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Abstract—Studies related to the handwriting recognition has got good pace in recent time.
Various research works were going on for recognition of handwriting in online and offline
mode both. Manually recognition of handwriting is also an approach people are working on. A
prediction based on the handwriting includes recognizing gender, age, handedness, behavior,
basic human mood, nationality, ethnicity and many more. For this various predefined datasets
are available. The available datasets are in many different languages. So fetching the required
dataset of a particular language data is a tedious job to perform. In various other works the
researchers had used different data as per their requirements. Here in this work of ours we are
working with two different datasets. A new task that we had taken up here is we have created
our own dataset. Thus here, the Machine learning algorithms were performed for predicting
the traits firstly on 1AM dataset of English data samples and another Real time dataset also in
English writing scripts.

Index Terms— Machine Learning, Support Vector Machine, Algorithm, Image processing,
Random Forest.

|. INTRODUCTION

The technology is becoming advance day by day and capable enough to work and perform activities similar to
the human behavior. In expansion to this the researchers has got their interest in using the technology for
understanding the human characteristics and use this study in designing and training the machines.
Manufacturing of machine models with this theme has resulted in creation of robots and various self-evaluating
gadgets where initially they are trained by humans but after then they independently without any human
intervention. Leading to this and looking upon the real life time of the current phase the researchers had worked
in understanding the human characteristics and traits with the help of technology which includes Machine
learning and Deep learning and this research inventions has evolved a new tech field which now a days is known
as Artificial Intelligence.

Here in this work of ours we have worked on various Machine Learning algorithms for predicting gender,
handedness and combined handedness and gender. For achieving our goal we had implemented the algorithms
on two different datasets. Firstly we had extracted handwriting manuscripts samples of 1AM dataset of English
manuscripts. Secondly we have created a real time dataset.
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Il. LITERATURE REVIEW

When comes about the related works regarding for the defined task of predicting the gender and handedness by
handwriting recognition. It has been observed that there are differences in handwriting of each individual and
specific difference among male and female as well as to handedness of either group of people. With respect to
the characteristic differences among the handwriting of each gender group each can be predicted.

In the previous works, firstly by Bi, N., Suen, C. Y., Nobile, N., & Tan, J. (2019), [1], with the implementation
based upon Kernel Mutual Information (KMI) and SVM for predicting gender got 72 percent successful by using
ICDAR English and RDF Chinese datasets, in each dataset.

In another work by Ahmed, M., Rasool, A. G., Afzal, H., & Siddiqi, I. (2017), [2], by using ICDAR and QUWI
datasets implementing with ANN, SVM and KNN discriminated gender got successful with 69 percent with
KNN and 70 percent successful with SVM.

Gattal, A., Djeddi, C., Siddiqgi, I., & Chibani, Y. (2018), [3], in their work they used oriented basic image
features (oBIFs) histograms and SVM and 72 percent successfully predicted gender. Thus in the works of other
writers as well where they had used the ML techniques and algorithms got maximum success up to 72 percent
for predicting gender and approximately 89 percent for handedness. This much of high percent success also
depend upon the large set of dataas more the data for training and testing more is the accuracy rate.

While coming to the works for the defined tasks by DL algorithms and models [15] the accuracy rate got
increased up to around 80 percent for gender prediction and 90 percent in handedness prediction and combined
accuracy was about 83 percent with IAM English dataset which consists of 115,320 isolated words from the
handwriting samples collected from 657 writers. In the other works with different approaches [11,12,13] had
reached up to 80.72 percent maximum accuracy in case of gender prediction and 100 percent prediction accuracy
for handedness [14] by using IAM dataset.

I11. PROPOSED METHODOLOGY

For over recognition task from handwriting scripts as stated in the previous section that we have planned for
predicting the traits with the help of two datasets, they are IAM dataset and Real-time dataset. With both the
datasets image data processing steps have been followed. Few of the steps were avoided in case of IAM dataset
because it is a predefined dataset and available on open sources for data extraction. Talking about the Real-time
dataset, as it is our own collected and created data so here each step of image processing is followed to make the
data or scanned handwriting scripts sample in machine under stable form. As this would enhance our model and
give the desired prediction outputs.

