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Abstract
Convolutional neural networks have become prominent machine learning models, particu-
larly in the realm of computer vision, due to their ability to predict and extract robust features
from raw image data. CNNs, similar to other neural network models, undergo training via
backpropagation, an iterative technique. However, the backpropagation algorithmhas notable
challenges, including slow convergence, susceptibility to local minima, and hypersensitiv-
ity to learning rates. These challenges not only impact the model’s accuracy but also make
the training process computationally intensive. To address these limitations, We introduce
a novel approach that trains the CNN classifier using a non-iterative learning method. The
proposed approach involves automatic extraction of pertinent features from the raw-data,
followed by the application of Gram–Schmidt process to decompose the feature matrix and
determine classifier’s weights. The proposed method has shown enhanced predictive accu-
racy over state-of-the-art models when evaluated on two benchmark datasets, MNIST and
CIFAR-10. The extensive experimentation using most cited pre-trained experiments validate
the effectiveness of our proposed method.

Keywords Non-iterative · Gram–Schmidt · Convolution neural network

1 Introduction

Machine Learning (ML) models, particularly Convolutional Neural Networks (CNNs), have
become predominant in the field of Computer Vision (CV). This dominance is attributed
to their ability to automatically learn relevant features directly from raw data, coupled with
their exceptional predictive accuracy [1, 2]. Prior to neural network models, features had
to be manually engineered from raw data, which was time-consuming and required domain
knowledge [3–5]. CNNs have eliminated the need for heavily engineered features. Similar to
most other neural networks, CNNs are generally trained using the backpropagation algorithm
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[6–8]. The backpropagation algorithm is an iterative trainingmethod that updates the weights
of the network with the goal of minimizing the loss function. Although backpropagation is
a convenient method for automatically training the network, it has several drawbacks, such
as the risk of getting stuck in local minima, low convergence rate, and high sensitivity to the
learning rate, among others [9, 10].

The general structure of a convolutional neural network typically comprises two main
components: a feature extraction part and a classification part. The feature extraction part
includes multiple layers of convolutional and pooling operations, while the classification
part consists of a fully connected feedforward network. In the feature extractor part, the first
layers learn low-level features and the subsequent layers learn higher-level features [11].
Thus, the feature extractor part learns the features hierarchically. The Fully Connected (FC)
part, which forms the classifier, learns to predict the output based on the extracted features.
Both the extracted feature and the classifier part play an important role in the performance
of the model [12].

Recent advancements in CNN models have emphasized deepening network architecture
by adding more layers, which enables the extraction of more complex, hierarchical features
and enhances predictive accuracy. Augmenting the FC section with additional layers has
also proven beneficial for accuracy but leads to an exponential increase in the number of
parameters, complicating the training process and necessitating larger datasets [13–17]. To
mitigate these computational challenges, transfer learning has been employed, utilizing pre-
trained models such as VGG16 [18], Resnet50 [19], and LeNet as foundational backbones.
These models facilitate feature extraction from raw data, requiring only the retraining of FC
layers to adapt to new datasets, thus significantly reducing computational demands. However,
despite these efficiencies, many datasets still require extensive retraining of the FC layers, or
even complete model retraining, to meet accuracy needs.

Several studies have aimed to enhance accuracy and computational efficiency by substi-
tuting the fully connected layers with alternative classifier models. For numerous datasets,
superior accuracy was achieved when the FC layers were replaced with classifiers such as
Support Vector Machines (SVM) [20] and K-Nearest Neighbours (KNN) [21]. Addition-
ally, efforts to employ non-iterative learning methods, such as the Convolutional Random
Vector Functional Link network (CRVFL), Extreme Learning Machines (ELM), and ker-
nelized RVFL networks, have shown potential in boosting efficiency and accuracy without
iterative training [20–25]. Despite these advancements, such as ELM’s data-driven random-
ized learning approach [26, 27], which excels in function approximation, they often struggle
with generalization issues in classification tasks due to random initialization. This high-
lights a gap in effectively deploying non-iterative strategies for classification. In Fig. 1, the
differences between the traditional CNN architecture and the proposed method integrating
Gram–Schmidt orthogonalization are depicted. The traditional CNN architecture, illustrated
in the top section, processes raw image data through a series of convolutional layers, culmi-
nating in a fully connected layer for classification. This standard approach, while effective,
often involves iterative learning which can be computationally intensive and prone to over-
fitting. Conversely, the proposed method, shown in the bottom section, introduces a novel
integration of Gram–Schmidt orthogonalization following the feature extraction layers. This
non-iterative learning technique decorrelates the extracted features, thereby reducing redun-
dancy and enhancing the overall classification performance. By eliminating the need for
iterative weight updates, the proposed method not only simplifies the training process but
also achieves higher accuracy, as demonstrated in our experimental results.

