50 windows collected at random locations
in the image. For each sampling window i and a given parameter combina-
tion j the Gabor energy output is integrated to produce texture observations:
Z(i, j) =

∫ ∫
fj(x, y)dxdy. Thus for each image, a texture dataset of 50 obser-

vations by 280 features was extracted. Where multiple images and timepoints
were considered, texture data was concatenated in a single large dataset and
analysed with Principal Component Analysis (PCA) [9]. The Matlab implemen-
tation princomp.m was used to obtain the projection W = ATZ and data was
visualised in the reduced principal component space.
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Fig. 2: PCA-based image analysis technique. (a) Sampling from Texture 1 at
locations in red; (b) sampling from Texture 2 at locations in blue; (c) Combined
feature dataset organised by window number vs filter number; (d) PCA analysis
of all observations colour coded according to Texture Set 1 (red) compared to
Texture Set 2 (blue).
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2.3 Unsupervised Texture Discrimination of Brodatz Images

Images can be distinguished by texture in PCA-reduced space. Im-
ages from the Brodatz database [10] were analysed with the PCA-based tech-
nique using texture (Figure 2). A combined texture feature set was produced by
concatenating observations from the two texture for all filter parameters. The
PCA analysis and 2D projections in the principal component space show that
observations from the two images clearly segregate into separate groups (Figure
2d). Thus without any prior information of the images PCA-based analysis of
texture could be used to discriminate between two images.

1

A1 A2

A1
A2

a

B1 B2

B1
B2

b
A1 A2 B1 B2

Fig. 3: PCA-based discrimination of textured images from Brodatz dataset. (a)
Set of two different textured images A1 and A2 (top panel), grayscale intensity
histograms (middle panel) and PCA visualisation show minimal overlap between
samples from A1 and A2 (bottom panel); (b) Set of highly similar textured im-
ages B1 and B2 (top), grayscale intensity histograms (middle) and PCA analysis
showing complete overlap between observations from B1 and B2 (bottom).
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One commonly used feature to describe an image is the intensity histogram
which does not contain spatial information. However, distinct images can show
similarity in grayscale intensity distributions. To highlight differences between
a texture-based approach and grayscale intensity, we applied the Gabor energy
and PCA-based analysis with random sampling to images with similar distribu-
tions represented as histograms (Figure 3). Indeed even in this case, on the basis
of texture information, PCA can discriminate between images with distinct tex-
ture characteristics without prior knowledge of the data (Figure 3a). Only few
observations are overlapping and a separation boundary can be found.

Texture Similarity Between Images. In assessing similarity it is critical to
be able to determine when images are identical in texture. When tested on im-
ages acquired from the same textured source material, the PCA-based approach
indicated complete overlap between texture observations (Figure 3b).

Taken together, these results indicate that a PCA-based approach for analysing
texture can describe both similarity and differences between images. In the fol-
lowing, we apply this technique to describe the timeline of differentiation in
human embryonic carcinoma cells in the presence of a morphogen.

3 Differentiation of NTERA2 Embryonic Carcinoma
Cells Induced by Retinoic Acid

Embryonic carcinoma cells from the NTERA2 cl.D1 [5, 6] cell line were exposed
to all-trans retinoic acid (RA) over 5 days in culture and differentiation was
monitored through a phase contrast timelapse microscope and by surface marker
expression at the end of the incubation period. Cell culture conditions were
maintained over time through the use of the Cellasic ONIX microfluidic platform
[13]. This system uses pressure to accurately control the delivery of media into
four independent culture chambers and solution switching from multiple wells.
In addition to controlling the amount of media and frequency of delivery over
time, the system is optimised to produce minimal shear stress which could affect
cell behaviour. Microfluidic culture conditions are aimed at creating a more
physiologically relevant environment by frequently replenishing nutrients in the
media and (when desired) generating stable gradient patterns resembling in vivo
conditions.

3.1 Experimental Methods

Cell Culture. Cells were maintained in DMEM-F12 (Sigma-Aldrich, Poole)
supplemented with 20% FBS and cultured in T25 Corning Costar flasks at 37◦C
in 5% CO2. Confluent cultures were passaged routinely at 1:3 split ratio by
gentle mechanical detachment using sterilised glass beads, followed by centrifu-
gation and plating in fresh media. The amount of FBS added to cultures was
optimised for microfluidic conditions such that cell growth and pluripotency
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marker expression (data not shown) under flow resembled the behaviour of cells
in normal incubator conditions. Since differentiation experiments were conducted
under flow, this ensured that changes observed in differentiation did not occur
in response to stress caused by the microfluidic conditions. Differentiation me-
dia consisted of proliferative media supplemented with all-trans retinoic acid
(10−2M) in DMSO (Sigma-Aldrich) at a concentration of 10−7M (RA-7).

