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Abstract001

Using generative machine learning to generate syn-002

thetic medical data is an increasingly common003

method of augmenting limited datasets in segmenta-004

tion and classification tasks. Typically, the quality005

of the data is measured by its similarity to the006

training data, as measured by the Fréchet Incep-007

tion Distance (FID). In this paper we present three008

synthetic image selection algorithms that can be009

applied to GAN and Diffusion models after training010

with the aim of improving the quality of synthetic011

dataset and the downstream augmentation effective-012

ness. Our study shows that while the algorithms can013

consistently improve the FID significantly (up to a014

27.38% reduction) in GAN generations, the results015

are mixed for diffusion models. Additionally, this016

improvement in FID has no significant impact on017

the downstream augmentation effectiveness of either018

model. This suggests that optimising the FID is019

not a good method for improving the augmentation020

efficacy of synthetic data.021

1 Introduction022

For effective machine learning we require large023

amounts of high quality data. In fields such as med-024

ical imaging, privacy concerns, costs, and pathology025

rarity can limit the amount of training data we have026

available [1]. To alleviate this challenge we can use027

generative machine learning models, such as Pro-028

gressively Growing Generative Adversarial Networks029

[2] (PGGANs) or diffusion models[3, 4], to create030

synthetic data which can then be used to augment031

training tasks to improve performance [5–7], reduce032

bias [8, 9], and even address privacy concerns [10,033

11]. Evidence suggests that the quality of this syn-034

thetic data, as measured by the Fréchet Inception035

Distance (FID), is predictive of how effectively it will036

augment medical imaging tasks [12]. In this paper037

we will present three novel synthetic image selection038

algorithms, which can be applied after training gen-039

erative models, with the aim of improving synthetic040

image quality. We will first introduce each selec-041

tion algorithm before evaluating their impact on042

image quality (section 4.1) and then on downstream043

machine learning tasks (section 4.2).044

1.1 Machine Learning 045

Traditional machine learning can be summarised 046

as a method by which we approximate a mapping 047

function between two dataspaces: 048

f : X → Y, (1) 049

where X is the input—space, and Y is the output- 050

space. Similarly to this, we can define a generative 051

model as mapping between a latent—space Z and 052

our typical input—space: 053

g : Z → X , (2) 054

or with conditional generation: 055

g : ZC → X , (3) 056

where ZC is the space of noise vectors appended 057

with class labels (e.g. as one—hot encoded vec- 058

tors). The main challenge in many machine learn- 059

ing tasks is the limited amount of training data 060

XT ∈ X , YT ∈ Y which we rely on to approximate 061

the spaces X and Y. The more training data we 062

have from a wide variety of sources, the better XT 063

approximates the complete X , and therefore the 064

better our model will learn the mapping f . The 065

goal of synthetic augmentations is to fill in some of 066

the gaps in XT and improve our approximation of 067

X . Regions of X that are very sparsely represented 068

in XT , or simply not present, would be the most 069

effective place to add new data. However, generative 070

models are confined to the same regions of X as XT , 071

and so, in order to measure the synthetic data’s 072

quality we often use the Fréchet Inception Distance 073

(FID) to measure synthetic image similarity, with 074

lower FID representing more similar, and therefore 075

better, synthetic images as they are more likely to 076

inhabit regions of X . 077

1.2 Fréchet Inception Distance 078

The Fréchet Inception Distance (FID) is defined as 079

the Wasserstein-2 distance between the distribution 080

of real (Pr) and synthetic (Ps) inception vectors, 081

where each individual inception vector is the output 082

of a pretrained inception network [13]: 083

FID(Pr,Ps) = |µr − µs|2+Tr(Σr+Σs−2(ΣrΣs)
1
2 ),
(4) 084
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where µr,s are the respective means of the dis-085