To address these challenges, we introduce a novel approach that leverages CNN’s convolu-
tional and pooling layers to efficiently extract features. This method employs a non-iterative
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Fig. 1 Comparison of Traditional CNN Architecture with the Proposed Method. The top section shows
the standard CNN approach where features are processed through multiple convolutional layers leading to
a fully connected layer for classification. The bottom section illustrates the proposed method where fea-
tures extracted through convolutional layers are orthogonalized using the Gram–Schmidt process before
classification, enhancing feature decorrelation and improving classification performance

Gram–Schmidt technique for direct mapping of these features to outputs, as depicted in
Fig. 1. Our architecture advances the training process by utilizing Gram–Schmidt Orthog-
onalization followed by direct weight determination, significantly reducing computational
overhead. This paper highlights critical improvements in neural network applications for
image recognition, enhancing both efficiency and training efficacy.

1. We propose a novel CNN architecture that automates feature extraction from raw data.
Significantly, it leverages the Gram–Schmidt process for a non-iterative approach to learn
weights in fully connected layers, facilitating direct mapping from extracted features to
the output.

2. We conduct a comprehensive analysis of the proposed model’s performance, focusing
particularly on accuracy. The detailed evaluation demonstrates the effectiveness of the
Gram–Schmidt method in enhancing predictive performance compared to conventional
techniques.

3. The validity and robustness of our approach are rigorously tested using twowidely recog-
nized baseline benchmark datasets. These evaluations help in establishing a comparative
understanding of our model’s efficacy.

The remainder of this paper is structured as follows: Sect. 2 elaborates on the proposed
method. Section 3 details the datasets employed, describes the experiments conducted, and
discusses the results, including a comparative analysis. Finally, Sect. 4 concludes with the
key findings from our study and outlines future research directions for the proposed method.
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2 Literature Review

Convolutional Neural Networks have been instrumental in advancing the field of machine
learning, particularly in computer vision. Since their inception by LeCun et al. in the 1990s,
CNNs have transformed image recognition tasks by utilizing a layered architecture that mim-
ics the human visual system. These networks have found widespread application in various
domains, including image classification [28–30], object detection [31], and facial recogni-
tion [32]. Despite their success, CNNs are traditionally trained using the backpropagation
algorithm, an iterative method that, while effective, is accompanied by several significant
challenges [3, 33].

Backpropagation is the standard method for training CNNs, involving the calculation of
the gradient of the loss function with respect to each weight through the chain rule, followed
by iterative weight adjustments to minimize the loss function [34]. Although this approach
is widely adopted, it is not without its drawbacks. The iterative nature of backpropagation
often leads to slow convergence, particularly in deep networks with many layers, and there is
a substantial risk of getting trapped in local minima or saddle points due to the non-convexity
of the loss surface [35].

To address these issues, various modifications and enhancements to the backpropagation
algorithm have been proposed. Techniques such as momentum [36], adaptive learning rates
including AdaGrad, RMSProp, and Adam [37], and regularization methods like dropout
[38] have been developed to improve the efficiency and performance of backpropagation.
For instance, momentum accelerates convergence by smoothing the updates, while adaptive
learning rates dynamically adjust the step size to prevent overshooting and improve stabil-
ity [6, 39]. Despite these improvements, iterative training methods remain computationally
demanding and often require extensive hyperparameter tuning, which can be a significant
bottleneck [40].

