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Abstract

Handwritten character recognition remains challenging due to variability in handwriting style, visually similar characters, and the
difficulty of segmenting connected or cursive strokes. This study presents EffiHCR-Net, a compact convolutional neural network
combining depthwise-separable convolutions, a residual connection, and Squeeze-and-Excitation channel attention, trained and
evaluated on the EMNIST Balanced dataset (47 classes; 101,520 training, 11,280 validations, and 18,800 test images). EffiHCR-Net
achieved 88.45% test accuracy (macro F1 = 0.8838) using 84,519 parameters, an 80.20% reduction relative to a conventional
baseline CNN (84.93% accuracy; 426,799 parameters), though at a measured 16.50% higher CPU inference latency. An ablation
study isolating the attention block showed a +1.40 percentage-point contribution. On a photographed real-world handwriting
sample, the character-segmentation pipeline produced degraded output due to connected cursive strokes, whereas a pretrained
Transformer-based recognizer (TrOCR) correctly transcribed the same sample.
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1. Introduction

1.1 Background

Handwritten character recognition (HCR) is the task of converting handwritten input into machine-encoded
text, and it underlies applications such as bank cheque and form processing, postal-address sorting, digitization
of historical or educational documents, and assistive note-taking tools. Convolutional neural networks (CNNs)
are the dominant approach for isolated-character classification because they learn discriminative visual
features directly from pixel data [1], an approach whose foundations were later scaled by deeper architectures
such as AlexNet [2], VGG [3], GoogLeNet [4], and ResNet [5]. However, the accuracy of a classifier trained on a
curated benchmark does not automatically translate into reliable performance on photographed, real-world
handwriting. This gap between benchmark accuracy and real-world usability motivates the present study.

1.2 Problem Statement

Several factors make HCR difficult: (i) wide inter-writer variability in stroke shape, slant, and size; (ii) visual
similarity between distinct character classes (for example, the digit “0” and the letter “0”, or the digit “1” and
the letter “1”/“L”); (iii) image degradation from noise, blur, or uneven lighting in photographed samples; (iv)
skew and rotation relative to a canonical upright orientation; (v) characters that are visually connected, as
occurs in cursive or fast handwriting, which complicates the segmentation of a line of text into individual
characters [6]; and (vi) a domain shift between clean, pre-segmented benchmark datasets such as EMNIST and
unconstrained, photographed handwriting. This study treats the last two factors — connected-character
segmentation and benchmark-to-real-world domain shift — as central empirical questions rather than
incidental limitations.

1.3 Research Gap

Lightweight channel-attention mechanisms such as Squeeze-and-Excitation (SE) have been shown to improve
CNN performance at low parameter cost in general computer-vision tasks [7], alongside related spatial-and-
channel attention formulations such as CBAM [8], and efficient backbones built on depthwise-separable
convolutions such as MobileNets [9] and Xception [10]. Recent work has combined CNN and Transformer-style
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components for handwritten and printed character classification, for example a CNN-Vision-Transformer
ensemble for Arabic printed and handwritten characters [11] and a confidence-based fusion of EfficientNet and
ViT backbones for Arabic script recognition [12]. Separately, the handwriting-recognition literature has long
recognized that segmentation-based character-level recognition is fragile on connected or cursive script, which
has driven a broad shift toward segmentation-free, sequence-based recognizers [6], [13] built on recurrent or
Transformer sequence models trained with Connectionist Temporal Classification [14], [15], on standard
corpora such as the IAM handwriting database [16], with dictionary-constrained decoding such as word beam
search [17], and, more recently, on segmentation-free attention and Transformer architectures for full-page
recognition [18], [19], [20] and on evidence that explicit segmentation information still aids learning in low-
data regimes [21]. A resource-aware compact CNN pipeline evaluated across EMNIST-Letters and IAM words,
including a hybrid CNN-to-Transformer configuration, has also been reported [22]. What is less commonly
reported in a single, self-contained study is (a) an explicit ablation that isolates the numerical contribution of a
channel-attention block from the effect of the training regime itself, together with (b) an honest, same-image,
three-way comparison of an isolated-character CNN pipeline, a classical OCR engine [23], and a Transformer-
based handwriting recognizer [24], reported with measured timings and without conflating the three pipelines’
accuracy figures. This is the gap the present study addresses empirically.

1.4 Research Objectives

¢ To design and implement a machine learning/deep learning model for handwritten character recognition
with high recognition accuracy.

¢ Todevelop a human-friendly recognition system.

