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Abstract

This study investigates training and data generation strategies for document error classification in

low-data, imbalanced scenarios. We evaluate four models: SVM with SIFT features, a standard CNN,

a contrastively pretrained CNN, and a ResNet50 with transfer learning. These are compared across

sampled, upsampled, synthetic, and mixed datasets using accuracy and Cohen’s Kappa. Contrary to

expectations, both contrastive pretraining and transfer learning offered limited benefits, highlight-

ing the challenges of applying large-scale, non-document-specific pretraining to document errors. A

supervised CNN trained on mixed data, combining synthetic and upsampled images, achieved the

best results, improving accuracy by up to 7% and Kappa score by up to 30%. In contrast, using

synthetic data alone resulted in a performance decrease, while increasing dataset size had minimal

impact. These findings emphasize that domain-specific data balancing outperforms pretrained models

in low-resource document classification. Additionally, mixing synthetic with upsampled data offers a

cost-effective and hardware-efficient approach to address data scarcity and class imbalances.
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1 Introduction and Research1

Questions2

Document management is a critical operation3

across industries, impacting areas from HR to4

finance, legal, healthcare, and logistics. Every5

year, human resources (HR) departments at6

large companies process thousands of employee-7

related documents. The demand for automation8

in document processing has never been greater.9

According to a recent market report, "The global10

intelligent document processing market size was11

estimated at USD 2.30 billion in 2024 and is pro-12

jected to reach USD 12.35 billion by 2030,..." [1].13

This surge reflects a broader trend toward inte-14

grating machine learning (ML) into core business15

operations.16

17

However, document datasets used in research18

typically do not resemble real-world industry19

data. They are often single-page datasets with20

many examples. In contrast, industry datasets are21

typically smaller, as data for automating smaller,22

niche use cases can be scarce. Additionally,23

classes such as document errors are less common24

in industry data. For example, forms are often25

submitted without errors, or only final documents26

were kept in the past. This results in imbalanced27

datasets that are difficult to train on. In research,28

we have limited resources to address these chal-29

lenges, which makes bridging the gap between30

research and industry especially critical [2].31

32

To overcome these limitations, we propose a33

data generation and upsampling framework in the34

following chapters. We describe the components35

and test environments, and establish a benchmark36

by comparing multiple models with various data37

sampling approaches. The results are evaluated38

using accuracy and Cohen’s kappa score.39

2 Results40

A dataset of real-world company documents was41

collected. The dataset consisted of images and42

scans of standard HR documents, each contain-43

ing two pages, which were combined side-by-side44

to create a single image for processing. Some of45

the documents contained errors that the models46

were tasked with classifying. The dataset was47

highly imbalanced, with some classes containing48

as few as one example. These classes, containing49

only one example, were exclusively included in50

the test set. In total, the dataset comprised only51

235 images, which represents a typical industry52

scenario that is challenging to handle due to both53

class imbalances and data scarcity.54

55

To evaluate the impact of synthetic data56

generation, four different data distributions57

were created: the first contained only 88 real58

images (sampled), the second contained only59

synthetic images (synthetic), the third consisted60

of upsampled real images to balance the class61

distribution (upsampled), and the fourth com-62

bined real upsampled and synthetic images in a63

1:1 ratio (mixed). These synthetic, upsampled,64

and mixed distributions were created for three65

different dataset sizes: 700, 7,000, and 40,000 im-66

ages. On each distribution, four different models67

were trained: a SIFT/Bag of Visual Words/SVM68

classifier, a 7-layer ResNet trained from scratch69

