Supplementary Information
Technical parameters defined for U-Net & O-Net
The architectures for both the U-Net & O-Net GANs, as well as the various parameters used for different aspects of these frameworks are illustrated in the diagrams below:
U-Net Framework
The U-Net Pix2Pix GAN is depicted in the following diagram:
[image: ]
 Supplementary Table 1: Model parameters for the U-Net GAN.
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 Supplementary Figure 1: Diagram illustrating the model parameters for the U-Net GAN outlined in Supplementary Table 1 above.
A schematic of the discriminator architecture is provided as follows:
[image: ]
 Supplementary Table 2: Model parameters for the discriminator of the U-Net GAN.
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 Supplementary Figure 2: Diagram illustrating the model parameters for the U-Net GAN discriminator outlined in Supplementary Table 2 above.
The generator architecture (employing U-Net) is also indicated below:
[image: ]
------------ Continued on the following page ------------------------
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 Supplementary Table 3: Model parameters for the generator of the U-Net GAN.
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 Supplementary Figure 3: Diagram illustrating the model parameters for the U-Net GAN generator outlined in Supplementary Table 3 above.
O-Net Framework
The O-Net Pix2Pix GAN is as described in the subsequent diagram:
[image: ]
 Supplementary Table 4: Model parameters for the O-Net GAN.
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 Supplementary Figure 4: Diagram illustrating the model parameters for the O-Net GAN outlined in Supplementary Table 4 above.




As previously, the discriminator schematic is shown for reference:
[image: ]
 Supplementary Table 5: Model parameters for the discriminator of the O-Net GAN.
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 Supplementary Figure 5: Diagram illustrating the model parameters for the O-Net GAN discriminator outlined in Supplementary Table 5 above.
The generator architecture (founded on O-Net) is portrayed below:
[image: ]
------------ Continued on the following page ------------------------
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 Supplementary Table 6: Model parameters for the generator of the O-Net GAN.
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 Supplementary Figure 6: Diagram illustrating the model parameters for the O-Net GAN generator outlined in Supplementary Table 6 above.
Equations considered for the activation functions
A total of 4 different activation functions were utilized for both the U-Net & O-Net discriminator and generator networks in the present study. These activation functions are as follows:
	Activation Function
	Equation
	Source

	Sigmoid
	  ------------------------------ (SE1)
	(Layer Activation Functions, n.d.)

	Tanh (Hyperbolic tangent)
	  ------------ (SE2)
	(Layer Activation Functions, n.d.)

	Swish
	  ------------------------------ (SE3)
	(Ramachandran, Zoph, & Le, 2017)

	GELU (Gaussian ELU)
	, where  is the Gaussian CDF of   -------------------- (SE4)
	(Hendrycks & Gimpel, 2020)