¢ To minimize recognition time through an efficient recognition framework.

¢ To establish a secure and reliable framework capable of identifying uncertain or unsuitable inputs and,
where experimentally supported, differentiating genuine handwritten input from automated/computer-
generated responses.

1.5 Contributions

e A compact CNN architecture (EffiHCR-Net) combining depthwise-separable convolutions, a residual
connection, and Squeeze-and-Excitation attention, evaluated against a conventional baseline CNN under
matched training conditions.

¢ An ablation study that isolates the numerical contribution of the attention block from the contribution of
the training regime (epoch budget, dropout, early-stopping patience).

e A complete preprocessing, character-segmentation, confidence-aware recognition, and dictionary-
correction pipeline for photographed handwritten images, with every stage individually timed.

¢ Anempirical, same-image comparison of the character-segmentation pipeline against a classical OCR engine
(Tesseract) and a pretrained Transformer-based handwriting recognizer (TrOCR), reported with measured
recognition times.

¢ A confidence-based reliability indicator with an explicit statement of its scope, distinguishing it from a
forensic human-versus-machine authenticity test.

2. Materials and Methods

2.1 Overall Framework

The system is organized into two operating modes. In training mode, the EMNIST Balanced dataset is loaded,
preprocessed, and used to train and evaluate a baseline CNN and the proposed EffiHCR-Net model, followed by
an ablation study and model persistence. In inference mode, a previously saved model is loaded (no retraining
is performed) and used to process a user-uploaded handwritten image through validation, preprocessing,
character segmentation, confidence-aware character recognition, raw-text reconstruction, and optional
dictionary-based correction, with each stage’s wall-clock time recorded.

2.2 Dataset

The EMNIST Balanced dataset was used, comprising 47 classes covering the ten digits and a merged set of
uppercase and lowercase letters that are visually distinguishable at 28x28 resolution. EMNIST Balanced was
selected over EMNIST ByClass (62 raw classes) because ByClass exhibits severe class imbalance and contains
several upper/lower-case letter pairs (for example C/c, O/o, S/s) that are visually near-identical at this
resolution, which mostly introduces label noise rather than genuine recognition difficulty; Balanced keeps class
imbalance realistic but tractable and is a standard benchmark configuration in the handwritten-character-
recognition literature [25]. The official training/test split was preserved to avoid an arbitrary re-split of
published data; a validation set was drawn from the training split only, leaving the test set untouched until final
evaluation. EMNIST images are distributed in a transposed orientation relative to natural reading order; this
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was corrected for every image prior to any other processing, and corrected samples were visually inspected
before training (Figure 1).

PEAEIPIFG
VANAVALZIE]

Figure 1. EMNIST Balanced sample characters after orientation correction, with true class index and
mapped character label.

Parameter Value

Dataset EMNIST Balanced

Number of classes 47

Training samples 101,520

Validation samples 11,280

Test samples 18,800

Image size 28 x 28 (grayscale)

Class distribution (training) Perfectly balanced — 2,400 samples/class (imbalance ratio 1.000)

Table 1. Dataset characteristics as observed in the experimental record.

2.3 Data Preprocessing

Two distinct preprocessing paths were implemented. For EMNIST training data, preprocessing consisted of the
orientation correction described above and normalization of pixel values to the [0, 1] range. For user-uploaded
photographed images, a separate, more elaborate pipeline was applied, implemented as independently
adjustable stages: grayscale conversion; non-local-means denoising; contrast enhancement via Contrast-
Limited Adaptive Histogram Equalization (CLAHE); adaptive Gaussian thresholding to obtain a binary
foreground/background mask; light morphological opening and closing to remove small noise artifacts; a
deskewing step based on the minimum-area bounding rectangle of the foreground pixels (used conditionally,
since angles below 0.5° were left uncorrected to avoid unnecessary interpolation blur); and cropping to the
foreground content with padding. Kernel sizes and thresholds were deliberately kept small so that thin strokes,
curves, and small loops in the handwriting were not destroyed. Figure 2 shows a representative uploaded
image before and after this pipeline; preprocessing for this sample completed in 1.8923 seconds.

ynal image

Mackineg | € arrw " 18 e

Figure 2. Original photographed handwriting sample (left) and the corresponding préprocessed,
binarized image (right).