tributions and Σr,s the covariances. Data which is086

very dissimilar will have a large FID, similar data087

a much lower FID with identical data returning an088

FID of zero. When evaluating conditional data it089

can often be informative to consider the FID of each090

class individually as well as their overall similarity.091

2 Method092

Using the Kermany dataset [14] we aim to aug-093

ment a U-Net segmentation model for segmenting094

intraretinal fluid related to Diabetic Macular Ede-095

mas (DME). The U-Net will be evaluated using the096

Dice score[15]. The segmentation dataset had 750097

images from 521 patients.098

First, we trained a single PGGAN model for each099

task, then apply the various synthetic image selec-100

tion algorithms to the same PGGAN model. We will101

then evaluate the improvements to image similarity102

as measured by the FID, then we will measure the103

model effectiveness on downstream segmentation104

tasks. In order to augment segmentation tasks we105

generate images with the grey-scale OCT scan in106

the red channel and the mask in the green channel.107

We can calculate the FID for both the full RGB108

image, as well as the OCT scan on its own.109

With selected datasets we will then train our seg-110

mentation model repeatedly. Each model will be ran-111

domly initialised with the same hyper-parameters,112

trained, and tested at least thirty times for a given113

number of synthetic augmentation images, which114

we will increase gradually to build a curve relat-115

ing the number of synthetic images to the model116

performance. U-Nets were trained using the Adam117

optimizer[16], a learning rate of 1×10−3, a batch size118

of 5, and up to 100 epochs with early stopping, with119

binary cross entropy loss for the predicted masks.120

To test the general applicability of these algo-121

rithms we will then perform a similar test with122

MNIST classification, where images are generated123

by a diffusion model. The classifier was a simple124

neural network with two hidden layers of size 50 and125

25. Using an Adam optimizer with a learning rate of126

5× 10−3, a batch size of 1000, and a mean squared127

error loss, with a maximum of 50 training epochs,128

typically finishing earlier using early stopping.129

3 Synthetic Image Selection130

and Refinement Algorithms131

Here we propose and test three algorithms for re-132

fining the quality of synthetic image datasets. The133

goal of these algorithms is to run efficiently, quickly,134

and reliably alongside a generator model which will135

generate a batch of synthetic images from which a136

subset will be selected. The process then repeats137

until we have the desired number of synthetic im- 138

ages. These individual selection algorithms can then 139

be applied modularly, selecting from the outputs of 140

another algorithm, allowing for their easy combina- 141

tion. 142

The first and third algorithms (Section 3.1 and 143

Section 3.3 respectively) use the FID (or its inception 144

model) to directly improve the FID of the selection, 145

while the second (Section 3.2) focuses on features 146

which are more specific to our observed poor gen- 147

erations and retinal OCT scans and is thus less 148

generalisable. 149

3.1 FID Swapping Algorithm (A1) 150

The FID Swapping Algorithm works by iteratively 151

swapping images in and out of an ‘in’ group which 152

will eventually be our selected subset. This process 153

is shown in fig. 1. First, we randomly split the 154

synthetic data into two lists, the ‘in group’ and ‘out 155

group’, where every image is assigned a random 156

weight. For images in the ‘in group’ this weight will 157

represent the probability that it will be swapped 158

with an image in the ‘out group’, for images in the 159

‘out group’ it will represent the probability that they 160

will be randomly selected to swap with an image in 161

the ‘in group’. We calculate the FID before and after 162

this swapping, keeping the proposed swap if the FID 163

of the ‘in group’ after the swap is lower than the 164

previour in‘group’, and reverting the swap if the FID 165

is the same or higher. To help our model converge 166

to the optimal ‘in group’ we will then update the 167

weights of images such that good images should have 168

a lower probability of being swapped out, and bad 169

images a lower probability of being swapped in. 170

First, at step n, we will define a weighting factor 171

k which determines the strength of the update: 172

k =
∥FIDn − FIDn−1∥α

FID0
(5) 173

Where FIDn is the FID after the proposed swap, 174

FIDn−1 is the FID of the previous ‘in group’, FID0 175

is the initial FID score and α is a hyper-parameter 176

we typically set to 1. 177

After the swap has been accepted or rejected, im- 178

ages in the ‘in group’ that were part of the proposed 179

swapping (and have now either just been moved 180

in or have stayed) have their probability of being 181

swapped updated according to: 182

Pi = (1− k)Pi (6) 183

Where subscript i simply denotes each individual 184

image which was swapped. Similarly we update the 185

selection weights of the tested images in the ‘out 186

group’ by: 187

Wi = (1− k)Wi (7) 188

After a swap the probability of selecting each of 189

the images becomes their probability of being chosen 190
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again to be swapped in. The effect of k is that as191

