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I. INTRODUCTION 
Handwritten digit recognition is one of the most popular problems in the field of computer vision and 

pattern recognition, as it is not only a useful tool for postal automation and bank cheque processing and for 
form digitisation but it is also a good testbed for the evaluation of feature extraction and classification 
techniques [1] [2]. Several decades of methodological advances have occurred on the MNIST dataset, which 
consists of 70,000 greyscale images of handwritten digits with a resolution of 28 x 28 pixels, ranging from 
classical feature engineering pipelines to modern deep learning approaches based on convolutional 
architectures [3]. Although deep learning approaches today can almost match humans on MNIST, there are 
still significant applications for classical pipelines based on hand-crafted features and interpretable 
dimensionality reduction in resource-limited settings, applications where model transparency is crucial, and 
as pedagogical tools to understand the relationship between feature quality and classifier performance [4] [5]. 

ABSTRACT 
This paper extends a prior study on J2 criterion feature compression for 
handwritten digit recognition by investigating three enhancement 
directions identified as future work: spatial pyramid extension of Local 
Binary Patterns, the effect of training set size on compression quality, 
and multi-descriptor feature fusion incorporating Scale Invariant 
Feature Transform features. The baseline pipeline extracts hand-crafted 
features, compresses them into a nine-dimensional discriminant 
subspace using a from-scratch implementation of the J2 criterion, and 
classifies the result using a Support Vector Machine and Linear 
Discriminant Analysis. Spatial Pyramid Local Binary Pattern encoding 
raises the accuracy of texture-only recognition from 56.25 percent to 
92.70 percent by preserving the spatial arrangement of local texture that 
a global histogram discards. A data scaling study across 5,000 to 60,000 
training samples shows that recognition accuracy improves from 94.15 
percent to 96.75 percent while the J2 criterion value remains 
approximately stable, confirming that the compression quality is largely 
data-volume independent for a fixed number of classes. A triple-
descriptor fusion combining Spatial Pyramid Local Binary Pattern, 
Histogram of Oriented Gradients, and Scale Invariant Feature 
Transform Bag of Words features achieve the highest accuracy of 97.30 
percent with the largest J2 value of 38.17, demonstrating that the three 
descriptors carry complementary discriminative information. The results 
validate the J2 compression framework as an effective and scalable 
dimensionality reduction approach across all tested feature 
configurations. 
Keywords: Handwritten Digit Recognition, J2 Criterion, Spatial 
Pyramid, Local Binary Pattern, Histogram of Oriented Gradients, Sift, 
Feature Fusion, Support Vector Machine, Dimensionality Reduction. 
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In a previous work, a classical recognition pipeline was defined, which included the use of Local 
Binary Pattern and Histogram of Oriented Gradients feature extraction methods along with a Support Vector 
Machine and Linear Discriminant Analysis classifiers, and implemented the feature compression using the J2 
criterion from scratch. That work showed that the J2 criterion, based on Fisher's discriminant analysis [6] [7] 
is effective in projecting high dimensional feature vectors into a compact nine dimensional discriminant 
subspace in such a way that the class-relevant structure is retained. The study found that Local Binary Pattern 
(LBP) features are inferior to Histogram of Oriented Gradients (HOG) features, with recognition accuracy of 
56.25 percent versus 95.55 percent for digit recognition, and that the best accuracy of 95.95 percent was 
achieved using a concatenated LBP and HOG (LBPhog) descriptor. Four directions for further research were 
suggested in the previous work, and the present paper systematically addresses three of them. 

The first drawback of the baseline Local Binary Pattern (LBP) descriptor is that it constructs a single 
global histogram of an image's texture information, thereby losing all spatial arrangement information [8]. 
Two totally different digits can have similar global texture histograms, because their local neighbourhood 
distributions are similar, which is why the baseline descriptor does not distinguish well. Lazebnik et al. [9] 
overcame this by dividing the image into increasingly finer spatial pyramids and computing a histogram for 
each cell, which provides a spatial representation of local texture features for scene classification. By applying 
this principle to Local Binary Patterns, the spatial information important for digit-class separation can 
significantly improve the accuracy of digit recognition [10]. 