2.4 Data Augmentation

To improve robustness to natural handwriting variation without altering character identity, training images
were augmented on-the-fly using small-magnitude geometric and photometric transformations, consistent
with standard image data augmentation practice [26]: random rotation (factor 0.06, approximately +21°
maximum), random translation (height and width factor 0.08), random zoom (factor 0.10), and random
contrast adjustment (factor 0.15). Rotation and translation magnitudes were deliberately constrained to avoid
transforming one character into a visually different one (for example, an excessive rotation could turn a “6”
into a “9”). Augmentation was applied identically to both the baseline and proposed models to keep their later
comparison fair.

2.5 Baseline Convolutional Neural Network

A conventional CNN, in the lineage of early convolutional architectures for document and digit recognition [1],
[2], was implemented as a point of comparison for the proposed architecture: two Conv2D-BatchNorm-ReLU-
MaxPooling blocks (32 and 64 filters respectively, 3x3 kernels) using batch normalization [27], followed by
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flattening, a 128-unit dense layer with ReLU activation, a dropout layer [28] (rate 0.35), and a 47-way softmax
output layer. The baseline totaled 426,799 parameters (426,607 trainable; 192 non-trainable), corresponding
to a saved model size of 4.953 MB.

2.6 Proposed EffiHCR-Net Architecture

EffiHCR-Net (Efficient Attention-based Handwritten Character Recognition Network) was designed to improve
the accuracy-per-parameter and accuracy-per-computation trade-off relative to the baseline. Its structure is:
an efficient convolutional stem (32 filters, 3x3, batch-normalized [27], ReLU); a depthwise-separable
convolutional block (two SeparableConv2D layers, 64 filters each), following the depthwise-separable
factorization introduced for efficient mobile architectures [9], [10], wrapped in a residual (skip) connection in
the style of residual networks [5], implemented via a 1x1 projection convolution; a second efficient
convolutional block (96 filters), echoing the multi-branch efficient convolution philosophy of earlier Inception-
style architectures [4]; a Squeeze-and-Excitation channel-attention block [7] with a reduction ratio of 4; global
average pooling in place of a large flatten-and-dense head; a 96-unit dense feature layer; dropout [28] (rate
0.35); and a 47-way softmax output. Depthwise-separable convolutions were chosen over standard
convolutions because they factorize a full convolution into a per-channel spatial convolution followed by a 1x1
pointwise convolution, substantially reducing parameter count for a given receptive field. Squeeze-and-
Excitation attention was preferred over heavier alternatives such as CBAM [8] or full self-attention [29], [30]
because it offers a favorable accuracy-to-parameter trade-off at very low additional computational cost, given
the 28x28 grayscale input size. The complete model totals 84,519 parameters (83,879 trainable; 640 non-
trainable), an 80.20% reduction relative to the baseline, with a saved model size of 1.088 MB.

2.7 Mathematical Formulation

The core operations of the proposed network are formulated as follows. For a standard convolutional layer, the
output feature map Y is obtained from input X, learnable filter weights W, and bias b as

Y=f(W*X+Db)

where * denotes the convolution operation and f is a non-linear activation function (ReLU in this work). Batch
normalization [27] standardizes each activation using the batch mean p and variance 62, with learnable scale y
and shift (3:

BN =y~ (x- ) / V(o + &) + B

The Squeeze-and-Excitation block [7] first squeezes each channel c of feature map U into a scalar via global
average pooling, z_c = (1/(HxW)) Z} U_c(j, j), then computes an excitation vector s = (W, §(W; z)) using a
reduction dense layer with ReLU activation §, an expansion dense layer, and a sigmoid activation o, and finally
rescales each channel of U by the corresponding element of s. Classification is performed with a softmax output,
and the network is trained by minimizing the categorical cross-entropy loss:

Ply=i|x)=eMzi}/Zje™zj}  L=-2Xyilog(y.i)

where z_i is the pre-softmax logit for class i, y_i is the one-hot ground-truth label, and ¥_i is the predicted
probability for class i.

2.8 Training Procedure

Both models were trained with a batch size of 256 using the official EMNIST training/validation split described
in Section 2.2. The baseline was compiled with the Adam optimizer [31] (initial learning rate 1x107%) and
trained for up to 20 epochs; EffiHCR-Net was compiled with the AdamW optimizer, which decouples weight
decay from the gradient-based update [32] (initial learning rate 1x1073, weight decay 1x107*), and trained for
up to 40 epochs. Both used sparse categorical cross-entropy loss, early stopping on validation loss with
restoration of the best-epoch weights (patience 5 for the baseline, patience 10 for EffiHCR-Net), a
ReduceLROnPlateau scheduler (factor 0.5), and model checkpointing that saved only the best validation-loss
weights. Class weighting was evaluated but not applied, since the measured class-imbalance ratio (1.000) did
not exceed the pre-registered threshold of 1.5. All random-number generators (Python, NumPy, TensorFlow)
were seeded with value 42. Training ran on a CUDA-enabled GPU using TensorFlow 2.20.0 under Python
3.13.15. The baseline completed all 20 budgeted epochs in 166.8 seconds; EffiHCR-Net triggered early stopping
after 37 of 40 budgeted epochs, in 531.5 seconds.