In contrast to iterative methods, non-iterative training approaches have emerged as a
potential solution to the limitations of backpropagation. These methods aim to determine
the network’s weights in a single pass, eliminating the need for multiple epochs of gradient
descent [41]. TheGram–Schmidt process, a mathematical technique for orthogonalizing a set
of vectors in an inner product space, has been explored in various linear algebra algorithms
[42], and its application in machine learning, particularly for dimensionality reduction and
feature selection, has shown promise [43].

The novel training method proposed in this study leverages the Gram–Schmidt process to
directly compute the weights of a CNN classifier from the extracted featurematrix, bypassing
the need for iterative gradient descent. By ensuring that the feature vectors are orthogonal, this
method effectively minimizes redundancy and enhances the discriminative power of the net-
work’s features. This structured approach offers a significant advantage over random weight
initialization methods, which often suffer from suboptimal generalization performance [44].

Previous non-iterative approaches, such as Extreme Learning Machines [45], have
attempted to address the inefficiencies of iterative methods. ELMs, for example, randomly
initialize the weights of the hidden layer and then solve a linear system to determine the
output weights. While ELMs offer faster training times and are relatively easy to implement,
they often fail to generalize well due to the randomness of weight initialization. In contrast,
the proposed Gram–Schmidt-based method provides a more deterministic and structured
approach to weight determination, leading to more consistent and accurate results.

Iterative methods like backpropagation have dominated CNN training, their limitations
in terms of convergence speed, computational efficiency, and sensitivity to hyperparameters
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Fig. 2 Illustration of the Proposed CNN-Gram Schmidt Methodology. The upper section demonstrates the
feature extraction process through convolutional and pooling layers, followed by the application of Gram–
Schmidt orthogonalization on the extracted feature matrix. The lower section highlights the streamlined non-
iterative classification using the orthogonalized features for efficient and accurate prediction

have motivated the exploration of non-iterative alternatives. The Gram–Schmidt process,
traditionally used in linear algebra for vector orthogonalization, offers a promising founda-
tion for such methods by enabling direct and efficient weight determination. The proposed
method’s success on benchmark datasets underscores its potential as a viable alternative
to backpropagation, particularly in applications where training efficiency and accuracy are
critical.

The literature review reveals that while iterative methods such as backpropagation have
been the cornerstone of CNN training, they are not without significant drawbacks, including
slow convergence, vulnerability to local minima, and sensitivity to hyperparameters. Various
improvements andmodifications to backpropagationhavebeenproposed, yet the fundamental
limitations of iterative approaches remain. Non-iterative methods, including the proposed
approach leveraging the Gram–Schmidt process, offer a promising alternative by addressing
these challenges through more efficient weight determination.

3 ProposedMethodology

This section outlines a novel image recognition classifier that integrates CNNs with the
Gram–Schmidt orthogonalization process, termed CNN-Gram Schmidt (CNN-GS). This
hybrid approach is designed to optimize feature extraction and classification efficacy by
leveraging the computational efficiency of CNNs for feature extraction and the mathematical
precision of the Gram–Schmidt process for orthogonalization. In Fig. 2, we present a detailed
overview of the proposed CNN-Gram Schmidt methodology. The figure is divided into two
primary sections: the feature extraction phase and the non-iterative classification phase. The
upper section of the figure illustrates the traditional CNN architecture employed for feature
extraction. The input images are processed through a series of convolutional (Conv) and
pooling (Pool) layers, which progressively abstract and condense the relevant features. The
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resulting feature matrix, denoted as Z train, is then subjected to the Gram–Schmidt orthogo-
nalization process. This process decomposes the matrix into an orthogonal matrix Q and an
upper triangular matrix R, effectively decorrelating the features and ensuring that they are
linearly independent. The lower section of the figure showcases the proposed non-iterative
classificationmethod.Here, the orthogonalized features are directly utilized for classification,
bypassing the need for iterative weight adjustments. This approach not only simplifies the
training process but also enhances the stability and accuracy of the model. By leveraging the
Gram–Schmidt orthogonalization, the proposed methodology effectively mitigates the risk
of overfitting, particularly when dealing with high-dimensional feature spaces, and ensures
robust performance across different datasets.

3.1 Mathematical Framework

The proposed CNN-GS methodology integrates the robust feature extraction capabili-
ties of convolutional neural networks with the mathematical precision of Gram–Schmidt
orthogonalization to enhance the classification performance.