The second direction is on the effect of training set size on the quality of J2 compression and 
classification accuracy. The number of training samples in the training partition was deliberately reduced to 
10,000 in the baseline study to eliminate the impact of large-scale training samples on feature quality. 
However, the scaling behaviour of the J2 criterion value was not described by the number of training data. It 
is important to understand this relationship because the J2 criterion estimates scatter matrices from the training 
data and the stability of the estimate as a function of the number of samples dictates the reliability of the 
compression under conditions of limited training data during deployment [11]. 

The third direction is the introduction of a third complementary feature descriptor. To complement the 
dense texture and gradient features of the baseline, the Scale Invariant Feature Transform [12] is used to detect 
and describe local keypoints in scale- and rotation-invariant ways, and their aggregation is represented as a 
histogram of Bag-of-Words [13] [14]. Multi-descriptor fusion has consistently been shown to be effective at 
boosting recognition accuracy compared to a single descriptor, as it combines information from different 
levels of abstraction [15] [16]. 

This paper makes the following contributions. Then, a Spatial Pyramid Local Binary Pattern (SPLP) 
descriptor is proposed and demonstrated to achieve 92.70 percent recognition accuracy on texture-only 
images, thereby reducing the performance gap between texture-only and gradient-based descriptors to a 
minimum. Second, a systematic data-scaling study across four training set sizes characterises the relationships 
among training set size, the J2 criterion value, and recognition accuracy. Third, a fusion of spatial pyramid 
local binary pattern, histogram of oriented gradients, and scale-invariant feature transform bag-of-words 
features achieves the best reported accuracy of 97.30 per cent. The J2 compression stage, the Support Vector 
Machine, and the Linear Discriminant Analysis classifier remain the same throughout, as they were in the 
baseline study for a controlled and fair comparison. The remainder of this paper is organised as follows. The 
proposed methodology and each feature descriptor is described in Section 2. The result of the experiments and 
discussion are presented in section 3. The paper ends with the conclusions presented in section 4 and future 
work underway. 

II. PROPOSED METHODOLOGY 
The proposed recognition pipeline retains the three-stage structure of the baseline study: feature 

extraction, feature compression using the J2 criterion, and classification. The present work extends the feature 
extraction stage with two new descriptors, a Spatial Pyramid Local Binary Pattern and a Scale Invariant 
Feature Transform Bag of Words, and introduces a triple-descriptor fusion configuration. The compression 
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and classification stages are carried over unchanged to enable a controlled comparison. Fig. 1 illustrates the 
overall pipeline architecture. 
Fig. 1: OVERALL ARCHITECTURE Of THE PROPOSED RECOGNITION PIPELINE. THE FEATURE 
EXTRACTION STAGE IS EXTENDED WITH SPATIAL PYRAMID LBP AND SIFT BAG OF WORDS 
DESCRIPTORS, WHILE THE J2 COMPRESSION AND CLASSIFICATION STAGES ARE CARRIED 
OVER UNCHANGED FROM THE BASELINE STUDY. 
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A. Baseline Feature Descriptors 
The baseline Local Binary Pattern (LBP) descriptor [8] encodes local texture by comparing each 

pixel with its circular neighbourhood of P equally spaced sampling points at radius r. For a central pixel with 
intensity pc, the LBP code is computed as 

LBP(P, r) = Σ s(pᵢ − pᴄ) × 2ⁱ ,   s(x) = 1 if x ≥ 0, else 0          (1) 
where the summation runs over the P neighbours. The uniform variant is used, producing an 18-

dimensional normalised histogram at P = 16 and r = 2. The Histogram of Oriented Gradients (HOG) 
descriptor [15] captures the local distribution of gradient orientations over a spatial grid of cells, producing a 
324-dimensional feature vector for a 28 by 28 image with 7 by 7 pixel cells, 9 orientation bins, and 2 by 2 
block normalisation. 
B. Spatial Pyramid Local Binary Pattern 