Then with both the datasets experiments were carried out in three phases. First implementation is only for
predicting the gender from the handwriting and second is the prediction of handedness that is whether the person
is right handed person or the left handed person respectively. And the third part is the combined prediction where
gender and handedness is predicted in combination. For doing this the data is treated with four parameters they
are: RM- Right handed male, RF- Right handed female, LM- Left handed male and LF- Left handed female.

In various other works of research none of the researcher has created their own dataset. Most of the frequently
used datasets for doing predictions with handwriting recognition are IAM dataset, KHATT dataset, QUWI
dataset and others. They are works done with different languages as well. Here we have focused for English
manuscripts as we found the common writing language to our locality is English. And finally after all pre-steps
we have implemented our data with machine learning algorithms. We have selected four algorithms they are:
SVM, KNN, RFC and NAIVE BAYES. All are supervised machine learning algorithms. With this we have also
found that altogether four algorithms implementation for gender, handedness and combined prediction is nearly
non. Few had done works with two algorithms but not more than that.

— T aishHh o a

Fig.1. sample image of real data collected

IV. EXPERIMENTAL RESULTS

Here in this section you all will see the experimental results for gender, handedness and combined prediction in
three sections. In the section 4.1, there are the results for only gender prediction. In section 4.2, there are results
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for handedness prediction only. And in the last 4.3, there are results for combined prediction along with their
respective resultant bar graphs.

For 1AM dataset, according to the official information for this dataset it comprises of around 655 people’s
handwriting samples which were further partitioned as sentences collection and words collection along with their
traits details so as to rectify our implemented prediction results. Here, we could not extract whole dataset due to
the limitation of our system but we have successfully achieved around 4899 data samples out which 1000 were
female data sample and 3899 male. Out of which only 552 people were left handed in the ratio of 220 female and
332 male left handed people and rest all were right handed data. We have performed training with 3233 data
samples and testing with around 900-1000 data in each phase.

Moving on to discuss about Real-time dataset, here the writing samples of 2900 pupils were collected. Among
then 1900 were male gender pupil and 1000 female gender, 2600 right handed and 300 left handed. For male
gender prediction training is done with 2900 data and 2000 data for testing. For female gender 2700 data is used
for training and 2300 is used for testing. For right handedness 2800 data is used for training and 2420 data is
used for testing. For left handedness 980 data is used for training and 300 data is used for testing. When comes to
the combined prediction for right handed male 2690 data is used for training and 1473 data is used for testing.
For left handed male 529 data is used for training and 180 used for testing. For right handed female 2430 data is
sued for training and 1155 data is used for training and lastly for left handed female 740 data is sued for training
and 280data is used for testing.

In comparison to the previous works done the data so far used was large enough in quantity that the direct
implementation could be performed. But here our extracted data and our real time data was not enough in
comparison to previous works. So to expand our data we have used data augmentation in online mode. It is so
because in online data augmentation extra storage space is not needed. It happens simultaneously while
execution is processed.

A. Experimental Results for Gender Prediction

TABLE: |.GENDER PREDICTON WITH IAM DATASET

GENDER ALGO USED PRECISION RECALL FSCORE

NAIVE BAYES 7142 85.46 7781

MALE KNN 71.1 80.63 75.56
GENDER RFC 70.36 80.64 75.15
SWM 7121 85.1 7753

NAIVE BAYES 62.15 41.56 49.81

FEMALE KNN 60.46 40.34 48.39
GENDER RFC 59.14 40.1 47.79
SWM 61.54 41.43 49.52

TABLE: IlLAVERAGE ACCURACY WITH IAM DATASET FOR GENDER PREDICTION

ALGORITHMS USED AVERAGE ACCURACY
NAIVE BAYES 68.82
KNN 66.34
RFC 66.10
SVM 68.65

TABLE: I1l. GENDER PREDICTION WITH REAL-TIME DATASETS

GENDER ALGO USED PRECISION RECALL F-SCORE
NAIVE BAYES 70.56 81.54 75.65
MALE KNN 69.71 81.03 74.94
GENDER RFC 69.56 81 74.84
SVM 71.63 81.33 76.17
NAIVE BAYES 60.4% 40.03 48.17
FEMALE KNN 57.35 40.64 47.57
GENDER RFC 55.03 35.0% 47.03
SVM 60.3 40.4 4838
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TABLE: IV. AVERAGE ACCURACY WITH REAL-TIME DATASET FOR GENDER PREDICTION