2.9 Character Segmentation (Uploaded Images)

For a preprocessed, binarized uploaded image obtained via adaptive thresholding in the spirit of classical global
thresholding methods [33], character candidates were obtained via 8-connectivity connected-component
analysis. Two heuristic refinements were applied to the raw components: small disconnected fragments (for
example, the dot on an “i” or “j”, or a crossed “t”) were merged into the nearest vertically aligned neighboring
box, and boxes substantially wider than the typical character height were split at their thinnest vertical ink
column, under the hypothesis that they represented two touching characters. Resulting boxes were grouped
into text lines by vertical overlap and then ordered left-to-right within each line and top-to-bottom across lines,
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matching normal English reading order. A word boundary was inserted between two consecutive characters
in a line when their horizontal gap exceeded 1.8 times the line’s median character width; this is an explicit
heuristic and does not guarantee that every connected component corresponds to exactly one character or that
every wide gap is a genuine word boundary, a known limitation of connected-component segmentation on
connected script [6], [21].

2.10 Uploaded Image Recognition Pipeline

The complete inference pipeline for an uploaded image proceeds as: (1) file upload and format/corruption
validation; (2) image-quality assessment; (3) preprocessing as described in Section 2.3; (4) character
segmentation as described in Section 2.9; (5) per-character normalization (padding, centering on a square
canvas, resizing to 28x28, pixel normalization); (6) inference with the loaded EffiHCR-Net model; (7)
confidence estimation and thresholding; (8) raw-text reconstruction respecting line and word order; (9)
optional dictionary-based correction; and (10) presentation of the raw text, corrected text, per-character
confidence, and stage-by-stage timing to the user through the preprocessing, segmentation, and text outputs,
and additionally through a Gradio-based graphical interface that performs inference only and does not retrain
the model.

2.11 Confidence-Aware Recognition

For every segmented character, the model’s softmax output provides a top-1 predicted character, its associated
confidence (the corresponding softmax probability), and the top-3 ranked candidates. This use of maximum
softmax probability as an uncertainty signal follows a well-established simple baseline for detecting likely
misclassifications [34]. A configurable confidence threshold (set to 0.70 in this study) determines whether the
top-1 prediction is accepted or replaced with an explicit “?” placeholder rather than a forced guess. An
experimental, per-image reliability indicator (“High”/“Medium”/“Low”) was derived from the mean per-
character confidence across an image (thresholds of 0.85 and 0.60). This indicator is explicitly an uncertainty
signal based on softmax confidence and predictive behavior, not a calibrated probability of correctness, since
softmax confidence in modern neural networks is well documented to be poorly calibrated without explicit
post-hoc correction [35].

2.12 Dictionary-Based Correction

Raw recognized text was optionally passed through a post-processing correction step using a frequency- and
edit-distance-based spelling checker (pyspellchecker). A recognized word was modified only if it was not
already a valid dictionary word, a sufficiently similar candidate existed, and the edit distance to that candidate
did not exceed 2. This step operates purely on already-produced text for display purposes; it does not alter or
improve the underlying classifier’s accuracy, and the two are reported as distinct quantities throughout this
study.

2.13 Reliability and Input-Validation Framework

Before recognition, uploaded files were validated for supported format (PNG, JPG, JPEG, BMP) and successful
image decoding, with explicit rejection messages for unsupported or corrupted files. A lightweight image-
quality check computed brightness, contrast, a blur estimate (variance of the Laplacian), and the foreground-
pixel ratio after Otsu thresholding, issuing a non-blocking warning when quality indicators fell outside practical
ranges. The confidence-threshold and per-image confidence-label mechanisms described in Section 2.11
constitute the reliability layer implemented and evaluated in this study. No genuine-versus-computer-
generated handwriting classifier was implemented or evaluated in this work; this capability is identified as
future work in Section 3.14, and the implemented confidence indicator is explicitly not presented as a forensic
authenticity test.