The principal weakness of the global LBP histogram is that it discards all spatial information by 
aggregating texture codes across the entire image. The proposed Spatial Pyramid Local Binary Pattern (SP-
LBP) descriptor addresses this by adopting the spatial pyramid matching principle [9]. The LBP code map is 
first computed for the whole image. The map is then partitioned into a set of grids at multiple pyramid 
levels, and a separate normalised LBP histogram is computed for each cell. The per-cell histograms are 
concatenated to form the final descriptor. 
Let L denote the set of pyramid levels. At level ℓ, the image is divided into ℓ × ℓ non-overlapping cells. The 
total number of cells across all levels is 

N_cells = Σ ℓ²  for ℓ ∈ L          (2) 
and the final feature dimension is (P + 2) × N_cells. With pyramid levels L = {1, 2, 3}, the number 

of cells is 1 + 4 + 9 = 14, and the resulting descriptor has dimension 18 × 14 = 252. This preserves the 
spatial arrangement of local texture patterns while retaining the illumination robustness of the underlying 
LBP operator. Algorithm 1 summarises the extraction procedure. 
Algorithm 1: Spatial Pyramid LBP Feature Extraction 

Input: image I (28×28), points P, radius r, levels L = {1, 2, 3} 
Output: feature vector f 
1:  M ← uniform_LBP(I, P, r)          // compute LBP code map 
2:  f ← empty list 
3:  for each level ℓ in L do 
4:      (ch, cw) ← (H/ℓ, W/ℓ)          // cell height, width 
5:      for r = 0 to ℓ−1 do 
6:          for c = 0 to ℓ−1 do 
7:              cell ← M[r·ch:(r+1)·ch, c·cw:(c+1)·cw] 
8:              h ← histogram(cell, P+2 bins) 
9:              h ← h / (sum(h) + ε)      // L1 normalise 
10:             append h to f 
11: return concatenate(f)             // dimension (P+2)×Σℓ² 



 

 

JOURNAL OF ENGINEERING AND COMPUTATIONAL 
INTELLIGENCE REVIEW (JECIR) 

ISSN (Online): 3105-4811 ISSN (Print): 3106-969X 
Volume 4, Issue 1, 2026 

https://jecir.com/ 

Title: Machine Learning for Handwritten Digit Recognition: Enhancing J2 Criterion Feature 
Compression with Multi-Descriptor Fusion 

179 

C. SIFT Bag of Words Descriptor 
The Scale Invariant Feature Transform (SIFT) [12] detects local keypoints and describes each by a 

128-dimensional gradient orientation histogram that is invariant to scale and rotation. Because the number of 
detected keypoints varies per image, the descriptors are aggregated into a fixed-length representation using 
the Bag of Words model [13], [14]. A visual vocabulary of K = 80 words is first learned by clustering the 
SIFT descriptors extracted from a subset of the training images using mini-batch K-means. Each image is 
then represented by a normalised histogram over the K visual words 

hₖ = (1 / N) Σ δ(assign(dᵢ) = k),   k = 1, ..., K          (3) 
where N is the number of keypoints in the image, dᵢ is the i-th SIFT descriptor, and assign(•) returns 

the index of the nearest visual word. The resulting 80-dimensional histogram provides a keypoint-based 
representation that is complementary to the dense texture and gradient descriptors. 
D. Multi-Descriptor Fusion 

To exploit the complementary nature of the three descriptors, feature-level fusion is performed by 
concatenating the individual feature vectors prior to compression. Two fusion configurations are evaluated: 
a triple fusion of baseline LBP, HOG, and SIFT Bag of Words with dimension 18 + 324 + 80 = 422, and a 
full fusion of SP-LBP, HOG, and SIFT Bag of Words with dimension 252 + 324 + 80 = 656. In both cases 
the concatenated vector is standardised and then compressed by the J2 criterion to a nine-dimensional 
discriminant subspace. 
E. J2 Criterion Feature Compression 