or with contrastive pretraining, and a ResNet5070

model with transfer learning. Contrary to expec-71

tation neither transfer learning nor contrastive72

pretraining improved the metrics significantly.73

The best overall performance was achieved by74

the 7-Layer ResNet trained from scratch (CNN,75

Figure 1).76

77

Figure 1 Performance of models aggregated by data dis-
tribution and data amount

To assess the effect of these different data dis-78

tributions, the four models were trained on each79

dataset and then compared. Accuracy was used80

to evaluate the impact of data distribution and81

dataset size on prediction performance. Since the82

dataset was heavily imbalanced, Cohen’s kappa83

score was also calculated to better account for84

2



the prediction of minority classes. The aggre-85

gated model performances were then statistically86

tested using the Friedman test, followed by the87

Bonferroni-Dunn post-hoc test as recommended88

by [3].89

2.1 Data Distribution90

When comparing data distributions, the mixed91

distribution achieved the highest maximum ac-92

curacy and the best overall Cohen’s Kappa93

score. Notably, the Kappa score showed a more94

than +20% increase in the median and a +30%95

increase in the maximum compared to the second-96

best values. The sampled distribution achieved97

the highest median accuracy but had the worst98

Kappa score. Upsampling resulted in a decrease99

in accuracy (-17%) compared to the sampled100

distribution, but a (+7%) increase in the Kappa101

score. The synthetic distribution exhibited the102

lowest accuracy but slightly outperformed the103

sampled distribution in terms of the Kappa score.104

105

Figure 2 Performance of all models by data distribution

Since the number of observations per group106

must be equal, the data were aggregated. The107

upsampled, synthetic, and mixed distributions108

were reduced, resulting in more samples being109

evaluated for different dataset sizes. To test110

statistical significance, these distributions were111

aggregated for both median and maximum per-112

formance across the three different dataset sizes.113

This approach resulted in four values per data114

distribution, with each of the four models evalu-115

ated for each metric.116

117

The effects of data distributions were ana-118

lyzed across various aggregation methods. When119

metrics were aggregated by maximum, the re-120

sults showed statistically significant effects for121

both accuracy (Q = 10.385, p = 0.016) and Co-122

hen’s Kappa (Q = 11.100, p = 0.011). Similarly,123

with median aggregation, accuracy (Q = 9.300,124

p = 0.026) and Cohen’s Kappa (Q = 11.100,125

p = 0.011) also showed significant differences.126

Since all p-values were below the standard thresh-127

old of 0.05, the null hypothesis (H0) was rejected128

in favor of the alternative hypothesis (H1),129

suggesting that data distribution significantly130

influenced model performance. To identify which131

specific distributions contributed to this effect, a132

post-hoc analysis was conducted by comparing133

each distribution to the sampled baseline.134

135

The upsampled and mixed distributions136

showed statistically significant improvements137

over the baseline in Cohen’s Kappa score for138

both aggregation methods. In contrast, the syn-139

thetic distribution performed significantly worse140

in terms of accuracy for both aggregation meth-141

ods. However, a statistically significant decline in142

Kappa score was only observed for the maximum143

aggregation method. The median aggregation144

showed a similar trend, but without reaching145

statistical significance.146

147

Table 1 P-values of post-hoc Bonferroni–Dunn test:
comparing data distributions with sampled baseline
(significant values in bold).

Median Maximum

Model Accuracy Cohen’s κ Accuracy Cohen’s κ

upsampled 0.083 0.021 0.149 0.021

synthetic 0.021 0.387 0.021 0.043

mixed 0.773 0.021 1.000 0.021

3 Data Amount148

In the results, all distributions, except the sam-149

pled distribution, were compared based on the150

amount of data. In general, increasing the dataset151

size improved both metrics in most cases. The152

performance ranking was as follows: mixed, up-153

sampled, and synthetic, across all dataset sizes154
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for both metrics. For the synthetic data, accu-155