the difference becomes larger the probabilities are192

multiplied by a smaller factor and thus are less likely193

to be chosen/swapped in the future.194

In order to prevent stagnation as Pi → 0, ∀i we195

increase the probability and weight of those images196

which were not chosen in iteration n:197

Pj = (1− k

2
)Pj +

k

2
(8)198

Wj = (1− k

2
)Wj +

k

2
(9)199

This eventually reaches an equilibrium in the num-200

ber of images being swapped at each iteration with201

a gradual decrease in the FID of the in-group.202

We then return this subgroup and repeat the203

algorithm until we have as many output images as204

we require.205

3.2 Contour-Based Selection Algo-206

rithm (A2)207

Unlike the other algorithms presented in this paper208

the Contour-Based Selection Algorithm is designed209

specifically for generated retinal OCT images. While210

this limits the broad application it may provide211

useful insight into whether improving the FID is a212

worthwhile goal and whether we can rely on the tools213

of the FID in order to optimise our image selection.214

One common issue in our synthetic retinal scans215

was the presence of large, blurry, artifacts which216

are not realistic and likely confuse classification and217

segmentation training. We detect images with these218

artifacts by measuring the length of algorithmically219

determined contours. These contours are found220

using the scikit-image package’s find contours func-221

tion [17]. Once these are calculated, we reject images222

with above average mean contour length and accept223

those with below mean length. This process is re-224

peated until we have enough outputs.225

This process is shown in fig. 2. Examples of above226

and below average contour length data can be seen227

in fig. 3.228

One significant flaw with this algorithm is that the229

images themselves may be of high quality but due230

to a different class of image have a larger contouring.231

For example in MRI brain scans different layers of232

the scan have different diameters and thus longer or233

shorter contours than the average. We will discuss234

this further in section 4.235

3.3 GMM-Based Selection Algorithm236

(A3)237

The final of the three refinement algorithms pre-238

sented here relies on the Inception network which is239

used within the calculation of the FID.240

When calculating the FID, images are first passed 241

as input to a pretrained Inception model and con- 242

verted into 2,048 dimensional feature vectors. The 243

FID is then calculated as the Wasserstein-2 distance 244

between these clusters (See Section 1.2). To select 245

images which are more similar to the training data 246

we fit a Gaussian Mixture Model (GMM) [18] to 247

our data and select images using the log-likelihood 248

that they are from the original distribution. GMMs 249

are not effective in high dimensions so first we em- 250

bed both the synthetic and generated data using 251

t-SNE dimension reduction before fitting a GMM 252

to the data and scoring. The log-likelihood thresh- 253

old varies depending on the overall quality of the 254

dataset as worse datasets with higher FID will nec- 255

essarily be further from the GMM fitted means of 256

the training data. In general, we found that the 257

most effective solution was to select images which 258

have a log-likelihood score above the mean score of 259

images with an above average score. 260

If the threshold is too high we will select a very 261

small subset of data most likely in overrepresented 262

classes which risks reinforcement of bias within the 263

training data. Similarly, if the threshold is too low 264

we risk including too many low-quality images into 265

our training data. The overall process is shown in 266

fig. 4. 267

4 Results 268

4.1 Improvements in Similarity 269

In table 1 we can see that the three algorithms and 270