The J2 criterion, carried over unchanged from the baseline study, is a supervised dimensionality 
reduction method rooted in Fisher’s discriminant analysis [6], [7]. Given a labelled training set, two scatter 
matrices are computed: the within-class scatter matrix Sw and the between-class scatter matrix Sb: 

Sᵥᵥ = Σᴄ Σᵢ∈ᴄ (xᵢ − μᴄ)(xᵢ − μᴄ)ᵀ          (4) 
Sᵇ = Σᴄ nᴄ (μᴄ − μ)(μᴄ − μ)ᵀ          (5) 

where μc is the mean of class c, μ is the global mean, and nc is the number of samples in class c. The 
J2 criterion value quantifies class separability as 

J₂ = trace(Sᵥᵥ⁻¹ Sᵇ)          (6) 
Maximising J2 leads to the generalised eigenvalue problem Sw⁻¹ Sb w = λ w, whose top C − 1 = 9 

eigenvectors form the projection matrix that maps each feature vector to a nine-dimensional discriminant 
representation. A principal component analysis pre-processing step retaining 98 percent of variance is 
applied to high-dimensional descriptors to ensure the within-class scatter matrix is well-conditioned before 
inversion. 
F. Classification 

Two classifiers are evaluated on the compressed features, both carried over unchanged from the 
baseline. The Support Vector Machine (SVM) [17] uses a radial basis function kernel with regularisation 
parameter C = 10 and a one-versus-rest multi-class strategy. Linear Discriminant Analysis (LDA) [11] 
provides a computationally efficient linear classifier that is well matched to the J2-compressed subspace, 
which is designed to maximise linear separability. Table I summarises the feature configurations and their 
dimensionalities. 

Table 1: FEATURE CONFIGURATIONS AND THEIR DIMENSIONALITIES BEFORE AND 
AFTER J2 COMPRESSION 

Feature Configuration Type Original Dim J2 Dim 
LBP Texture (global) 18 9 

SP-LBP Texture (spatial) 252 9 
HOG Gradient 324 9 

SIFT-BoW Keypoint 80 9 
LBP+HOG Fusion (baseline best) 342 9 

LBP+HOG+SIFT Fusion (triple) 422 9 
SP-LBP+HOG+SIFT Fusion (full) 656 9 
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Table 2: EXPERIMENTAL CONFIGURATION USED ACROSS ALL REPORTED EXPERIMENTS. 
Parameter Value 
Test set size 2,000 samples 

LBP points / radius P = 16, r = 2 
SP-LBP pyramid levels L = {1, 2, 3} (14 cells) 
HOG cells / orientations 7×7 px, 9 bins 

SIFT vocabulary size K = 80 visual words 
J2 target dimension 9 (C − 1) 

SVM kernel / C RBF, C = 10 
Random seed 42 

III. RESULTS AND DISCUSSION 
All experiments use a fixed test set of 2,000 samples drawn from MNIST, and the J2-compressed 

nine-dimensional feature space is used throughout to allow a direct and fair comparison. Results are 
organised into three experiments corresponding to the three enhancement directions. 
A. Experiment 1 Spatial Pyramid LBP 

Fig. 2 compares the recognition accuracy and J2 criterion value of the baseline LBP, the proposed 
SP-LBP, and the reference HOG descriptor. The baseline global LBP achieves only 56.25 percent accuracy 
with an SVM, reflecting the poor class separability of the 18-dimensional global histogram with a J2 value 
of 4.01. The proposed SP-LBP achieves accuracy of 92.70 percent with an SVM and 91.60 percent with 
LDA, while increasing the J2 value by more than threefold to 15.04. This confirms that preserving the 
spatial arrangement of local texture recovers the majority of the discriminative information lost by global 
aggregation, closing most of the gap with HOG's 95.55 percent accuracy. 
Fig. 2: COMPARISON OF BASELINE LBP, SPATIAL PYRAMID LBP, AND HOG FEATURES. LEFT: 
RECOGNITION ACCURACY FOR SVM AND LDA CLASSIFIERS. RIGHT: J2 CRITERION VALUE 
BY FEATURE TYPE. SP-LBP RAISES ACCURACY FROM 56.25 PERCENT TO 92.70 PERCENT BY 

ENCODING SPATIAL TEXTURE ARRANGEMENT. 