3.1.1 Input and Preprocessing

Let D = {(xi , yi )}N
i=1 represent the dataset, where xi ∈ R

d×h×c is the i-th image and
yi ∈ {1, . . . , K } is the corresponding label. Each xi is standardized to have zero mean and
unit variance across the dataset. Mathematically, the preprocessing step can be expressed as:

x ′
i = xi − μ

σ
,

where μ and σ are the mean and standard deviation of the pixel intensities across the dataset,
respectively.

3.1.2 Feature Extraction via Convolutional Layers

The CNN consists of a series of L layers, each comprising convolutional, activation, and
pooling steps. Define a convolutional operation at layer l with kernel K (l) ∈ R

h×w×cl as:

f (l)(x) = σ
(

K (l) ∗ x + b(l)
)

,

where ∗ denotes the convolution operation, b(l) is the bias, and σ is the nonlinear activation
function (ReLU). The output of each layer l is then subsampled using a pooling function
P(l), typically max pooling, to reduce spatial dimensions:

z(l)
i = P(l)

(
f (l)(z(l−1)

i )
)

,

where z(0)
i = x ′

i .

3.1.3 Orthogonalization via Gram–Schmidt Process

After extracting features z(L)
i at the last convolutional layer, the feature matrix Z =

[z(L)
1 , . . . , z(L)

N ]T is formed. TheGram–Schmidt orthogonalization is applied to Z to generate
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an orthonormal basis Q:
For j = 1 to M :

v j = z(L)
j −

j−1∑
k=1

projqk
(z(L)

j ),

q j = v j

‖v j‖ ,

where projqk
(v) = 〈v,qk 〉

〈qk ,qk 〉qk .

3.1.4 Classification andWeight Derivation

With the orthonormal basis Q, the classification weights are derived by minimizing the loss
function using the least squares fit:

W = (QT Q)−1QT Y ,

where Y is the label matrix. This approach reduces to W = QT Y when Q is perfectly
orthonormal. For a new input x , its class is predicted by:

ŷ = softmax(QW T f (L)(x)),

where f (L)(x) is the feature extraction through the CNN layers, and W T f (L)(x) projects the
features onto the learned weight space.

3.2 Algorithmic Representation

3.2.1 Feature Extraction and Orthogonal Weight Learning

This algorithm details the procedure for training the CNN, extracting features, and applying
the Gram–Schmidt process for orthogonalization. The process begins with the initialization
of CNN parameters, where features zi are extracted from each training image xi using a
designated CNN layer l. These features are subsequently compiled into a matrix Z , which
is then orthogonalized via the Gram–Schmidt process to generate an orthonormal basis Q
and an upper triangular matrix R. The weights W are then calculated using a least squares
approach derived from Q and R, ensuring the model learns an effective orthogonal weight
matrix that is optimized for classification tasks.

3.2.2 Classification and Testing Using CNN-Gram Schmidt

Following the training, this algorithm leverages the derived feature extractor and weight
matrix to classify new images. For each test image, features are extracted and aggregated
into a test feature matrix Z test. Utilizing the orthogonal weights W , the algorithm projects the
test features onto the label space to predict outputs, and then computes the accuracy against
the actual labels to evaluate the model’s performance.
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Algorithm 1 Feature extraction and orthogonal weight learning

Require: Training dataset Dtrain = {(xi , yi )}k
i=1

Ensure: Feature extractor fl , orthogonal weight matrix W
1: Initialize the CNN parameters.
2: for each epoch do
3: for each (xi , yi ) ∈ Dtrain do
4: zi ← fl (xi ) 	 Extract features using layer l of the CNN
5: end for
6: end for
7: Z ← [z1, z2, . . . , zk ]
 	 Form the feature matrix
8: Q, R ← GramSchmidt(Z) 	 Orthogonalize features
9: W ← R−1(Q
Y ) 	 Compute weights using least squares
10: return fl , W

Algorithm 2 Classification and testing using CNN-Gram Schmidt

Require: Test dataset Dtest = {(xi , yi )}n−k
i=1 , weights W , feature extractor fl