3. Results and Discussion

3.1 Baseline CNN Training and Evaluation

The baseline CNN completed 20 epochs of training in 166.8 seconds, reaching a final-epoch training accuracy
0f 0.7841 and validation accuracy of 0.8521. On the untouched EMNIST Balanced test set, the baseline achieved
a test loss of 0.4442 and test accuracy of 0.8493.

3.2 EffiHCR-Net Training and Evaluation

EffiHCR-Net training triggered early stopping after 37 of 40 budgeted epochs (531.5 seconds), with a final-
epoch training accuracy of 0.8891 and validation accuracy of 0.8840. On the same untouched test set, EffiHCR-
Net achieved a test loss of 0.3289 and test accuracy of 0.8845, with macro-averaged precision, recall, and F1-
score of 0.8858, 0.8845, and 0.8838 respectively (weighted averages were numerically identical, reflecting the
perfectly balanced 400-sample-per-class test support). Figure 3 shows training and validation accuracy and
loss curves for both models; EffiHCR-Net reaches a higher validation accuracy than the baseline within
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approximately the first 10 epochs and both curves plateau without a widening train-validation gap, indicating
no strong evidence of overfitting under the applied dropout and early-stopping regime.
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Figure 3. Training versus validation accuracy (left) and loss (right) for the Baseline CNN and EffiHCR-
Net.

3.3 Model Comparison

Table 2 compares the two models on the metrics measured directly in the experimental record. EffiHCR-Net
improved test accuracy by 4.15% (relative) and reduced parameter count by 80.20%, but recorded a 16.50%
higher CPU inference latency (82.489 ms/image versus 70.809 ms/image, averaged over 100 repeated
predictions). This is a genuine, counter-intuitive but well-documented pattern: depthwise-separable
convolutions and channel-attention blocks reduce parameter count and floating-point operations by
factorizing computation into several smaller sequential steps, each of which carries fixed per-operation
overhead (memory access patterns, kernel-launch cost) that can outweigh the FLOP savings at the small scale
of this model, particularly on CPU. Parameter count is therefore not a reliable proxy for measured latency, and
this study reports wall-clock timing directly rather than inferring it from model size.

Metric Baseline CNN EffiHCR-Net
Test accuracy 0.8493 0.8845
Macro precision not computed per-class 0.8858
Macro recall not computed per-class 0.8845
Macro F1-score not computed per-class 0.8838
Parameters 426,799 84,519
Model size (MB) 4.953 1.088

CPU inference time (ms/image) 70.809 82.489

Table 2. Baseline CNN versus EffiHCR-Net on the EMNIST Balanced test set. Accuracy improvement
+4.15% (relative); parameter reduction +80.20%; CPU inference time +16.50% (EffiHCR-Net slower).

3.4 Confusion Matrix Analysis

Figure 4 shows the full 47-class confusion matrix for EffiHCR-Net on the test set. Table 3 lists the ten most
frequently confused class pairs, extracted programmatically from the matrix itself rather than assumed in
advance. Every listed pair corresponds to a well-documented, visually plausible confusion in the handwriting-
recognition literature — case pairs (F/f, S/5), digit-letter look-alikes (0/0,1/1,L/1,g/9,q/9, 2/Z) — indicating
that the model’s residual errors concentrate on genuinely ambiguous character shapes rather than arbitrary
misclassification.
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Figure 4. EffiHCR-Net confusion matrix on the EMNIST Balanced test set (47 classes).

)Actual —» Predicted Count Reverse direction Count
Fof 156 foF 100
L-1 142 1->L 84
0-0 139 0-0 106
q-9 114 9-q 38
[-1 99 1-1 51
g—>9 58 9-g 18
257 50 7 -2 10
g—q 44 qg-g 30
L-oI 42 [-L 38
S—>5 26 5-8S 22

Table 3. Ten most frequently confused character pairs, extracted directly from the confusion matrix.

3.5 Error Analysis

Figure 5 shows representative misclassified test images together with their true label, predicted label, and the
model’s (incorrect) confidence. Inspection of these examples is consistent with the confusion-matrix findings:
errors cluster around visually similar shapes (e.g., a poorly closed “9” resembling “q”), ambiguous or minimally-
formed strokes, and characters positioned close to a decision boundary between two classes. The experimental
record reports a total of 2,601 misclassified samples out of 18,800 (13.84% error rate) for this analysis. This
figure corresponds to an intermediate checkpoint of approximately 86.16% test accuracy captured earlier in
the experimental session, rather than the final 88.45%-accuracy model reported in Sections 3.2-3.4; the error-
analysis cell was not re-executed after the model was subsequently retrained with a longer epoch budget and
adjusted regularization. This discrepancy is reported transparently here rather than silently reconciled,
consistent with the experimental record.

tal misclassifiod test saeples: 2681 (ASES (11.94%

Evmr Anadysis — MIMCImRod Test Exampies
. . . .