ALGORITHMS USED AVERAGE ACCURACY
NAIVE BAYES 68.32
KNN 67.03
RFC 66.56
SVM 68.45
.
6.9
6.8 - = NAIVE BAYES
6.7 -
6.6 - mKNN
6.5 1 RFC
6.4 -
IAMDATA  REAL-TIME mSVM
GENDER GENDER
PREDICTION  PREDICTION

Fig: 2.Graph for Average Accuracy for Gender prediction with IAM and Real- time Datasets respectively

From the results observed, it can be observed that our own dataset has matched up with the previous works. And
our own data set has also resulted good prediction in comparison to the 1AM predefined dataset. The average
accuracy achieved with both the datasets was approximately 69%. The Naive Bayes and SVM algorithms has
resulted good results.

B. Experimental Results for Handedness Prediction

TABLE: V HANDEDNESS PREDICTION WITH IAM DATASET

HANDEDNESS ALGO USED PRECISION RECALL F-SCORE
NAIVE

BAYES 81.43 7396 7751

RIGHT KNN 80.25 72.00 75.95
HANDED

REC $2.76 7505 78.71

SVM 82.66 7424 7822

NAIVE 52.45 463 47.03

LEFT BAYES -

HANDED KNN 52.05 4164 4626

REC 509 404 4505

SVM 54.43 273 4849

TABLE: VI AVERAGE ACCURACY WITH IAM DATASET FOR HANDEDNESS PREDICTION

ALGORITHMS USED AVERAGE ACCURACY
NAIVE BAYES 76.43
KNN 73.54
RFC 73.25
SVM 76.23

Here, with the 1AM dataset the maximum accuracy achieved is approximately 77% and with real-time data set
the maximum accuracy achieved is approximately 71%.

C. Experiment for Combined Prediction of Traits

In the next coming up summation of the observation is a combined prediction data. Both gender and handedness
are predicted in combination. For this the attributes are segregated as four characters namely, RM that is right
handed male. For doing the training of this particular category the data was available with us in good quantity,
next comes the LM that is left handed male, RF that is right handed female and LF that is left handed female.
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TABLE: VII HANDEDNESS PREDICTION WITH REAL-TIME DATASET

HANDEDNESS  ALGO USED PRECISION  RECALL F-SCORE

NAIVE ) ) )

BAYES 88.56 10.98 3.8
RIGHI l;CNN 84.73 7
HANDED 2 : -
RFC 83 7034 7697
SV 88.64 7024 7837
]I;:‘[L}E.ES 157 4039 22461
L:EFI ‘_;;I\“I\‘ 1§ 15 "g gs 22 ﬂ_

HANDED i =0 -
RFC 15.05 409 22m
SV 15.64 40.4 2255

TABLE: VIII AVERAGE ACCURACY WITH REAL-TIME DATASET FOR HANDEDNESS PREDICTION

ALGORITHMS USED AVERAGE ACCURACY
NAIVE BAYES 71.54
KNN 69.51
RFC 69.22
SVM 71.35
8
75 - )
, = NAIVE BAYES
= KNN
6.5 -
RFC
6 i
IAM DATA  REAL-TIME mSVM
HANDEDNESS HANDEDNESS
PREDICTION  PREDICTION

Fig: 3.Graph for Average Accuracy for Handedness prediction with IAM and Real-time Datasets respectively

While working for creating the real-time dataset it was observed that the right handed data is easily available,
while struggle comes when comes to the left handed data collection. Still we managed and collected good
amount of left handed handwriting sample for training and testing.

For the IAM dataset the data is already available to us in different folders according to their prediction of trait.
So, we do not have to struggle for segregating the data according to the feature for which we were doing
implementation.