Cell Differentiation. Cells were cultured in M04S (Merck Millipore) mam-
malian culture plates precoated with Matrigel (BD Biosciences). Coating in-
volved shallow filling of culture chambers with cooled Matrigel solution by grav-
ity flow or automated loading on ice. Coated plates were maintained at room
temperature for minimum 1h prior to incubation. Single cells were dissociated
using trypsin, resuspended at 2-3 million cells per ml and loaded automatically
under high flow. Following a 2h attachment period, cultures were fed every 1h at
0.25psi flow rate. The delivery of media to the cells was controlled automatically
to create 20 min pulses of RA-7 every 1h or 3h repeated over a 5 day incubation
period. Continuous conditions indicate that RA-7 is always present in the media.
Detailed protocols are included in Appendix.

Timelapse Microscopy. Cultures were monitored by phase-contrast microscopy
using an IX70 (Olympus) inverted microscope fitted with a motorised XY stage
and focus controller(Prior Scientific) controlled by a Proscan III automation
controller (Prior Scientific). Cells were imaged using a 10x, 0.45 NA phase con-
trast object (Olympus) and detected using a Photometrics Evolve 512 EMCCD
camera (Photometrics) every 10 min, controlled via Micromanager [11].

Immunocytochemistry. At the end of the five day incubation period, cells
were fixed in 4%PFA, blocked with 5% FBS in PBS, incubated with primary
monoclonal antibody for ME311 (9-O-acetyl-GD) and Hoechst33342 (Life Tech-
nologies) then incubated with Alexa Fluor 647 (Thermo-Fisher) conjugated sec-
ondary antibody. Protocol was performed in M04S microfluidic plates following
the automated immunostaining surface marker protocol [12]. Plates were im-
aged using the InCell Analyzer2000 (GE Healthcare) and the number of ME311
positive cells was counted by image processing using Developer Toolbox.

3.2 Microfluidic frequency control of Retinoic Acid (RA-7) ellicits
differential response in cell fate

Cells maintained in media containing RA-7 exhibited varying levels of differ-
entiation over five days in culture (Figure 4). Although cells in all conditions
proliferated and became confluent, the frequency of RA-7 greatly affected the
proportion of cells expressing the surface marker ME311 (Table 1). Adding RA-7
at a 1:3 dilution every 1h (Figure 4: 1h/3p) as a pulse caused only 9% of cells
to express ME311 (Table 1: 1h/3 pulse). However, when the same overall con-
centration of RA-7 was added as a single pulse every 3h (Figure 4: 3hp), the
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proportion of ME311+ cells increased to 27 ± 14% (Table 1: 3h pulse). This
indicated that cell response to morphogen signal RA is not integrated over time
and differentiation is enhanced at high concentrations.

Table 1: Proportion of cells expressing surface marker ME311 in different flow
conditions

Condition Nuclei Counts ME311+ %ME311+

1h/3 pulse 10122 910 9%

3h pulse
6269
8695

1058
3217

27 ± 14%

1h pulse
6913
9850

3122
8046

48 ± 4%

1h cont 8201 2460 30%

We hypothesised that more frequent addition while keeping the concentration
fixed would lead to increased differentiation potential. Indeed, when increasing
the frequency of adding RA from every 3h to every 1h, we noted an 18% increase
in ME311+ cells up to 48 ± 4% (Table 1: 3h pulse vs 1h pulse). These results
showed nonlinear response, i.e. when frequency is increased 3x, the number of
ME311+ cells increased 1.8x. Remarkably, in continuous RA-7, the proportion
of cells expressing ME311 dropped by 18% compared to pulsing (Table 1: 1h
cont vs 1h pulse).

The continous condition best resembles classical differentiation experiments
where the morphogen is always present in the media. Results indicated that
pulsing at particular frequencies increases differentiation potential. The mecha-
nism by which this occurs is undetermined but could involve receptor saturation
when the morphogen is always present while the receptor continues to respond in
pulsing conditions. Overall, levels of ME311 showed that cell response appeared
nonlinear with respect to frequency and concentration of morphogen. However,
the timeline of differentiation remained unknown. In the following, the PCA-
based analysis strategy is used to describe differentiation potential from video
data acquired throughout the differentiation process.

