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« Offline handwriting samples rely primarily on visual properties for classification.

« Traditionally, handwriting identification is tasked by forensic examiners, though it is argued that
using a set of visual criteria and human judgement is unreliable.

« (Challenges in handwriting identification arise due to the minute details in a writer's style and
aven variations with individuals, which can be due to the environment, injury, or fatigue, as well as

the lack of defined features in handwriting.

* In modeling real-world scenarios in which
handwriting is found as part of recovered evidence it
is highly unlikely that there exists a database of other
handwriting sampIES of thE suspects. As a result, we

source problem rather than identifying the specific

writer.

H,: The two items of handwriting originate from the same writer. -

Hg: The two items of handwriting originate from different writers.

Primary goals are 1o examing:
1.
2. Preservation of handwriting structure versus image density
e
4, Writer identification complexity assessment using various test sets.

Common Source Problem

Writer diversification versus representation,

Input size versus training size.
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Figure 1: Writer Identification Complexity. The classification of writers
becomes increasingly difficult for deop learning models when the poal of
wWriters is- MmiutL 3”:," exclusive in each 5[:I|IL‘. l:IT the ua:a,ar:d wh 20 IMages
from a different source are classified
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' « Handwriting documents are i
processed into individual lines. LA R
= » Data set consisting of pairs of Bt v 4 '
images are created. .
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« Data is naturally unbalanced with as there are

many more pairwise comparisons with different

writers than same writers,

*  Number of sampled pairs is a very small
fraction of the entire data set [Table ).
Methods to increase samples par writer.

1. Image augmentation.

2. Targeted sampling.

3. Subset Df writers
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Table 1 Numh-c-r of total and samipled pairsin
different data sets
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Figure Z: Paired Image Data Sot. Pairs of images are formod as
ohservations and ghven a respanss value of 1 If the two images arg
frorm the same whter, and a value of O if the two images are fram

different writers
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Figure 3: Targeted Sampling. An image from the data
501 s randomly sampled, then twio images that are
different but from the same writer and two images
from the set of different writers are randomly chosan

and palred with the first Image,
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Convolutional Layer

Pooling Layer

Convolutional block consists of;

Batch Normalization Layer

Dropout Layer
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Twin Convolutional Neural Network (TCNN) Architecture
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»  Selected CNM architectures include; Custom, ResNetS0, ResMetls,
WVGG16, Xception.

+ Model is optimized by the Euclidean loss function.
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Results & Discussion Conclusion

Training Size

Input Size

Segmented Images

Model Selection

Sampled a set of 10,000 training image pairs
that were subsetted to smaller training sizes
using nested randorm sampling.

Model | Training Size | Val Size | Val Ace | Val2 Ace
“Custom 2000 000 | BG.GW% | TH56

Custom 5000 2000 | SLO% | Th.00

Ciustom (T] FIL1] Biaw | Ba.ove

Table 2 Training Size on Validation Accuracy,

The results in Table 2 show that training on a
larger training set does not necessitate drastic
improvements in the prediction accuracy.,
unless we increase the number of training
images significantly. However,

due to memory constraints, we are
limited in the amount of data we can

pass into the model. Thus, the

number of training pairs could

not significantly exceed
a training size of

10,000 pairs.

2000

Flgure & Mested Sampling. The same images are included
in each subsequent larger data et a5 to reduce the
wariance due to a difference in tralning samples.

Downsizing images reduces the number of features by
distorting and reducing the pixel space. However, using
larger images severely limits the number of passable

inputs to the models.

Inpaet Sie | Trnining Skee | Val Sie | Vil Acc | Val2 Acc
2ot = 21 ([ T000 | Braw | SLins
HE= 112 (] paii) AT oA
162 = 162 TONKH) i) Baak | TrDn
W00 100 | 10 00 | TTER | i30A

Table 3: Input Size on Validation Accyuracy,

From the results in Table 3, we can see that for square
inputs, the Val2 accuracy increased as the size of the
images got larger. Though, for image sizes with a larger
aspect ratio, the model performs worse since there isa
lower pixel density leading to a lower Val2 accuracy.
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Figure 5: Resited Images. Companng a squang input 1o an input that has larger
aspect ratio, the writing in the square image i more dissorted but yields a denser
irage aray of handawriting featunes

Owverall, for any training size, we see that using the resized
data set as input to the Custom model, the number of
carrectly classified images in the Val2 data set is higher

than using the segmented line data set as input

Model | Training Stze | Val Size | Val A_:r Val2 Ai
Custom 2000} 1 (R0 TR 69.15%
Custom S0000 10000 0165 T3.7%
Custom TO000 10000 | 79.715% | TL.54%

Table 4: Valldation accuracy of segmonted images
_Mmin-t Training Size | Val Size | Val Ace | Val2 Acc

Custom 000 10000 | 83.17% | TE64%
Custom SO0 10000 | 53.93% | 79660
Custom TN 10000 | BL5G% | 79.28%

Table 5: Validation accuracy of resized images
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Flgure &6: Segmented Images. Shows a line image belng
segmented into elght smaller imasges that contain pans of
the line. Images that do not cantain enough featunes, such
o the first and (st image in the parttion are removed fram

thie: data st

The Custorm CNN with a much smaller number of layers
than ResNetsS0 and Xception performed best, which
indicates the high-level features extracted from deeper

layers did not generalize well to other groups of writers

Muobie] Tralnlng Size | Val Size | Val Ace | Val2 Ace
“Custom LK 00 | ST.O0 | Sh6R
- Xeeption 10000 ] Bhaw | T0.0a0m
“ResNeti 10000 W0 | BLGW | TRAR

R HHT 10000 D | TEAR | TLER

He=Netls [T 000 | TRGIW | oA

Table &: Validation accuracy of various models

The Custorm CNMN embedded inthe TCNN classifiec 82.8%
of line images from the London Letter prompt and 50.2%

of full documents from the CSAFE dataset correctly.
Results are consistent up to the third level of complexity

{Figure

Resized sampie ltom Longdon Leiter data set

Resized sampie from CSAFE data set

Model is heavily constrained by limited computing resources.

+ Using image augmentation, targeted sampling, and a subset of
wiriters to increase writer representation in the samples gave poor

results on the

validation accuracy.

« Civen the results, we found writer diversification and high image
density to be necessary to properly train the chosen models,
Whereas, both input size and training size were shown to have

rmeaningful impacts on the classification accuracy

» Evaluating the best model on images from a different data set
gave similar results to evaluating on the same data set as the

training data.

» Extending the model to evaluate entire documents did not

perform well,

« Future development of GPUs will likely lead to increased GPU
memory which can increase training and image size.
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