Figure 5. Representative misclassified test images with actual label, predicted label, and confidence
(intermediate checkpoint; see note above).
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3.6 Ablation Study

To isolate the numerical contribution of the Squeeze-and-Excitation attention block from the contribution of
the training regime itself, an ablation model (“EffCNN, no attention”) was constructed using an identical
backbone to EffiHCR-Net — the same efficient convolutional stem, depthwise-separable residual block, and
second convolutional block — but without the attention block, and trained under the same regime as the final
EffiHCR-Net run (40-epoch budget, dropout 0.35, early-stopping patience 10, ReduceLROnPlateau patience 4).
Table 4 reports the three-way comparison. The no-attention variant alone recovered most of the improvement
over the original baseline (0.8493 — 0.8705), showing that the longer training schedule and regularization
tuning contributed substantially to the overall accuracy gain. Attention contributed a further, smaller but
genuine, +1.399 percentage points (0.8705 — 0.8845) at a cost of 4,728 additional parameters (a 5.9% increase
over the no-attention variant). This is consistent with the wider literature on lightweight channel attention,
where Squeeze-and-Excitation blocks typically yield small-to-moderate accuracy gains at low parameter cost
rather than large architectural breakthroughs [7].

Model Attention Parameters Test Accuracy
A: Baseline CNN No 426,799 0.8493
B: EffCNN, no attention No 79,791 0.8705
C: EffiHCR-Net Yes 84,519 0.8845

Table 4. Ablation study isolating the contribution of Squeeze-and-Excitation attention. Attention
contribution (C - B) = +1.399 percentage points.

3.7 Character Segmentation and Real-World Uploaded Image Results

A photographed handwriting sample reading “Machine Learning Based / Handwritten Character Recognition”
(two lines, cursive/joined script) was used to evaluate the complete uploaded-image pipeline. Image-quality
checks passed without warning (brightness 175.8, contrast 19.45, blur score 52.26, foreground ratio 0.0276).
Preprocessing completed in 1.8923 seconds; connected-component segmentation identified 2 lines and 47
character candidates in 0.0207 seconds (Figure 6).

Segmentation: 2 line(s), 47 character candidate(s)

MM\W]W@ LCQTﬁwajj %%@A

anA L&Y\r#@) Cl’de’@,}' ‘2’20036‘ '|£1 on)

Figure 6. Character segmentation result on the uploaded handwriting sample (2 lines, 47 character
candidates).

The isolated-character EffiHCR-Net pipeline produced an average per-character confidence of 75.01% (labelled
“Medium” reliability) and a raw recognized text of “??Ch?n? L?9?]?n] BG?? / H?ndw]?t?D Ch?r??e? R?W?]?77727”,
with dictionary correction (11.0337 seconds) making no changes, since the garbled tokens did not fall within
edit distance 2 of any valid dictionary word. For comparison, the same preprocessed line images were passed
to Tesseract, a classical open-source OCR engine [23], producing “a-ci|f|)) '} { 7. /*-” for line 1 and
“Bandurtter Character Recognition” for line 2 (recognition time 9.1808 seconds) — a partially legible but still
substantially incorrect result. The same original image was then passed to TrOCR, a pretrained Transformer-
based handwriting recognizer built on pretrained image and text Transformer encoders [29], [30], [24], which
produced “Machine Learning Based / Handwritten character Recognition” in 0.5430 seconds on GPU — correct
except for a single lowercase/uppercase discrepancy in “character”. Table 5 summarizes this three-way, same-
image comparison.
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Method Recognized Text Time (s)

EffiHCR-Net (character- ??Ch?n? L?79?]’n] BG?? / H’ndw]?t?D Ch?r??e? not consolidated in

segmentation) R?W?J?7277? record (see 3.9)

Tesseract (line-level OCR) a-ci|f]|))’}{7./*-/Bandurtter Character 9.1808
Recognition

TrOCR (Transformer HTR) Machine Learning Based / Handwritten character (0.5430
Recognition

Table 5. Same-image comparison of three recognition approaches on a photographed cursive
handwriting sample. Ground truth: “Machine Learning Based / Handwritten Character Recognition”.