their combinations provide significant improvements 271

to the dataset’s FID. In general, using more algo- 272

rithms provides a greater drop in FID with some 273

variation depending on the order. In appendix B we 274

can see the impact of these selection algorithms on 275

multiple PGGANs of varying initial quality, showing 276

that A1 and A3 provide robust improvements across 277

a variety of PGGAN models while A2 appears to be 278

dependent on the initial model quality. 279

In table 2 we can see the results of applying these 280

algorithms to a diffusion model which is generat- 281

ing MNIST digits. Like previous experiments, A3 282

provides consistent improvements across all classes, 283

though not as dramatically as before. A1 and A2 284

however are consistently making no difference, or 285

making the model marginally worse. For A2 this is 286

likely due to the low resolution of MNIST, making it 287

unsuitable. For A1 however, the results are surpris- 288

ing given the algorithm is designed to always return 289

a subgroup with lower FID than the original. The 290

failure here might suggest that the algorithm was 291

converging too quickly on a subgroup and that the 292

hyperparameters require further tuning before being 293

appropriate for use here. Similar to A2 this may be 294

a result of the low resolution altering the behaviour 295
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Figure 1. Flow chart showing the steps involved in the random image-swapping algorithm designed to gradually
find the lowest FID sub-list of predetermined size from any presented list of synthetic images when compared to
the training data. First images are randomly split into “in” and “out” lists where “in” refers to the list we are
interested in optimising. According to these weights the images are swapped and the FID is tested. If the FID is
lower the swap is kept and the weights are updated.
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Figure 2. Flow chart showing the process of how synthetic retinal images are selected by first finding the contours
of the scan then rejecting images that have an above average contour length. The process repeats until enough
images have passed the threshold. This method is designed to ideally capture the most egregious of poor quality
generations as opposed to directly improving the image similarity.

Figure 3. An example of a good quality image and
it’s contours (top row) and a similar example with poor
quality image with significant artifacts (bottom row)

Algorithm FID ↓ ∆FID %∆FID
None 95.42 - -
A1 86.02 -9.402 -9.854%
A2 81.4 -14.02 -14.69%
A3 76.51 -18.91 -19.82%
A5 72.82 -22.6 -23.68%
A12 76.08 -19.34 -20.27%
A21 74.87 -20.55 -21.53%
A13 71.89 -23.53 -24.66%
A23 70.65 -24.77 -25.96%
A31 68.15 -27.27 -28.58%
A32 72.04 -23.38 -24.51%
A123 69.04 -26.38 -27.64%
A213 68.04 -27.38 -28.70%
A231 68.12 -27.3 -28.61%
A132 70.23 -25.19 -26.39%

Table 1. Table of FID improvements for A1,A2, A3,
and their combination. The combination notation is
read as the leftmost algorithm sampling from the right
i.e. Amn(G(z)) = Am(An(G(z))). The change in FID
and percentage change in FID are in reference to the
unselected values presented as “None”
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Figure 4. Diagram showing how synthetic images are scored and selected by fitting a Gaussian Mixture Model
(GMM) to the t-SNE reduced inception vectors of the training data.
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Class Unselected A1 A2 A3

0 127.12 127.91 127.09 122.69
1 129.43 133.04 145.49 125.71
2 145.66 150.36 147.61 139.69
3 133.38 133.41 130.78 124.26
4 137.20 136.05 139.06 129.30
5 128.29 140.77 129.85 124.80
6 129.67 135.96 133.97 123.01
7 139.88 142.25 148.45 132.41
8 118.70 134.04 115.85 111.86
9 123.27 124.17 125.59 118.05

Mean 131.26 135.80 134.38 125.18

Table 2. FID Improvements of selection algorithms
A1→3 on the conditional outputs of an MNIST diffusion
model.