racy decreased at 7,000 data points but increased156

again at 40,000 data points. This performance dip157

was also observed in the mixed distribution, with158

a slightly decreased median accuracy. Neverthe-159

less, the highest maximum accuracy and Kappa160

score were achieved in the mixed distribution161

at 7,000 data points. Maximum performance for162

both mixed and upsampled distributions slightly163

decreased at 40,000 data points. However, the164

median performance continued to increase. The165

synthetic distribution exhibited the largest per-166

formance improvement at 40,000 data points in167

both metrics.168

169

Figure 3 Performance of all models by data amount and
distribution

To evaluate whether the data amount alone170

had a significant effect across all distributions, the171

Friedman test was conducted. For accuracy (Q =172

0.167, p = 0.920) and Cohen’s Kappa (Q = 0.667,173

p = 0.717), the resulting p-values were well above174

the 0.05 significance threshold. Therefore, the null175

hypothesis was not rejected, indicating that data176

amount did not have a statistically significant ef-177

fect on performance. Consequently, no post-hoc178

tests were performed.179

4 Discussion180

This work demonstrates that data composition181

can have a greater impact on document image182

classification performance than model complexity.183

By combining synthetic and upsampled docu-184

ment images, we propose a simple yet effective185

strategy that significantly improves performance186

on small, imbalanced, multipage datasets. This187

finding challenges the common assumption that188

transfer learning or contrastive pretraining are189

necessary for strong document classification and190

instead emphasizes the effectiveness of domain-191

specific data balancing.192

193

Contrary to similar studies, neither transfer194

learning nor pretraining significantly improved195

prediction accuracy [4]. The ImageNet domain196

used for transfer learning may have been too197

dissimilar from document images. Contrastive198

pretraining might have underperformed due to199

poor augmentation combinations, smaller batch200

sizes, or insufficient training times, as noted by201

[5]. Frameworks like MoCo might perform better202

in future studies with less resources [6].203

204

Mixed data outperformed all other ap-205

proaches. This result demonstrates that synthetic206

and upsampled data address complementary207

weaknesses: synthetic data adds variability, while208

upsampling strengthens the real distribution of209

data. Together, they create a more balanced210

feature space. This insight could potentially be211

generalized to other image classification tasks.212

213

Unlike prior work, which treated synthetic and214

real data augmentation as separate strategies, this215

study identifies their combination as a novel and216

empirically validated approach to addressing class217

imbalance in document datasets. In contrast to218

[7], we present the combination of synthetic and219

upsampled data as a more effective strategy. This220

combination leads to a greater improvement than221

using either upsampled, real, or synthetic data222

alone. The results were evaluated on an industry-223

level dataset containing multipage documents, a224

small dataset size, and imbalanced data. This ap-225

proach aligns with the recommendations of [2]226

for the real-world evaluation of document image227

classification methods.228

5 Methods229

5.1 Data230

A total of 235 document images were collected,231

all of which are standardized HR-related forms232

from a large German IT and Telco company, each233

consisting of two pages. Due to data retention234

policies, only documents from the past two years235

were available, limiting the dataset size. The236

documents were either scanned or photographed237
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to ensure that handwritten signatures were pre-238