 
 

Table III reports the exact accuracy values. The 36.45 percentage-point improvement from LBP to SP-LBP 
is the largest gain observed in this study, demonstrating that the spatial pyramid extension is a highly 
effective, low-cost enhancement to the texture descriptor. 
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Table 3: EXPERIMENT 1 RESULTS: ACCURACY OF BASELINE LBP, SP-LBP, AND HOG WITH J2 
COMPRESSION. 

Feature J2 Value SVM Acc. (%) LDA Acc. (%) 
LBP (baseline) 4.01 56.25 54.95 

SP-LBP (proposed) 15.04 92.70 91.60 
HOG (reference) 23.92 95.55 94.60 

B: Experiment 2: Effect of Training Set Size 
Fig. 3 shows the relationship between training set size, J2 criterion value, and SVM accuracy using 

HOG features. As the training set grows from 5,000 to 60,000 samples, recognition accuracy increases 
steadily from 94.15 percent to 96.75 percent, a gain of 2.60 percentage points. Notably, the J2 criterion 
value remains approximately stable across all four training sizes, varying only between 23.59 and 24.42. 
This is an important finding: it confirms that the J2 criterion value is largely independent of training data 
volume for a fixed number of classes, and that the accuracy improvement from additional data arises 
primarily from better classifier boundary estimation rather than from improved compression quality. 

Fig. 3: EFFECT OF TRAINING SET SIZE ON J2 VALUE AND SVM ACCURACY USING HOG 
FEATURES. Accuracy rises from 94.15 PERCENT AT 5,000 SAMPLES TO 96.75 PERCENT AT 60,000 

SAMPLES, WHILE THE J2 VALUE REMAINS APPROXIMATELY STABLE, INDICATING THAT 
COMPRESSION QUALITY IS LARGELY DATA-VOLUME INDEPENDENT. 

 
Table 4: Experiment 2 results: J2 value and SVM accuracy versus training set size (HOG features). 

Training Size J2 Value SVM Accuracy (%) 
5,000 24.42 94.15 

10,000 23.92 95.55 
30,000 23.91 96.45 
60,000 23.59 96.75 

C. Experiment 3: Multi-Descriptor Fusion 
Fig. 4 compares the accuracy of the individual and fused descriptors under J2 compression and SVM 

classification. The SIFT Bag of Words descriptor alone achieves only 67.60 percent accuracy, reflecting the 
sparsity of keypoints detected on small 28 by 28 digit images. However, when combined with the other 
descriptors, SIFT contributes complementary information. The baseline LBP+HOG fusion achieves 95.95 
percent, while adding SIFT to form the triple LBP+HOG+SIFT fusion yields a marginally lower 95.75 
percent, indicating that baseline LBP and SIFT overlap in the information they contribute. The full fusion of 
SP-LBP+HOG+SIFT achieves the highest accuracy of 97.30 percent with the largest J2 value of 38.17, an 
improvement of 1.35 percentage points over the previous best result of 95.95 percent from the baseline study. 
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Fig. 4: FEATURE FUSION COMPARISON UNDER J2 COMPRESSION AND SVM 
CLASSIFICATION. THE FULL FUSION OF SP-LBP, HOG, AND SIFT BAG OF WORDS ACHIEVES 

THE HIGHEST ACCURACY OF 97.30 PERCENT, DEMONSTRATING THAT THE THREE 
DESCRIPTORS CARRY COMPLEMENTARY DISCRIMINATIVE INFORMATION. 