4 PCA-based Analysis of Cell Differentiation from
Timeseries of Images

The most significant fate shift in surface marker expression was detected between
the 1h pulsed and 3h pulsed conditions (Figure 4 and Table 1). We used timelapse
microscopy to further investigate differentiation onset of these cultures over the
entire 5 day period. A total of 721 images were acquired from culture chambers
exposed to RA-7 every 1h and every 3h. We acquired 5 positions from each
chamber representing technical replicates. All images (from each position and
timepoints) were sampled for texture at 50 random locations per image yielding
an overall dataset of 500 texture observations by 280 features. Texture data was
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extracted using Gabor energy and analysed with PCA as described in Section
2.2. In addition, a linear discriminant analysis was applied.

4.1 Computational Methods

Cross-validation of linear discriminant classifier. A linear discriminant
classification technique applied to the PCA-projected data was used to separate
texture information acquired from different images and implemented in Matlab
using classify.m. The classifier was optimised using n-fold cross validation: (i)
data was divided into four sets; (ii) the linear discriminant was trained on one set
and tested on the remaining three at all possible combinations; (iii) the classifier
with overall best rate was chosen.

1 

  Day 0      Day 3      Day 4       Day 5         Day 5 

1h/3p 
 
 
 

3hp 
 
 
 
 

1hp 
 
 
 
 

1hc 

Fig. 4: Cell differentiation under microfluidic flow. Representative images from
timelapse experiments carried out at set frequencies of RA-7, every 1h pulse of
RA-7/3 (1h/3p); every 3h pulse (3hp); every 1h pulse (1hp); every 1h continuous
(1hc); Left panels show antibody staining for surface marker ME311 (red) and
nuclear marker Hoechst33342 (blue).
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Optimisation of window size. Window size affected the classification results
and needed to be optimised. To account for this, the global classifier that pro-
duced > 95% classification rates at the smallest % coverage (image area covered
by windows/total image area x100) of an image were chosen. This guarantees
that images are not over-sampled. Overall, high classification rates (> 95%)
could be obtained from 10% coverage of images highlighting inherent redun-
dancy in texture information across the image.

1 

• 1h RA 

• 3h RA 

a 

b 

Fig. 5: Texture analysis of differentiation experiments. (a) Texture characteristics
extracted from two culture conditions 1hRA (red) pulse and 3h RA pulse (blue)
are visualised in the principal component space defined by the dominant three
components; (b) Classification rates for linear discriminant trained on the last
timepoint describe the divergence between the two clusters at 6h intervals.
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4.2 Texture characteristics reveal the onset of differentiation

Texture information was analysed with PCA yielding a representation of cell
culture differentiation at Days 1 to 5 as observations projected in the principal
component space (Figure 5a). The dominant principal components accounted
for most variability in the data with approximately 91% and 93% for two and
three components respectively; the remaining 7% of variability was split between
remaining principal components. Thus we considered that the dominant three
principal components are sufficient to describe the differences between the two
conditions.

As expected, the cultures appeared unchanged in the first days post-plating.
The first detectable differences in texture characteristics appeared in Day 3 and
continued to amplify in Days 4 to 5. Specifically, compared to the location of
clusters representing 1h RA and 3h RA at Day 1, at later incubation times
the two conditions appeared to move in opposite directions in terms of texture
characteristics leading to best separation at Day 5. The gradual shift observed
in Days 3 to 5 indicate that after the onset of differentiation at approx 72h
post-plating, the cells in the two flow conditions continue to diverge over time.
It remains unclear whether the time period of 72h is related to cell cycle time
(approximately 18h) in which case cells would require 3 to 4 divisions before
commiting to differentiation.

4.3 Timeline of differentiation is mapped by statistical analysis

We performed a statistical analysis of texture characteristics over time through
linear discriminant and cross-validation analysis. Because differentiation was val-
idated through an independent antibody staining technique at the end of the in-
cubation period (Day 5), we used pairs of images from the 1h and 3h conditions
at the last timepoint to train and test a linear discriminant classifier with the
cross-validation techniques described in 4.1.