served. As a result, the images vary in quality,239

angle, and lighting conditions. All documents240

were initially stored as PDF files and later con-241

verted to JPEG format for further processing.242

The documents share a consistent structure,243

each containing a PDF417 barcode, a hand-244

written signature, and information about both245

the person recommending and the person being246

recommended. More than 20% of the collected247

documents contained errors.248

249

The data was manually collected and la-250

beled by members of the company HR team. As251

these individuals are responsible for the manual252

validation of such documents as part of their pro-253

fessional duties, they can be considered domain254

experts. Each document image was annotated255

with a single error label or marked as correct.256

257

The dataset is highly imbalanced: the major-258

ity class, labeled "correct," contains 181 samples.259

The next most frequent classes—missing bar-260

code, missing signature, and low resolution—each261

contain only 16–18 instances. The rarest cate-262

gories—wrong order, invalid barcode, and missing263

data—are each represented by a single sample.264

The following is a description of each label:265

"correct" denotes error-free documents; "miss-266

ing signature" refers to documents with absent267

or computer-generated signatures; "low resolu-268

tion" marks documents whose image quality is269

too poor for reliable further processing; "missing270

barcode" identifies cases where the barcode is ab-271

sent or replaced by a gray placeholder, often due272

to XFA-PDF conversion; "invalid barcode" refers273

to damaged or unreadable barcodes; "wrong or-274

der" flags documents with their first two pages275

swapped; and "missing data" is used when the276

recommended person’s name is not provided.277

5.2 Data Generation278

To address the challenges of limited and im-279

balanced data, we employed synthetic data280

generation and image augmentation techniques.281

282

Synthetic images were generated based on the283

original template. Name data was generated using284

ChatGPT (referenced in the AI directory),285

with 50% of the names being of German origin,286

representing diverse ethnic backgrounds, and287

50% being international names. This approach288

aimed to introduce a slight bias toward German289

names while avoiding overfitting to specific ethnic290

groups. Each name was sampled independently291

for both the recommender and the recommended292

individual.293

294

A unique SAP number, a fixed-length random295

numeric string, was then generated for the rec-296

ommender. These names and SAP numbers were297

used to generate a personalized PDF417 barcode298

for each document. To simulate signature diver-299

sity, the signature dataset from [8] was utilized.300

Synthetic errors were introduced to reflect the er-301

ror types observed in the real data. These errors302

were distributed uniformly across the different303

error categories.304

305

5.3 Model306

To process each document as a single entity, the307

two pages were merged side by side into one com-308

posite image. This approach enabled the use of a309

single image classification model, simplifying the310

implementation and reducing model complexity.311

312

Four different classification approaches were313

evaluated. The first was a Support Vector Machine314

(SVM) using scale-invariant feature transform315

(SIFT) and Bag of Visual Words (BoVW) fea-316

tures. The second was a Convolutional Neural317

Network (CNN) trained from scratch using su-318

pervised learning. The third approach involved319

training a CNN with contrastive pretraining.320

Finally, a ResNet50 model, trained with transfer321

learning using ImageNet weights, was evaluated.322

323

The SVM/SIFT classifier served as the tra-324

ditional baseline. It utilized an SVM trained on325

SIFT features combined with a Bag of Visual326

Words (BoVW) representation. This method was327

chosen based on its strong performance in prior328

document image classification research [9–11].329

330

A convolutional neural network (CNN) was331

trained from scratch. The architecture was in-332

spired by ResNet [12] but was scaled down to333

meet computational constraints. The imple-334

mented model included a 7×7 convolutional layer335
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with a stride of 2, followed by max pooling (to336