 
Table 5 summarises all fusion configurations. The monotonic increase of the J2 value from 26.20 for 

the baseline fusion to 38.17 for the full fusion confirms that the addition of spatially-encoded texture and 
keypoint information progressively increases class separability. The full fusion result of 97.30 percent 
validates the central hypothesis that the three descriptors are complementary, with SP-LBP capturing 
spatially-arranged texture, HOG capturing global stroke geometry, and SIFT capturing scale-invariant 
keypoint structure. 

Table 5: Experiment 3 results: accuracy and J2 value for individual and fused feature descriptors 
Configuration Dim J2 SVM (%) LDA (%) 

SIFT-BoW 80 6.45 67.60 64.45 
LBP+HOG (baseline) 342 26.20 95.95 95.60 

LBP+HOG+SIFT 422 30.73 95.75 95.85 
SP-LBP+HOG+SIFT 656 38.17 97.30 97.00 

D. Discussion 
The results in the three experiments are consistent in several ways: First, the J2 criterion value is a 

reliable indicator of the recognition accuracy for all the feature configurations: higher J2 value is directly 
proportional to the recognition accuracy ranging from 56.25 percent for baseline LBP to 97.30 percent for the 
full fusion. Second, spatial information is important for texture descriptors, as is seen by the dramatic 
improvement from global LBP to spatial pyramid LBP. Third, feature fusion is helpful if the descriptors 
describe complementary information, but not if the descriptors have overlapping information, such as 
LBP+HOG and LBP+HOG+SIFT. In all experiments, SVM is marginally better than LDA, with the difference 
decreasing as feature space quality increases, as this was found in the baseline study to be nearly linearly 
separable in the J2-compressed subspace. 

One of the drawbacks of this current study is the lack of evaluation on the EMNIST data, as was 
suggested in the baseline paper under the fourth future-work direction. During experimentation, the EMNIST-
Digits partition has been found to be unavailable in the public repository and is thus left as an open task for 
future research. The other three directions have all been resolved, and the fusion configuration has been used 
to achieve a new best accuracy of 97.30 percent in the J2 compression framework. 

IV. CONCLUSION AND FUTURE WORK 
This paper extended our previous work on feature compression for handwritten digit recognition based 

on the J2 criterion, outlining three directions for future work. A Spatial Pyramid Local Binary Pattern (SPLBP) 
descriptor was proposed and found to improve texture-only recognition accuracy from 56.25 percent to 92.70 
percent by preserving the spatial structure of local texture, which is lost in a global histogram, thereby reducing 
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most of the gap between texture and gradient-based features. The J2 criterion value is roughly equal across all 
cases, and a data-scaling study from 5,000 to 60,000 training samples showed that accuracy improved from 
94.15 % to 96.75 %, with no significant effect on compression quality as the training data volume was varied 
for a fixed number of classes. The most accurate fusion result is the triple fusion of Spatial Pyramid Local 
Binary Pattern, Histogram of Oriented Gradients and Scale Invariant Feature Transform Bag of Words features 
which performed with highest accuracy of 97.30 percent with the highest J2 value of 38.17 which is 1.35 
percent better compared to the best accuracy obtained previously, thereby confirming the complementary 
nature of the three descriptors used. The from scratch J2 compression and the Support Vector Machine along 
with the Linear Discriminant Analysis classifier were kept the same throughout to allow for a controlled 
comparison. 

There are a number of directions for future research. The most immediate is testing the proposed 
framework on the EMNIST dataset to verify generalisation to a different population of writers, which could 
not be performed in the present study due to the dataset's limited availability. Additional directions are the 
exploration of learned pooling strategies which can be used instead of the fixed spatial pyramid grid, 
incorporating denser keypoint sampling to boost the SIFT descriptor on small images further, extending the 
J2 framework to a kernelised formulation, which can model more non-linear class boundaries, and the 
application of the complete pipeline to more challenging real-world handwriting datasets with additional 
sources of difficulty, including font variation, background texture and stroke degradation. 
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