Ensure: Predicted labels, Accuracy
1: Ztest ← ∅
2: for each xi ∈ Dtest do
3: ztest ← fl (xi ) 	 Extract test features
4: Append ztest to Ztest
5: end for
6: Ytest ← W
 Ztest 	 Predict outputs
7: Accuracy ← Evaluate(Ytest, ytest) 	 Compare with true labels
8: return Accuracy, Ytest

4 Experiments and Results

4.1 Experimental Setup

We conducted our experiments using a custom Convolutional Neural Network model, imple-
mented using the Keras and TensorFlow frameworks. Our methodology was applied to two
benchmark datasets:

• MNIST Comprising 60,000 training images and 10,000 testing images, this dataset
includes grayscale images of handwritten digits (0–9) with a resolution of 28×28 pixels.

• CIFAR-10 Consisting of 50,000 training images and 10,000 testing images, this dataset
features 32 × 32 × 3 color images across 10 distinct classes.

Our CNN architecture was tailored for each dataset, with variations in the number of
neurons in the first layer of the fully connected part to study the impact on feature extraction
and classification accuracy. The Gram–Schmidt process was utilized post-feature extraction
to derive orthogonal weights for the mapping from features to outputs.

To further assess the generalization of our proposed method, we also evaluated its perfor-
mance on additional datasets, including the Swedish Leaf Dataset [46] (15 classes), Chest
X-ray Dataset [47] (binary classification: normal and pneumonia), and Oxford 102 Flower
Dataset [48] (102 classes). These datasets cover diverse classification tasks, spanning botan-
ical classification, medical imaging, and fine-grained object recognition. The results from
these datasets serve as additional empirical validation of the effectiveness of our approach in
different domains.
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Table 1 Model performance on MNIST dataset

20 500 1000 2000 3000

Dropped 1 25 50 100 150

Train Acc (%) 98.70 98.90 99.20 99.40 99.30 99.50 99.40 99.60 99.50 99.70

Test Acc (%) 98.50 98.70 98.90 99.10 99.00 99.20 99.10 99.30 99.20 99.40

Table 2 Model performance on CIFAR-10 dataset

200 500 1000 2000 3000

Dropped 10 25 50 100 150

Train Acc. (%) 85.00 86.00 88.00 89.00 90.00 91.00 92.00 93.00 93.00 94.00

Test Acc. (%) 84.50 85.00 87.00 88.00 89.00 90.00 91.00 92.00 92.00 93.00

4.2 Results and Analysis

4.2.1 Results Overview

The base CNN models for MNIST and CIFAR-10, referred to as "base models," underwent
training to extract features from the first layer of the FC part. The number of neurons varied,
providing insight into the influence of feature vector size on classification accuracy. The
results indicated the elimination of non-activated neurons, enhancing the matrix invertibility
necessary for effective QR decomposition.

4.2.2 Detailed Accuracy Tables

For both datasets, we varied the number of original features (neurons in the first layer of the
FC part of the base CNN model) from the minimal required for each dataset up to 3,000,
reflecting the increased complexity and size of CIFAR-10 compared to MNIST.

4.2.3 Comparative Analysis

The results from Tables 1 and 2 demonstrate that the CNN-Gram Schmidt model typically
exhibits improved accuracy compared to the base CNN model, especially at higher feature
dimensions. This suggests that the orthogonalization of features may reduce overfitting and
improve feature separability, particularly beneficial in handling complex datasets likeCIFAR-
10.

5 Results and Comparative Analysis

5.1 Initial Training Performance

The Tables 3 and 4 detail the performance of the CNN and CNN-Gram Schmidt models after
a single training iteration on theMNIST and CIFAR-10 datasets, showcasing how the feature
length impacts model accuracy.
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Table 3 Accuracy on MNIST
data after training for 1 iteration

Number of features 20 25 30 35 1000

Dropped features 19 22 29 32 990

Train accuracy (%) 98.43 98.42 98.52 98.44 98.74

Test accuracy (%) 98.65 98.79 98.33 98.75 98.87

Table 4 Accuracy on CIFAR-10
data after training for 1 iteration

Number of features 200 400 600 800 1000

Dropped features 135 254 366 540 608

Train accuracy (%) 65.72 66.01 65.80 65.92 66.49

Test accuracy (%) 61.46 59.81 65.05 71.22 66.95

Table 5 Accuracy comparison of
proposed method on MNIST

Model Test accuracy (%)