reduce the input size), three convolutional blocks337

(each reducing spatial dimensions while increas-338

ing filter depth), and skip connections between339

blocks. These skip connections, consisting of a340

single network layer added between blocks, facil-341

itated the training process, as described by [12].342

The network concluded with an average pooling343

layer and a fully connected layer with a softmax344

output over the seven error categories.345

346

This CNN was trained both in a supervised347

fashion and with contrastive pretraining. Due to348

resource limitations, contrastive pretraining was349

applied only to this architecture. The contrastive350

pretraining was performed as described by [5],351

with an additional network layer added before352

the similarity calculation during pretraining.353

This final layer and the network head were sub-354

sequently removed. A logistic regression classifier355

was trained on the network’s output. The super-356

vised training used the same data distribution,357

but with labeled data.358

359

In addition, a ResNet50 model was employed360

with pretrained ImageNet weights. Its final layer361

was replaced with a softmax layer to classify the362

seven document error types. This transfer learning363

setup leverages large-scale image representations364

and was chosen due to its strong performance in365

related work [4].366

5.4 Experimental Setup367

The experimental process consisted of data368

preparation, dataset splitting, model training,369

and evaluation using appropriate metrics to as-370

sess performance on real-world document data.371

372

All documents, each containing two pages,373

were manually annotated by HR experts. To374

prepare the input for the models, the two pages375

of each document were padded if necessary, con-376

catenated side by side, resized to 256×256 pixels,377

and normalized. This unified format enabled each378

document to be processed as a single image. As379

noted by [2], multi-page document classification380

remains a relatively underexplored area, partly381

due to the limited availability of publicly accessi-382

ble datasets.383

384

To create a representative test set, labels with385

only a single occurrence in the entire dataset were386

included exclusively in the test set. This ensured387

that model performance could be assessed on388

all error types—even rare ones—by including at389

least one example of each in the evaluation data.390

The final test set consisted of 147 images. Its391

size was determined using standard sample size392

estimation techniques for proportions, assuming393

a 95% confidence level and a 5% margin of error,394

as outlined in [13]. This sample size is sufficient395

to draw reliable inferences about model perfor-396

mance on the complete dataset of 235 images.397

398

The remaining images were used to construct399

different training distributions:400

• Sampled: All real images not included in the401

test set. This distribution contained only the402

four error labels with more than one instance.403

• Upsampled: The sampled dataset was up-404

sampled with replacement so that each class405

reached the same number of samples, address-406

ing class imbalance.407

• Synthetic: Training data was generated us-408

ing the synthetic generation pipeline described409

earlier.410

• Mixed: A combination of synthetic and up-411

sampled real images. The real images were412

upsampled to match the number of synthetic413

samples per class.414

To evaluate the effect of dataset size, synthetic415

and mixed datasets were generated at three scales:416

700, 7,000, and 40,000 samples—corresponding417

to 100, 1,000, and 5,714 samples per class across418

seven labels. These scales were chosen to represent419

different dataset sizes while being constrained by420

computational limitations.421

422

Each training distribution was further split423

into training and validation subsets. The vali-424

dation set was used for hyperparameter tuning,425

while the test set remained untouched until the426

final evaluation, ensuring unbiased performance427

estimates on real-world data.428

429
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Image augmentations were randomly applied430

during training to enhance generalization and sim-431

ulate document variations encountered in prac-432

tice. An end-to-end training pipeline was imple-433

mented to streamline preprocessing, augmenta-434

tion, model training, and evaluation. The models435

evaluated were:436

• SIFT: Support-Vector-Machine-Klassifikator437

auf Basis eines Bag-of-Visual-Words-Modells438

aus SIFT-Merkmalen (im Text als „SIFT“ bzw.439

„SIFT/SVM“ bezeichnet).440

• CNN: Von Grund auf neu trainiertes,441

überwachtes CNN mit 7 Schichten.442

• Contrastive_CNN: Dieselbe CNN-443

Architektur, zunächst kontrastiv vortrainiert,444

anschließend mit einem Logistic-Regression-445

Klassifikationskopf auf den Ziel Daten446

supervidiert feinabgestimmt.447

• ResNet50: Transfer-Learning mit einem448

ResNet50, bei dem die letzte Schicht durch eine449

neue Klassifikationsschicht ersetzt und das Netz450

auf ImageNet-Gewichten vortrainiert wurde.451

Each model was trained on the respective452

training distribution, and the best-performing453

version (based on validation set performance)454

was selected for final evaluation on the test set.455

456

Two evaluation metrics were used: accuracy,457

a standard metric in classification tasks, and458

Cohen’s Kappa. Accuracy reflects the proportion459

of correctly classified samples but can be mis-460

leading in imbalanced datasets, as high accuracy461

may simply reflect dominance by the majority462

class. Therefore, Cohen’s Kappa was used as a463

secondary metric. It accounts for the agreement464

expected by chance, providing a more balanced465

evaluation of model performance across uneven466

class distributions. This is particularly important467

in this context, where some error classes are rare.468

The Kappa score was used to assess the quality469

of predictions for minority classes [14, 15].470

471

Both metrics were then tested for statisti-472

cal significance. Since normality could not be473

assumed, a non-parametric test was chosen.474

The Friedman test was selected, as it allows475

the comparison of more than two models, as476

recommended by [3]. Additionally, a post-hoc477

analysis using the Dunn test with Bonferroni478

correction was applied to identify which methods479

were statistically significant. All methods were480

compared to the baseline, rather than with each481

other, to avoid artificially inflated p-values due482

to cross-comparison of approaches, as suggested483

by [3]. The baseline model for comparison was484

the SVM/SIFT classifier, and for data distribu-485

tions and data amount, the sampled distribution486

served as the baseline.487

488

The null hypothesis H0 stated that no dif-489

ference in the metric being compared would be490

found, given the independent variable. The al-491

ternative hypothesis H1 posited that a difference492

would exist. A significance threshold of α = 0.05493

was used for rejecting the null hypothesis, a com-494

monly accepted threshold in the literature. Details495

of these calculations can be found in [3, 16, 17].496
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