of the inception model, but given the reasonably296

good performance of A3 this is not considered likely.297

4.2 Improvements to Downstream298

Tasks299

4.2.1 Segmentation300

In fig. 5 we can see the difference, or lack thereof,301

between the PGGAN’s unselected outputs against302

those that have been selected by A1→3. We can303

clearly see that there is no significant difference304

between the selected, and unselected datasets. In305

fig. 6 we can see that this holds true for the best306

performing algorithm combinations. This suggests307

that the improvements to FID are not indicative308

of improvements to synthetic data’s augmentation309

efficacy.310

4.2.2 MNIST Classification311

Similar to section 4.2.1 in fig. 7 we can see that there312

is no significant difference between unselected and313

selected datasets.314

5 Conclusion315

In this paper we have presented three seperate al-316

gorithms for selecting machine learning generated317

images to create a higher-quality dataset for augmen-318

tation. In section 4.1 we can see that the algorithms319

improve the FID by up to 27.38%. The GMM-based320

algorithm provides the most robust improvements321

across a variety of generative models while the algo-322

rithms A1 and A2 are less effective with an MNIST323

generating diffusion model. Results suggest that A2324

is limited by the resolution of the generations and325

the initial quality of the generative model, while326

A1 may require further tuning to be effective with327

diffusion models, or simply might not be effective328

with this generative technique.329

When applying these improved FID datasets to 330

downstream segmentation and classification tasks, 331

we saw no significant improvement in performance 332

for these tasks regardless of the FID. One potential 333

reason for this is data memorization. In appendix C 334

we can see that the α-precision changes as we apply 335

selection algorithms, while β-recall stays incredibly 336

low, suggesting memorization[19]. This suggests that 337

while we might be improving the FID, the amount of 338

novel information that is being used in augmentation 339

is unaffected and is relatively low. Another potential 340

consideration is that with the FID we only measure 341

the similarity of the produced synthetic data, and 342

not the assigned labels with which we train or how 343

well the model is learning to generate data from or 344

with labels. So, future selection algorithms might 345

focus instead on measuring the effectiveness of the 346

entire generative system, rather than just the inputs. 347

The results presented here suggest that the FID 348

alone is not a suitable metric with which to op- 349

timise synthetic image datasets for augmentation, 350

and a more comprehensive characterisation of the 351

augmentation dataset should be considered. 352
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Figure 5. DSC vs Number of Synthetic images for a synthetic datasets selected by A1,A2, and A3, contrasted
with the unselected dataset.

Figure 6. DSC vs Number of Synthetic images for
a synthetic datasets selected by the best performing
combinations of A1,A2, and A3, from table 1
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Figure 7. Improvements to MNIST classification af-
ter augmenting with raw and refined synthetic image
datasets
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A Example Generations477

Raw PGGAN Output

Figure A.1. Uncurated and unrefined PGGAN Gener-
ations of OCT retinal scans.

A1

Figure A.2. Uncurated examples of synthetic data
refined using the FID Swapping Algorithm presented in
section 3.1

A2

Figure A.3. Uncurated examples of Synthetic data
refined using the contour-based selection algorithm pre-
sented in section 3.2.

A3

Figure A.4. Uncurated examples of synthetic data
refined using the GMM-based selection algorithm pre-
sented in section 3.3.

B Improvements to FID across 478

Various PGGAN Models 479

In table B.1 we can see that these results are rel- 480

atively consistent for a variety of PGGANs with 481

different starting FIDs. The results in table B.1 are 482

calculated using the entire RGB image while table 1 483

use only the greyscale image, hence giving the values 484

in table B.1 a lower absolute value. One difference 485

is in the A2 results, which are not as consistent as 486
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Data Type None A1 A2 A3

Retinal OCT 70.15 57.99 64.25 55.89
Retinal OCT 205.69 185.99 212.44 197.19
Retinal OCT 72.66 64.49 76.40 68.97
Retinal OCT 34.12 28.61 33.21 26.96
Retinal OCT 105.32 91.48 98.06 96.32
Retinal OCT 33.04 28.82 33.93 29.91
Retinal OCT 35.48 27.76 32.31 26.89

Table B.1. Results of Selection Algorithms on a variety
of Retinal OCT PGGANs.

A1 and A3, likely due to A1 and A3’s primary fo-487

cus being the FID while A2 focuses primarily on488

detecting large artifacts. If the PGGAN has a high489

initial FID these artifacts may be prevalent enough490

that detecting and removing the largest contours491

does not improve FID, but instead increases the492

imbalance of data, resulting in an increase in FID.493

C Improvements to α–494

Precision and β–Recall495

An alternative measure for measuring synthetic im-496

age quality is the α—Precision and the β—Recall497

as proposed in [19]. α—Precision can be defined as498

“‘the fraction of synthetic samples that resemble the499

“most typical” fraction α” of the dataset while β—500

Recall is “the fraction of real samples covered by the501

most typical fraction β of synthetic samples”. The502

optimal value is a straight line with gradient one. In503

fig. C.1 and fig. C.2 we can see the changes to these504

values after using our selection algorithms to our505

retinal and MNIST generations respectively. The506

results in fig. C.1 suggest that while our synthetic507

data is made to look more “realistic” (improved508

α—Precision) after selection, there is a fundamental509

issue with memorization which leaves the β—Recall510

unaffected as this memorization in the generative511

model cannot be undone via selection. In fig. C.2512

we see similar results, but with a much worse initial513

value.514
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Figure C.1. Alpha Precision and Beta Recall for selected and unselected retinal image datasets.

Figure C.2. Alpha Precision and Beta Recall for selected and unselected MNIST image datasets.
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