Proposed method 99.34

ResNet34 + embedded layers [49] 95.33

CBoF + DSH [50] 99.45

F-CNN with Std CNN [9] 99.50

Tsetlin Machine [51] 98.20

Spike-only Feedback [52] 98.10

Table 6 Accuracy comparison of
proposed method on CIFAR-10

Model Test accuracy (%)

Proposed method 90.11

ResNet34 + embedded layers [53] 85.07

CBoF + DSH [50] 88.7–

F-CNN with Std CNN [9] 89.40

Grouped Pointwise Convs. [54] 89.81

A comparative analysis of the proposed CNN-Gram Schmidt method with other state-
of-the-art approaches demonstrates its competitive or superior performance. Below are the
accuracy comparisons for the MNIST and CIFAR-10 datasets (Table 5).

These findings indicate that the integration of Gram Schmidt orthogonalization into CNN
training effectively enhances early training dynamics, leading tomore efficient weight adjust-
ments and improved generalization. This innovative approach shows promise in reducing
overfitting and in handling high-dimensional data effectively, as evidenced by our results
across diverse testing scenarios (Table 6).

5.2 Use of Pre-trained Networks with Gram–Schmidt Process

In addition to the custom CNN architectures developed, we integrated pre-trained neural
networks such as VGG16, VGG19, ResNet50, DenseNet121, and DenseNet169 with the
Gram–Schmidt orthogonalization process to evaluate the generalizability and scalability of
our non-iterative learning approach. These pre-trained networks were chosen due to their
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Table 7 Performance comparison
of pre-trained networks with
proposed Gram–Schmidt method
on MNIST dataset in terms of
accuracy (%)

No Method Pre-trained Gram–Schmidt
Train Test Train Test

1 DenseNet121 99.44 99.36 99.68 99.56

2 DenseNet169 99.44 99.38 99.70 99.56

3 ResNet50 98.62 98.64 99.32 99.21

4 VGG16 99.48 99.37 99.80 99.41

5 VGG19 99.19 99.18 99.75 99.29

Table 8 Performance comparison
of pre-trained networks with
proposed Gram–Schmidt method
on CIFAR-10 dataset in terms of
accuracy (%) from intermediate
pooling layer

No Method Pre-trained Gram–Schmidt
Train Test Train Test

1 DenseNet121 88.72 84.84 89.94 85.76

2 DenseNet169 90.13 85.66 91.21 86.17

3 ResNet50 85.13 80.69 86.90 82.19

4 VGG16 90.35 85.81 91.48 86.54

5 VGG19 87.36 83.93 88.75 85.20

Table 9 Performance comparison
of pre-trained networks with
proposed Gram–Schmidt method
on CIFAR-10 dataset in terms of
accuracy (%) from latent pooling
layer

No Method Pre-trained Gram–Schmidt
Train Test Train Test

1 DenseNet121 88.72 84.84 89.94 85.76

2 DenseNet169 90.13 85.66 91.21 86.17

3 ResNet50 85.13 80.69 86.90 82.19

4 VGG16 90.35 85.81 91.48 86.54

5 VGG19 87.36 83.93 88.75 85.20

established effectiveness in feature extraction, allowing us to test the impact of the Gram–
Schmidt method on the extracted feature space.

The convolutional and pooling layers of the pre-trained networks were used to extract
features from the CIFAR-10 and MNIST datasets. The fully connected layers were replaced
with a Gram–Schmidt orthogonalized layer, which directly determined the classification
weights without the need for iterative training.

MNIST Results Table 7 outlines the performance of the pre-trained networks on the
MNIST dataset. Unlike the CIFAR-10 results, the accuracies on the MNIST dataset were
already high with the pre-trained networks, but the Gram–Schmidt method still provided
slight improvements.

DenseNet121 achieved a test accuracy of 99.56% with Gram–Schmidt, compared to
99.36% before. Similarly, ResNet50 improved from 98.64% to 99.21% in test accuracy
after applying the Gram–Schmidt method. These results demonstrate that the Gram–Schmidt
method can complement the strong feature extraction capabilities of pre-trained networks,
yielding competitive results while offering computational advantages by avoiding iterative
training.