This result illustrates the distinction, emphasized throughout this study, between three levels of performance:
(i) benchmark classification accuracy on isolated, pre-segmented EMNIST characters (Section 3.2); (ii)
character-level recognition when characters are extracted from a real uploaded image via automatic
segmentation (this section); and (iii) end-to-end text recognition of a full handwritten line or passage. EffiHCR-
Net’s strong Level-1 performance does not transfer to Level 2/3 performance on this cursive sample, because
connected-component segmentation cannot reliably separate continuously joined cursive strokes into
individual characters — a limitation consistent with the broader literature on segmentation-based handwriting
recognition [6]. TrOCR’s segmentation-free, line-level Transformer architecture is not subject to this failure
mode and produced a near-perfect transcription of the same image.

3.8 Dictionary Correction Analysis

For the uploaded-image sample reported in Section 3.7, dictionary-based correction made no changes to the
EffiHCR-Net raw output: none of the recognized tokens fell within the required edit-distance-2 threshold of a
valid dictionary word, so all tokens were left unmodified rather than being forced into a plausible-looking but
potentially incorrect word. This behavior is by design — the correction module is intended to fix minor
character-level errors in an otherwise largely correct recognition, not to reconstruct heavily garbled text —
and it is reported here as a faithful reflection of the recorded output rather than as a shortcoming of the
correction algorithm itself. Dictionary correction operates on already-produced text and does not alter the
classifier’s own accuracy, which is reported separately in Sections 3.2-3.4.

3.9 Efficiency Analysis

Table 6 consolidates the efficiency measurements reported across the experimental record. Preprocessing and
segmentation stages are fast relative to model inference and dictionary correction; dictionary correction, in
particular, was measured at 11.0337 seconds for the sample discussed above, substantially longer than
preprocessing or segmentation, reflecting the cost of per-word dictionary lookup and candidate-generation in
the current implementation. A single, consolidated end-to-end total-recognition-time figure for the final (letter-
mapped, retrained-model) run was not clearly captured as one value in the provided experimental record and
is therefore not reported as such here, consistent with the instruction not to substitute an estimated figure for
a measured one.

Stage Measured Time
Preprocessing (uploaded image) 1.8923 s
Character segmentation 0.0207 s
Dictionary correction 11.0337 s
Tesseract OCR (line-level, comparison) 9.1808 s

TrOCR (Transformer HTR, comparison) 0.5430 s (GPU)
EffiHCR-Net CPU inference (per EMNIST test image, 100-run average) 82.489 ms
Baseline CNN CPU inference (per EMNIST test image, 100-run average) 70.809 ms

Table 6. Consolidated timing measurements from the experimental record.

3.10 Comparison with Existing Studies

Table 7 places the present results alongside a small number of recently published studies identified during this
work. These comparisons are reported for context only and are not directly equivalent: the studies differ in
dataset, script/language, number of classes, and evaluation protocol, and cross-dataset accuracy comparisons
should not be interpreted as a ranking of methods.

Study Year |Dataset / Task Method Reported Result

This study 2026

EMNIST Balanced (47

classes)

Depthwise-separable
CNN + SE attention

88.45% test accuracy
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Study Year |Dataset / Task Method Reported Result
Fusing CNNs and 2025  [[FN/ENIT (Arabic Confidence-based fusion, [96.38% letter
Transformers (Arabic handwritten) EfficientNet-B7 + ViT-  |classification accuracy
script) B16
Integrating CNN and 2025  |Arabic CNN feature ensemble + [Not directly comparable
transformer printed/handwritten [ViT metric reported in the
architectures (Arabic) characters located source
Resource-Aware HTR (2026  |[EMNIST-Letters, IAM |Compact CNN (1.3M CER reduced from 14.8%
edge pipeline words, proprietary params) + augmentation, to 7.4% on the reported
corpus optional CNN-TrOCR |corpus; I[AM CER
hybrid 3.0%—2.7% with hybrid
stage
Table 7. Non-equivalent comparison with recently identified studies (different datasets/scripts;
context only).