Equations considered for the loss functions
The frameworks utilized in our current study are based on a pix2pix generative adversarial network (GAN), incorporating a generator and a discriminator. The loss function utilized for the discriminator losses – dR (for real samples) & dG (for generated samples) – is the binary cross-entropy loss (or log loss) , which may be defined in Equation (SE5) as follows [adapted from Murphy (2012)]:
  ----------------------------- (SE5)
where bi is the label and  represents the probability of bi = 1 [derived from Murphy (2012) & (Godoy, 2018)].
According to Isola et al. (2017), a weight of 0.5 is introduced to the discriminator losses to reduce its update rate (as compared to the generator during training).
In addition to binary cross-entropy loss, the final GAN model also incorporates a mean absolute error (MAE) / l1 loss, defined as follows [and adapted from (Shukla, 2015)]:
MAE =  ------------------------- (SE6)
where n is the number of pixels in the image, ai refers to the target value & bi refers to the estimated value of the assayed parameter (e.g. pixel RGB (or HSL) intensities at pixel i.
The binary cross-entropy loss drives the generator to create more accurate images, while the MAE / l1 loss is used to compare the generated image against the desired image (ground truth) (Isola et al., 2017). Contextually, the overall objective of the GAN may thus be described in SE7 as follows (Isola et al., 2017):
 ------------------------------------- (SE7)
where L  cGAN(G, D) = 𝔼x,y[log D(x, y)] + 𝔼x,z[log (1 – D(x, G(x, z))] (Isola et al., 2017).
Formulae for the image quality metrics
The image quality metrics used in the current study are namely the peak signal-noise ratio (PSNR), signal noise ratio (SNR), the image mean square error (IMSE) & structural similarity index (SSIM). These metrics were applied in MATLAB R2020a (© 1984-2020, The MathWorks, Inc), with each of these metrics being defined as follows:
a. Peak signal-noise ratio (PSNR)
PSNR is often used to determine the relative level of resolvable signal vs noise in an assayed waveform. Here, the following formula for PSNR is implemented [adapted from Peak signal-to-noise ratio (PSNR) (n.d.)] & assimilated for the purposes of the present study:
PSNR = 10 lg()  ---------- (SE8)   [Source: Peak signal-to-noise ratio (PSNR) (n.d.)]
where PV is the peak (max) value of a pixel in an image (e.g. 255 for an 8-bit image), MSE is the mean squared error and lg(x) = log10(x) (for some constant x). In most instances, a PSNR >20 denotes a relatively good (noise-free) image, while PSNR values ranging from 18-20 indicate an acceptable standard of image quality (when factoring the level of background noise).
b. Signal-noise ratio (SNR)
SNR is another popular image quality metric to assess the image quality (when considering noise). Bearing similarity to the PSNR metric as described previously, SNR may be computed as follows:
SNR = 10 lg() ------------------- (SE9)
where S and N are the respective strengths of the signal and noise (in volts) (Solutions, n.d.). In the current study, the MATLAB function psnr(A, ref) also returns the SNR value of the noisy image A (with respect to ref) [Peak signal-to-noise ratio (PSNR) (n.d.)].
c. Image mean square error (IMSE)
IMSE is often used as a quantitative measure for comparing 2 images, where one image signifies a noisy variant of the other. Figuratively, IMSE may be expressed by Equation (SE10) as follows:
IMSE(A, ref) =  ------------------ (SE10)
where an image A is being compared against a standard ref of similar size (n is the total number of pixels in either A or ref). The MATLAB-implementation of IMSE using the in-built function immse (Mean-squared error, n.d.) is being employed in this context.
d. Structural similarity index (SSIM)
SSIM represents an image quality metric which considers 3 primary factors of image analytics, namely (i) luminance l, (ii) contrast c and (iii) structure s (Structural similarity (SSIM) index for measuring image quality, n.d.). According to Wang et al. (2004), SSIM has been found to be generally superior to other metrics (such as MSE) for comparing different images experiencing varying levels of distortion. Mathematically, the SSIM of an image A with reference to a standard (herein denoted as ref) may be denoted as follows [adapted from Structural similarity (SSIM) index for measuring image quality (n.d.)]:
SSIM(A, ref) = [l(A, ref)]α • [c(A, ref)]β • [s(A, ref)]γ --------------------- (SE11)
where μA, μref, σA, σref, and σAref denote the local means, standard deviations, and cross-covariance for images A, ref respectively, and
l(A, ref) =  ,     c(A, ref) =  ,     s(A, ref) =    ------------ (SE12)  [Source: Structural similarity (SSIM) index for measuring image quality (n.d.)]
Considering the default MATLAB-assigned values of α = β = γ = 1 and C3 = C2 / 2, a simplified expression for the SSIM may be derived as follows, which is utilized in the current work:
SSIM(A, ref) =    ---------------------- (SE13)  [Source: Structural similarity (SSIM) index for measuring image quality (n.d.)]
Local SSIM Maps & Parameters
The figures below illustrate the local SSIM maps for each of the images shown in Figures 5 & 9 in the manuscript:
[image: ]
 Supplementary Figure 7: Local SSIM Maps portraying the differences between the U-Net (& O-Net)-generated images against the Expected (ground truth) images, acquired using DIC microscopy. Here, the ellipses highlight visual differences between the generated and the Expected images, which are not clearly identifiable from the local SSIM map. A similar set of images is exhibited in Figure 5 of the manuscript as well.
Further analysis of the parameters for each of the individual ROIs shown in Supplementary Figure 7 above are described in the following Table:
[image: ]
 Supplementary Table 7: Image analysis parameters for the ROIs indicated in the Supplementary Figure 7. Green-coloured values indicate the better-scoring image in a pair of similar ROIs (obtained from both U-Net and O-Net generated images).
For PCM images, the following figure demonstrates the local SSIM maps obtained from selected ROIs for further analysis:
[image: ]
 Supplementary Figure 8: Local SSIM Maps portraying the differences between the U-Net (& O-Net)-generated images against the Expected (ground truth) images, acquired using phase contrast microscopy (PCM). Here too, the ellipses highlight visual differences between the generated and the Expected images, which are not clearly identifiable from the local SSIM map. A similar set of images is exhibited in Figure 9 of the manuscript.
Similarly, details on the image parameters for each of these ROIs are presented in the following Table:
[image: ]
 Supplementary Table 8: Image analysis parameters for the ROIs indicated in the Supplementary Figure 8. Green-coloured values indicate the better-scoring image in a pair of similar ROIs (obtained from both U-Net and O-Net generated images).
Data, Codes & Figures Availability
To access and download the figures and code as used in the manuscript, please visit the link below & download the ZIP archive, then extract the folders & files in the archive. 