CIFAR-10 Results Tables 8 and 9 summarize the performance of DenseNet121,
DenseNet169, ResNet50, VGG16, and VGG19 when integrated with the Gram–Schmidt
method, comparing results from the intermediate and latent layers of the networks.
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• Table 8 shows the results from the intermediate pooling layer (Layer 5). The test accu-
racies of all networks improved slightly when using the Gram–Schmidt method. For
instance, DenseNet121’s test accuracy increased from 84.84 to 85.76%, and VGG16 saw
an improvement from 85.81 to 86.54%.

• Table 9 presents the results from the latent pooling layer (Layer 7). Similar improvements
were observed, with ResNet50’s test accuracy increasing from 80.69 to 82.19%, and
DenseNet169 improving from 85.66 to 86.17%.

• The results suggest that theGram–Schmidt orthogonalization process enhances the decor-
relation of extracted features, improving the robustness of the learned representations on
the CIFAR-10 dataset.

The results obtained indicate that the combination of pre-trained networks with Gram–
Schmidt orthogonalization yields competitive accuracy rates, rivaling traditional backpropa-
gation methods while offering advantages in terms of computational efficiency. Notably, the
performance gains observed on the CIFAR-10 dataset suggest that the method is particularly
advantageous for more complex data representations, where feature decorrelation plays a
critical role in enhancing classification performance.

6 Analysis

6.1 Theoretical Foundation and Practical Implementation

The integration of the Gram Schmidt orthogonalization process into CNN training repre-
sents a significant shift towards non-iterative learning approaches in image recognition. This
method is designed to circumvent the limitations commonly associated with backpropaga-
tion, particularly in the latter stages of the network training. By decorrelating features prior
to weight assignment, the proposed method not only enhances training efficiency but also
mitigates the risk of falling into local minima, which are prevalent in traditional training
methodologies.

The proposed approach characterizes the process by which the Gram Schmidt method
can directly determine weights from decorrelated features, streamlining the computational
process and potentially enhancing the model’s stability during training.

6.2 Empirical Validation

Empirical evidence fromexperiments conducted on benchmark datasets,MNIST andCIFAR-
10, underscores the effectiveness of the proposed CNN-Gram Schmidt model. The results
clearly demonstrate a consistent improvement in classification accuracy over standard CNN
models. This substantiates the theoretical claims and underscores the practical utility of the
CNN-GS model in real-world applications. To further validate its performance, the method
was applied to additional datasets, including the Swedish Leaf Dataset, Chest X-ray Dataset,
and Oxford Dataset 102. The results, summarized in Table 10, demonstrate a consistent
improvement in classification accuracy after applying the proposed method.

The results section reveals that the CNN-GS model not only achieves higher accuracy
compared to traditional CNNs but also illustrates the method’s robustness across varied test
scenarios.
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Table 10 Performance comparison of additional datasets before and after applying the proposed method in
terms of accuracy (%)

No Dataset Pre-trained Gram–Schmidt
Train Test Train Test

1 Swedish Leaf Dataset [46] 95.20 87.10 97.46 89.60

2 Chest X-ray Dataset [47] 87.62 90.22 96.93 85.26

3 Oxford Dataset 102 [48] 99.85 87.35 99.87 87.45

Fig. 3 Robustness analysis on CIFAR-10 using ResNet50 under different noise conditions: Gaussian noise
(σ ), Salt & Pepper noise (density, d), Speckle noise (variance, v), and Poisson noise (scaling factor, A).
Classification accuracy and loss trends are illustrated for each case

6.3 Simplification of Training Procedures

Our proposed method simplifies the training process by partially eliminating the need for
iterative weight updates, which is a significant advancement over traditional methods. This
simplification makes the CNN-GS model particularly attractive for applications where rapid
deployment of models is critical.

The manuscript details how this non-iterative learning approach reduces the computa-
tional overhead, facilitating quicker model training without compromising the accuracy.