3.11 Discussion

The experimental results indicate that a compact CNN combining depthwise-separable convolutions, a residual
connection, and Squeeze-and-Excitation attention can match or modestly exceed a substantially larger
conventional CNN on the EMNIST Balanced benchmark, while using approximately one-fifth of the parameters.
The ablation study clarifies that most of this improvement stems from the efficient backbone and training
regime, with attention contributing a smaller, genuine increment. The measured CPU-latency trade-off —
EffiHCR-Net is more accurate and far smaller, yet slower per prediction on this hardware — demonstrates that
parameter count is not a reliable substitute for measured inference time, and both should be reported together.
The real-world uploaded-image evaluation shows a consistent picture across the confusion matrix, error
analysis, and the same-image method comparison: EffiHCR-Net’s isolated-character design performs well on
isolated, pre-segmented characters but is substantially degraded on real, connected cursive handwriting,
whereas a pretrained Transformer-based recognizer handles the same input correctly. These findings support
treating benchmark classification accuracy, uploaded-image character recognition, and end-to-end text
recognition as three distinct levels of performance, as adopted throughout this study, rather than reporting a
single accuracy figure that would misrepresent the system’s real-world behavior.

3.12 Limitations

e A domain shift exists between EMNIST’s isolated, pre-centered characters and real, photographed
handwriting, which the uploaded-image results in Section 3.7 make explicit rather than obscure.

¢ Connected-component-based character segmentation is unreliable on genuinely joined or cursive
handwriting, as demonstrated on the evaluated sample.

¢ The dictionary-correction module depends on a general English word list and will not correctly handle
domain-specific terms, proper names, or non-English text.

e Several visually similar character pairs (0/0, 1/1/L, F/f,S/5, g/9/q) remain a persistent source of classifier
error, consistent with the confusion-matrix analysis.

¢ The confidence-based reliability indicator is a heuristic uncertainty signal derived from softmax confidence;
it is not a calibrated probability of correctness and is not a forensic test of whether handwriting is human-
generated.

¢ The error-analysis figures (Section 3.5) reflect an intermediate model checkpoint rather than the final
reported model, as noted; this discrepancy is disclosed rather than resolved by re-estimation.

¢ A single uploaded handwriting sample was used for the real-world evaluation reported here; broader
validation across multiple writers, scripts, and image-capture conditions would strengthen the generality of
the uploaded-image findings.

e No genuine-versus-computer-generated handwriting classifier was implemented; Objective 4’s
authenticity-differentiation component is addressed only through the confidence/uncertainty mechanisms
described.

3.13 Future Work

¢ Evaluation on connected/cursive-handwriting datasets such as IAM [16] or CVL, using word- or line-level,
segmentation-free recognition: Connectionist Temporal Classification decoding [14], CRNN-style CNN-RNN-
CTC architectures [15], dictionary-constrained word beam search decoding [17], or Transformer-based HTR
[24].

+ Extension to multilingual and non-Latin scripts, including Devanagari handwritten character recognition,
building on Vision Transformer-based image encoders [30] where appropriate.
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e Explainable-Al analysis using Grad-CAM [36], SHAP [37], or LIME [38] of the attention block’s learned
representations and of systematic confusion pairs.

e A properly trained and separately validated out-of-distribution or genuine-versus-synthetic handwriting
detector, building on established out-of-distribution and misclassification detection baselines [34] and
confidence-calibration methods [35], clearly separated from the character classifier, if this capability is
pursued.

¢ Model quantization [39] and edge/mobile deployment using efficient backbones such as MobileNets [9] or
EfficientNet [40], building on EffiHCR-Net’s reduced parameter count, with attention to the CPU-latency trade-
off identified in Section 3.3.

4. Conclusion

This study presented EffiHCR-Net, a compact convolutional neural network combining depthwise-separable
convolutions, a residual connection, and Squeeze-and-Excitation channel attention for handwritten character
recognition on the EMNIST Balanced benchmark. EffiHCR-Net achieved 88.45% test accuracy with an 80.20%
parameter reduction relative to a conventional baseline CNN, at the cost of a measured 16.50% increase in CPU
inference latency; an ablation study attributed a +1.40 percentage-point contribution specifically to the
attention mechanism, with the remainder of the improvement over the baseline attributable to the efficient
backbone and training regime. A complete preprocessing, segmentation, confidence-aware recognition, and
dictionary-correction pipeline was implemented and evaluated on a photographed real-world handwriting
sample, where the isolated-character segmentation approach produced substantially degraded output on
connected cursive script, while a pretrained Transformer-based recognizer (TrOCR) correctly transcribed the
same sample in a fraction of the time. These findings indicate that EffiHCR-Net is an efficient, accurate classifier
for isolated, well-segmented handwritten characters, but that character-segmentation-based pipelines are not,
by themselves, a reliable solution for recognizing real, connected handwriting, and that this limitation should
be addressed explicitly — for example through a segmentation-free recognizer — rather than assumed away
when reporting benchmark accuracy alone.
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