TABLE: IX. COMBINED PRREDICTION WITH IAM DATASET

PREDICTION ALGO USED PRECISION RECALIL F-SCORE
MNAIVE BA YES 4.4 71.54 57.82
RIG_:IT ECNTT S3.75 71.00 5722
lenumr_tn REC S3.52 71.52 57.25
S S54.56 71.55 57.88
NAIVE BA YES s0.8 48.05 40.85
LEFT . g
il KT 51 4572 4275
DEAT S0E REC s1 48 40.45
SN s51.24 s0 40.00
NAIVE BA YES 50.54 54.45 55.93
RIG_;:T T 57.34 52.00 s54.58
mlemu]r_t REC 57.02 52.51 54.72
S s0.1 52.5 55.56
NAIVE BA YES 51.22 33.33 43.16

LEFT 5

e EKTIIT 50.59 34.43 43.9
ey e RFC S0.0 34.52 4406
S S1.54 34.54 44.35

970



TABLE: X. AVERAGE ACCURACY FOR COMBINED PREDICTION WITH IAM DATASET

ALGORITHMS USED AVERAGE ACCURACY
NAIVE BAYES 74.60
KNN 74.34
RFC 74.21
SVM 75.65

TABLE: XI. COMBINED PREDICTION WITH REAL-TIME DATASET

PREDICTION ALGO TSFD PRECISION RECAILIIL FSCORE

Rr WAIVE BA YES 54.75 35.25 42 80

EGI_DII I 53.5:-‘ 34.03 43.79

NALERAD BREC 53.25 34.36 41.76

SV s54.48 35,80 4326

NAIVE BA YES 15.95 12.95 14.3

LEFT TN 15.12 14.653 15.83
HANDED - =

NAT EAAD RFC 11.59 14.57 13.13

SV 14.63 12.55 13.51

MAIVE BA YES 4034 40.4 40,38

RIE‘_IJ;H TN 30.00 39,30 39.23

F_E\ILIALI_IECR_F_‘) RFC 30.35 0.2 30.27

SV 40.655 40.62 40.53

WAIVE BA YES 5. 74 23.21 10.44

'-f_gr T &.54 21 o007

mILm’LLmEF) RFC 5.54 21.05 2.77

SV 378 25.8 5.05

TABLE: XII. AVERAGE ACCURACY FOR COMBINED PREDICTION WITH REAL-TIME DATASET

ALGORITHMS USED AVERAGE ACCURACY
NAIVE BAYES 72.12
KNN 70.64
RFC 70.22
SVM 72.09
7.8
7.6
741 m NAIVE BAYES
7.2 -
2 = KNN
6.8 - RFC
6.6 - ESVM
COMBINED COMBINED
WITHIAM  WITH REAL-TIME
DATASET DATASET

Fig: 4.Graph for accuracy for the combined prediction with IAM and Real-time dataset

Here, the average accuracy with the 1AM dataset is approximately 76% where with the Real-time dataset the
average accuracy is approximately 72%. Further moving on in all the cases SVM and NAIVE BAYES
algorithm has showed good results. Our real-time dataset have nearly matched the predefined dataset’s
performance. Online data augmentation has given more support for the good prediction rate. With ML
algorithms the accuracy rate for SVM algorithm is good in each case in comparison with other algorithms of
machine learning. After SVM, its Naive Bayes followed by KNN and then RFC. For RFC it was always stated
that more the number of trees more accurate will be the result. But if we observe here for our prediction task it
was least accurate for the purpose. For KNN, it was mentioned that it is good with missing data that it if some
information is incomplete than also it would perform well. But according to our observation it is not too accurate
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for prediction tasks. Talking about the Naive Bayes and SVM, these two supervised machine learning algorithms
are good for performing tasks in comparison to other algorithms. But their accuracy rate is not the limit, it can be
enhanced if data augmentation performed or the same data is implemented with deep learning techniques.

V. CONCLUSION

Real datasets can also be a good approach to deal with the prediction rather than only utilizing the predefined
data set as the system characteristics do matters for dealing with the huge data. Dealing with real data has
provided good understanding for image processing, handwriting recognition, data manipulation, and feature
extraction and data augmentation for online and offline mode.

Yes there is capacity to increase the accuracy if the deep learning models are implemented for the prediction
since they more compatible to deal with images. This we have covered in our next part of the paper.
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