The unsupervised classification of texture information is computed at each
timepoint between the 1h and 3h RA conditions thus generating a quantitative
measure of differentiation over time (Figure 5b). As expected, at the initial time-
points, classification rates were approximately 50% indicative of high similarity
in texture characteristics between the two conditions. This results is consistent
with no differentiation.

At Day 3 classification rates started to exceed 75% but remained variable
indicating that in some images, it is possible to discriminate between the two
conditions while in others changes due to differentiation are unclear. We con-
cluded that Day3 marks the onset of differentiation. Furthermore, starting from
72h post-plating, the classification rate was persistently above 75% indicating
that in Days 4 and 5, the two conditions produce clear differences in texture
and this is consistent with surface marker expression levels at the end. Thus in
Days 4 and 5 changes in texture induced by differentiation are permanent and
continue to develop amplifying differences between the two cultures.
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5 Discussion

In this study, we described a random sampling technique for extracting texture
information from imaging data using Gabor energy and analysing differences
using conventional PCA. In separate examples, we showed that this framework
can successfully discriminate between distinct Brodatz textures but also detect
similarity. By combining PCA analysis of texture with a linear discriminant, an
unsupervised technique for measuring textural differences in a set of images is
constructed. We apply this technique to a large imaging dataset showing differ-
entiation of human embryonic carcinoma cells.

Using a microfluidic perfusion environment, we designed controlled variations
in media conditions over five days. Differentiation potential was monitored only
at the end of the experiment using the non-neural surface marker ME311. Ex-
perimental results showed that frequency patterns led to a significant change in
the amount of differentiated cells expressing ME311 most evident between 1h
and 3h pulsed conditions. Cell response was highly nonlinear with concentration
and frequency. Remarkably, the behaviour of cells exposed continuously to RA
diverged greatly from cells exposed to pulses suggesting that saturation may
occur when the trigger molecule is always present inthe media.

Principal components provided a representation of cell differentiation as lin-
ear combinations of texture filters applied to images. Gabor texture filters cap-
ture spatial information of changes in morphology that the cultures experience
however these cannot be directly related to a biological mechanism. Neverthe-
less, pattern recognition techniques could be used to closer investigate a poten-
tial mapping between texture and morphology. Based on timelapse observations,
morphology changes occured primarily from local changes in cell density. In the
presence of retinoic acid, some of the cells in the same cultures became unpro-
liferative forming valleys of darker regions while others continued to proliferate
in brighter ridges surrounding unproliferative cells. These effects gave rise to
irregular morphology when compared to undifferentiated cultures. Therefore,
links between the texture characteristics and cell morphology could be investi-
gated through the use of a live nuclear stain and markers associated with cell
proliferation.

To investigate the timeline of differentiation, we analysed texture differences
in images collected over the entire 5 day differentiation experiment. The results
showed that a shift in differentiation outcome could be predicted directly from
texture information. The trajectory of clusters containing observations from the
two conditions was indicative of a fate shift away from the appearance at 48h
post-plating (undifferentiated) and also diverging from each other. Since ME311
was favoured in the 1h RA condition, a potential mechanism by which cells in the
3hRA undergo a fate shift is by expressing higher levels of the neuronal markers.
The trends in classification rates over time, provide a quantitative description
of the timeline of differentiation which is unsupervised and label free. However,
more advanced kernel-based PCA techniques and wavelet methods may provide
additional insight. The statistical and experimental techniques described in our
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study provides the basis for automated analysis and monitoring of cell cultures
in a variety of conditions that affect culture morphology and cell fate.
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Appendix

Microfluidic experiments on the M04S mammalian plate were prepared according
to the diagram in Figure 6 and in addition the waste wells 7 were filled with
300 µl media per well to prevent gravity flow. The protocol for the microfluidic
system is summarised in Algorithm 1.

Wells 1-5 Chambers 

A 

B 

C 

D 

RA RA RA 

RA M 

Loading 
Well 6  

150 μl 
per well 

Every 1h 
continuous RA-7 

Every 1h  
pulses of RA-7 

Every 3h  
pulses of RA-7 

Every 1h  
pulses of RA-7/3 

RA 

RA RA 

RA 

RA 

RA M M M M 

RA/3 M RA/3 RA/3 RA/3 

300 μl  
per well 

Fig. 6: Preparation of differentiation experiments in microfluidic M04S plate.
Legends denote: (M) DMEM-F12+20% FBS media; (RA) all-trans retinoic acid
at 10−7 in media M; (RA/3) RA diluted at 1:3 in media M.
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