[bookmark: _GoBack]Download link: 
https://doi.org/10.1017/S1431927622000782
The codes are written in Python and are available in the files having .py as their extension. Files having the extension .m are to be opened (& executed) in MATLAB – these files contain the codes for computing the image quality indices (such as PSNR, SNR, IMSE & SSIM).
Please note that the figures contained in this archive are the raw & unaltered output of the codes used (to facilitate validation & verification of our proposed models, without introducing artifacts which may falsify the results obtained). For this reason, we recommend the reader of the manuscript to increase their screen brightness, contrast and/or gamma if some of the details in the images generated from these Figures are not as clear/apparent to them.
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output: (None, 256, 256, 6)
v
input: | (None, 256, 256, 6)
conv2d_transpose: Conv2DTranspose
output: | (None, 256, 256, 64)
y
input: | (None, 256, 256, 64)
leaky_re_lu: LeakyReLU
output: | (None, 256, 256, 64)
1]
input: | (None, 256, 256, 64)
conv2d_transpose_1: Conv2DTranspose
output: | (None, 256, 256, 128)
v
input: | (None, 256, 256, 128)
batch_normalization: BatchNormalization
output: | (None, 256, 256, 128)
y
input: | (None, 256, 256, 128)
leaky_re_lu_1: LeakyReLU ——————— "~ "/
output: | (None, 256, 256, 128)
1]
input: | (None, 256, 256, 128)
conv2d_transpose_2: Conv2DTranspose
output: | (None, 256, 256, 256)
v
input: | (None, 256, 256, 256)
batch_normalization_1: BatchNormalization
output: | (None, 256, 256, 256)
y
input: | (None, 256, 256, 256)
leaky_re_lu_2: LeakyReLU
output: | (None, 256, 256, 256)
1]
input: | (None, 256, 256, 256)
conv2d_transpose_3: Conv2DTranspose
output: | (None, 256, 256, 512)
v
input: | (None, 256, 256, 512)
batch_normalization_2: BatchNormalization
output: | (None, 256, 256, 512)
y
input: | (None, 256, 256, 512)
leaky_re_lu_3: LeakyReLU
output: | (None, 256, 256, 512)
1]
input: | (None, 256, 256, 512)
conv2d_transpose_4: Conv2DTranspose
output: | (None, 256, 256, 512)
v
input: | (None, 256, 256, 512)
batch_normalization_3: BatchNormalization
output: | (None, 256, 256, 512)
y
input: | (None, 256, 256, 512)
leaky_re_lu_4: LeakyReLU
output: | (None, 256, 256, 512)
1]

input: | (None, 256, 256, 512)
conv2d_transpose_5: Conv2DTranspose
output: | (None, 256, 256, 1)
v
input: | (None, 256, 256, 1)

activation: Activation

output:

(None, 256, 256, 1)





image12.PNG
Model: "model_1

Layer (type)

Output Shape

Connected to

input_3 (InputLayer) [(None, 256, 256, 3) @
Conv2d_transpose_6 (Conv2DTrans (None, 256, 256, 64) 256 input_3[e][e]
TF.nn.sily (TFopLambda) (None, 256, 256, 64) © conv2d_transpose_6[@][e]
Conv2d_transpose_7 (Conv2DTrans (None, 256, 256, 128 8320 tf.nn.silufe][6]
batch_normalization 4 (Batchlor (None, 256, 256, 128 512 conv2d_transpose_7[@][e]
TF.nn.silu_1 (TFOpLambda) (None, 256, 256, 128 © batch_normalization_a[e][6]
Conv2d_transpose_8 (Conv2DTrans (None, 256, 256, 256 33624 tf.nn.silu_1[e][e]
batch_normalization 5 (Batchlor (None, 256, 256, 256 1024 conv2d_transpose_s[@][e]
TF.nn.silu_2 (TFOpLambda) (None, 256, 256, 256 & batch_normalization_5[@][6]
Conv2d_transpose 9 (Conv2DTrans (None, 256, 256, 512 131584 tf.nn.silu_2[e][e]
batch_normalization 6 (Batchlor (None, 256, 256, 512 2048 conv2d_transpose_o[e][e]
TF.nn.silu_3 (TFOpLambda) (None, 256, 256, 512 & batch_normalization_6[][6]
Conv2d_transpose_1e (ConvaDTran (None, 256, 256, 512 262656 tf.nn.silu_3[e][e]
batch_nornalization 7 (Batchlor (None, 256, 256, 512 2048 conv2d_transpose_1e[6][0]
tF.nn.silu_a (TFOpLambda) (None, 256, 256, 512 & batch_normalization_7[@][6]
convad (Convab) (None, 256, 256, 512 262656 tf.nn.silu_a[e][e]
TF.nn.silu_s (TFOpLambda) (None, 256, 256, 512 & convad[e][e]
conv2d_1 (ConvaD) (None, 256, 256, 512 262656 tf.nn.silu_s[e][e]
batch_nornalization 8 (Batchlor (None, 256, 256, 512 2048 conv2d_1[e][e]
dropout (Dropout) (None, 256, 256, 512 & batch_normalization_8[e][6]
Concatenate 1 (Concatenate)  (None, 256, 256, 102 6 dropout[e][e]
tf.nn.silu_4[e][e]
TF.nn.gelu (TFOpLambda) (None, 256, 256, 162 © concatenate_1[0][e]




image13.PNG
conv2d_2 (ConvaD) (None, 256, 256, 512 524800 ©f.nn.gelufe][6]
batch_normalization 9 (Batchlor (None, 256, 256, 512 2048 conv2d_2[e][e]
Concatenate_2 (Concatenate)  (None, 256, 256, 102 6 batch_normalization_o[e][6]
tf.nn.silu_3[e][e]
tF.nn.gelu_1 (TFOpLambda) (None, 256, 256, 162 © concatenate_2[0][e]
conv2d_3 (ConvaD) (None, 256, 256, 256 262400 tF.nn.gelu_1[e][e]
batch_normalization 16 (Batchllo (None, 256, 256, 256 1024 conv2d_3[e][e]
Concatenate 3 (Concatenate)  (None, 256, 256, 512 6 batch_normalization_16[e][6]
tf.nn.silu_2[e][e]
tF.nn.gelu_2 (TFOpLambda) (None, 256, 256, 512 & concatenate_3[0][e]
conv2d_a (ConvaD) (None, 256, 256, 128 65664 tf.nn.gelu_2[e][e]
batch_normalization 11 (Batchlo (None, 256, 256, 128 512 conv2d_a[e][e]
Concatenate_4 (Concatenate)  (None, 256, 256, 256 8 batch_normalization_11[e][6]
tf.nn.silu_1[e][e]
tF.nn.gelu_3 (TFOpLambda) (None, 256, 256, 256 & concatenate_a[o][e]
conv2d_s (ConvaD) (None, 256, 256, 64) 16448 ©F.nn.gelu_3[e][e]
batch_normalization 12 (Batchllo (None, 256, 256, 64) 256 conv2d_s[e][e]
Concatenate 5 (Concatenate)  (None, 256, 256, 128 8 batch_normalization_12[e][6]
tf.n.silufe][6]
tF.nn.gelu_a (TFOpLambda) (None, 256, 256, 128 © concatenate_s[0][e]
Conv2d_transpose_11 (ConvaDTran (None, 256, 256, 3) 1539 ©F.nn.gelu_4[e] @]
activation_1 (Activation) (None, 256, 256, 3) © conv2d_transpose_11[6][0]

