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Abstract: Image classification in data-limited environments presents a significant challenge, as collect-
ing and labeling large image datasets in real-world applications is often costly and time-consuming.
This has led to increasing interest in developing models under data-constrained conditions. This pa-
per introduces the Feature Optimization and Dropout in Genetic Programming (FOD-GP) framework,
which addresses this issue by leveraging Genetic Programming (GP) to evolve models automatically.
FOD-GP incorporates feature optimization and adaptive dropout techniques to improve overall
performance. Experimental evaluations on benchmark datasets, including CIFAR10, FMNIST, and
SVHN, demonstrate that FOD-GP improves training efficiency. In particular, FOD-GP achieves up to
a 12% increase in classification accuracy over traditional methods. The effectiveness of the proposed
framework is validated through statistical analysis, confirming its practicality for image classification.
These findings establish a foundation for future advancements in data-limited and interpretable
machine learning, offering a scalable solution for complex classification tasks.

Keywords: genetic programming (GP); feature optimization; dropout; image classification
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1. Introduction

Image classification has garnered significant attention in recent years, especially in
fields such as healthcare, medical diagnostics, and automated surveillance, where accu-
rate and efficient systems are critical [1-4]. Advances in technology have enabled the
development of advanced methods in image classification. Traditionally, research focused
on designing algorithms to extract meaningful features from images to achieve accurate
classification [5-7]. However, with the advent of deep learning, particularly Convolutional
Neural Networks (CNNs), the process has become automated, allowing models to learn
complex patterns directly from raw image data [8,9]. While CNNs have achieved state-of-
the-art performance in many applications, they typically require large labeled datasets to
train effectively [10]. In data-intensive fields such as medical diagnostics, generating large
labeled datasets is often costly and time-consuming, requiring expert annotations [11].

To address this issue, there has been a growing interest in developing data-limited
classification models [12]. These models aim to reduce their reliance on large datasets
while maintaining high accuracy. Recent efforts, such as the VIPriors challenge [13],
have highlighted the need for novel approaches that can perform well in data-limited
scenarios. Specifically, researchers have developed various novel approaches for scenarios
that prohibit the use of pre-trained models and transfer learning, compelling them to
explore alternative strategies for enhancing data efficiency. Despite these advances, the
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challenge of balancing data efficiency with model performance remains, as many data-
limited models fail to generalize effectively to unseen data.

This study proposes the Feature Optimization and Dropout in Genetic Programming
(FOD-GP), a novel approach that address the challenges of generalization and data ef-
ficiency in image classification. FOD-GP integrates feature optimization and adaptive
dropout into the GP-based Evolutionary Deep Learning (GPEDL) framework, enabling
models to evolve and handle data-limited scenarios more effectively. By incorporating
feature optimization, we aim to enhance model efficiency by selecting the most relevant fea-
tures and reducing redundancy, which is crucial in high-dimensional datasets. Additionally,
adaptive dropout is employed as a regularization technique to improve performance dur-
ing the evolutionary process. Our approach leverages the flexibility of GP to dynamically
evolve models for data-limited scenarios. Our key contributions are as follows:

1.  Feature optimization process: we introduce a feature optimization process within the
GP framework to reduce redundant features and improve model performance.

2. Adaptive dropout techniques: we incorporate adaptive dropout techniques within GP
nodes to enhance the generalization capabilities of the evolved models in
data-limited scenarios.

3. Comprehensive evaluation on benchmark datasets: we conduct a rigorous evaluation
of our approach on well-known benchmark datasets—including CIFAR10, FMNIST,
and SVHN-comparing its performance with existing GPEDL method through statisti-
cal analysis.

We organize the remainder of this paper as follows: Section 2 introduces GPEDL
framework and details the structure, terminals, and function of the proposed FOD-GP.
Section 3 describes the experimental design and results comparing the performance of
FOD-GP with the existing method. Finally, Section 4 summarizes the key contributions and
the significance of the proposed approach.

2. Materials and Methods

In this section, we introduce the existing GPEDL approach and detail the structure,
terminals, and function sets of the Feature Optimization and Dropout in Genetic Program-
ming (FOD-GP) framework. Additionally, we provide a comprehensive introduction to the
feature optimization layer and adaptive dropout techniques.