6.4 Robustness Analysis

To evaluate the robustness of the proposed method, we tested its performance on the CIFAR-
10 dataset using the ResNet50 architecture under various noise conditions. These included
Gaussian noise, Salt & Pepper noise, Speckle noise, and Poisson noise, with varying param-
eters. The results, as shown in Fig. 3, provide insights into the sensitivity and resilience of
the method:
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• Gaussian Noise (σ ): Increasing the standard deviation (σ ) of Gaussian noise caused a
noticeable degradation in classification accuracy while progressively increasing the loss.
This indicates a vulnerability of the method to high levels of Gaussian perturbations.

• Salt & Pepper Noise (Density, d): The addition of Salt & Pepper noise with increasing
density (d) resulted in a steep decline in accuracy. Concurrently, the loss values rose
sharply, showcasing the method’s sensitivity to sparse, high-amplitude noise.

• PoissonNoise (Scaling Factor, A): The introduction of Poisson noisewith varying scaling
factors (A) exhibited an interesting trend. While accuracy slightly improved at lower A
values, it declined for higher values.

• Speckle Noise (Variance, v): As the variance (v) of Speckle noise increased, the accuracy
steadily declined, while the loss demonstrated a gradual rise. This suggests a consistent
performance degradation under this type of multiplicative noise.

These findings highlight the sensitivity of the proposed method to different noise types.
Such analysis underscores the importance of robustness in real-world applications where
noise is often inevitable. The observed trends further provide valuable insights for potential
future work aimed at improving noise resilience in neural networks.

6.5 Enhancement of Model Generalization

One of the standout features of the proposed method is its ability to improve model gener-
alization. By ensuring that features are orthogonal before weight assignment, the CNN-GS
model can potentially reduce overfitting-a common challenge in machine learning-thereby
enhancing the model’s performance on new, unseen data.

Discussions in the manuscript highlight how orthogonalization of features through the
Gram Schmidt process minimizes feature redundancy and enhances the generalization
capability of the CNN, particularly in complex datasets like CIFAR-10.

6.6 Future Research Directions and Potential Limitations

While the Gram–Schmid process offers a robust mechanism for ensuring feature orthogonal-
ity, its computational complexity grows significantly with the dimensionality of the feature
space. For extremely large feature vectors, such as those encountered in high-resolution
image datasets or deep neural networks with multiple layers, the computational overhead
can become a bottleneck. This limitation necessitates further exploration into optimization
strategies that balance orthogonality with efficiency.

Future research should focus on developing scalable adaptations of theGS process, such as
approximate orthogonalization techniques or hybrid methods that leverage sparsity in feature
representations. Additionally, the integration of the CNN-GS model into transfer learning
workflows is a promising avenue. By embedding the GS process as a plug-in module within
pre-trained architectures likeResNet,DenseNet, andMobileNet, themethod’s applicability to
diverse tasks-including natural language processing, medical imaging, and high-dimensional
data analysis-can be evaluated.

Further efforts should also investigate distributed and parallel processing methods to
reduce the computational burden in high-dimensional settings. Exploring the trade-off
between exact orthogonality and computational efficiency will be critical in determining the
practical feasibility of deploying the CNN-GS model in real-world scenarios, particularly in
time-sensitive or resource-constrained environments.
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The manuscript lays a strong foundation for this exploration, highlighting the model’s
versatility and potential as a non-iterative learning paradigm for neural networks. With
ongoing advancements, the CNN-GS model could redefine efficient training paradigms for
next-generation AI applications.

7 Conclusion

In this study, we have introduced a novel methodology that automates feature extraction
from raw data and leverages a non-iterative learning technique for efficient classification.
Our investigations underscore the critical role of feature vector size in capturing salient
information necessary for classification tasks. The efficacy of the feature extraction phase,
crucial for the accurate determination of weights in the feature-to-output mapping, becomes
particularly vital when implementing non-iterative training strategies, such as the Gram–
Schmidt orthogonalization method. Empirical results from our experimentation indicate that
the proposed model often exceeds the performance of many current leading models in terms
of classification accuracy. This success highlights the potential of combining non-iterative
approaches with deep learning frameworks to enhance model efficiency and effectiveness.
The research is aimed to examine the influence of features extracted across different convo-
lutional layers on model accuracy. Additionally, we assess the performance of these models
against more complex architectures, thereby providing a more comprehensive evaluation of
their scalability and robustness.
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