Total params: 1,843,523
Trainable params: 1,837,763
Non-trainable params: 5,768
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Source U-Net Gen O-Net Gen Expected U-Net Local SSIM  O-Net Local SSIM
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image16.tiff
Image Global
g ROI SSIM PSNR SNR IMSE
Type Values
U-Net 1 | T 2eeel’ | 0.98515 | 27.5774 | 22.0302 | 113.5891
G d DIC IMSE: 70.2925
enerate 2 | comooso | 0.96794 | 26.0469 | 17.4585 |161.5823
O-Net 3 | ey 1 0.97716 | 23.2107 | 17.6635 | 310.4630
G d DIC IMSE: 134.0255
enerate 4 | om-ocsss | 0.97129 | 26.3055 | 17.7172 | 152.241
U-Net 5 | o295 ] 0.94997 | 23.4433 | 16.2587 | 294.271
G d DIC IMSE: 186.2237
enerate 6 | comonee. | 0.92647 | 20.8153 | 13.9698 |538.9536
O-Net 7 |7 0.94918 | 23.4234 | 16.2388 | 295.6224
GeneratedDIC | g | V18201721 0.92712 | 21.0013 | 14.1558 |516.3626
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image18.tif
Image | ooy | Global oo | psnr SNR IMSE
Type Values
onetconered | 1| Pimassoo | 0 08685 | 27.8808 | 20.7181 | 105.9243
pem 2 | Mo | 0.96288 | 21.4503 | 14.8183 | 465.6368
onetGenented| 3| Pmzess | 098871 | 28.9592 | 21.7964 | 82.6352
pem 4 | onioees | 0.97237 | 23.2499 | 16.6179 |307.6751
unetcenermted | 5| Tz | 097738 | 26,3308 | 19.4644 |151.3566
pom 6 | "wwioses | 0.97649 | 27.5279 | 20.1521 |114.8919
onetconerated | 7 pam2e17 | 0 97788 | 24.2071 | 17.3407 | 246.8115
pom 8 | "awosm | 0.97781 | 26.9132 | 19.5374 |132.3612
onetcenernted | @ | T | 0.94489 | 21.9228 | 12.8002 |417.6431
pom 10 | "Giioes | 0.94152 | 22.7555 | 13.0198 |344.7705
onetcenemted | 11| o2 | 0.92903 | 20.9361 | 11.8136 | 524.1643
pom 12 | "Swosss | 0.94607 | 23.1179 | 13.3822 |317.1671





image1.PNG
Model: "model 2

Layer (type) Output Shape Param #  Connected to
input_5 (InputLayer) [(None, 256, 256, 3) @

model_1 (Functional) (None, 256, 256, 3) 1843523  input_5[e][6]
model (Functional) (None, 256, 256, 1) 442177 input_s[e][e]

model_1[e][e]

Total parans: 2,285,700
Trainable params: 1,837,763
Non-trainable params: 447,937





image2.png
input: | [(None, 256, 256, 3)]
input_5: InputLayer
output: | [(None, 256, 256, 3)]

input: | (None, 256, 256, 3)
model_1: Functional
output: | (None, 256, 256, 3)

o~

input: | [(None, 256, 256, 3), (None, 256, 256, 3)]

model: Functional
output: (None, 256, 256, 1)