2.1. GPEDL: Genetic Programming-Based Evolutionary Deep Learning

Genetic Programming (GP) is an evolutionary algorithm that leverages the principles
of natural selection to automatically generate complex solutions. GP offers flexibility by
utilizing tree structures to evolve solutions with variable depth, enabling adaptation to
different problems and data types [14]. Models in GP evolve over generations, refining
individuals through operations such as selection, crossover, and mutation. Like deep
learning, GP automates the learning of models using complex operators, which has led
to increased interest in GP as a form of Evolutionary Deep Learning (EDL). GP-based
EDL methods, which automatically evolve variable-length models, have demonstrated the
potential to outperform traditional deep learning models that rely on fixed neural network
architectures [15,16].

Research is actively exploring the application of GP-based EDL to image classification
tasks [15-19]. A notable advancement in this field is the GP-based Evolutionary Deep
Learning (GPEDL) framework, introduced by Bi et al. [15]. GPEDL integrates GP with deep
learning-inspired techniques to evolve interpretable, flexible models that perform well in
data-constrained environments. By constructing models that can be either shallow or deep,
GPEDL can learn a variety of features from both color and grayscale images. It performs
effective transformations on input data through internal nodes, allowing for robust feature
extraction. GPEDL has demonstrated superior performance in several data-limited image
classification tasks compared to traditional deep learning methods.
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While GPEDL improves both interpretability and data efficiency, there are still op-
portunities to enhance its performance further. In this work, we build on the GPEDL
framework by incorporating feature optimization and adaptive dropout techniques. Fea-
ture optimization enhances the model'’s efficiency, accuracy, and interpretability by selecting
relevant features, which is crucial in high-dimensional data environments where irrelevant
or redundant features can negatively impact model performance [20,21]. As the complexity
of data increases, the need for robust feature optimization methods becomes even more
critical. By integrating these techniques into the GP framework, we aim to improve the
model’s ability to effectively manage feature vectors, ensuring better performance and
generalization in data-limited environments.

In addition to feature optimization, dropout is a widely used regularization technique
in both neural networks and evolutionary algorithms that prevents overfitting by randomly
omitting neurons during training. Dropout has proven powerful in improving model
generalization and robustness [22]. For example, the Dropout Genetic Algorithm (DGA)
combines genetic algorithms with dropout to minimize generalization errors, especially
in small datasets [23]. This study demonstrated the effectiveness of DGA in improving
model robustness and performance. To the best of our knowledge, dropout has not yet
been applied to GP-based Evolutionary Deep Learning (EDL) frameworks. Building
on the success of dropout in neural networks and evolutionary algorithms, we propose
incorporating adaptive dropout techniques into the nodes within GP.

2.2. FOD-GP Structure

The FOD-GP structure consists of six different layers, which are divided into core and
adaptive. Figure 1 illustrates the structure of FOD-GP, offering insight into feature optimization.

| Ensemble | | | Core Feature Optimization
7'y
f———-
1 I Adaptive Augmentation Reduction
- -
Classification | 2T
| R [T { O
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_"w» Feature Optimization
- - —m———— - 7
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Figure 1. The structure of the Feature Optimization and Dropout in Genetic Programming (FOD-GP)
framework, highlighting the distinction between core and adaptive layers. The right section illustrates
the process of feature optimization utilizing feature augmentation and reduction.

¢  Core layers: The core layer is an essential component in FOD-GP, responsible for
ensuring the transformation of data types during the classification of raw images.
Within each individual, all four core layers must exist for each path from the terminal
node to the root node representing the raw image.

-  Image layer: This initial core layer consists of terminal nodes, each representing
a single channel of the image. It is responsible for selecting the channel of the
image data and forwarding it to subsequent layers.

—  Feature extraction layer: The second core layer extracts meaningful features from
the image data. It transforms complex pixel data into a simplified feature vector,
which is essential for reducing data dimensions and facilitating subsequent steps.
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- Classification layer: The third core layer utilizes classifiers to perform the actual
classification tasks. This crucial decision-making component takes the feature vec-
tor from the previous layer and assigns classification labels to each input image.

-  Ensemble layer: The final core layer utilizes the majority-voting technique to
combine the outcomes of multiple classifiers, thereby enhancing the robustness
and accuracy of the ultimate prediction.

Adaptive layers: Adaptive layers provide flexibility and enhance data quality. These
layers can be applied multiple times or omitted entirely as needed. Unlike core layers,
adaptive layers are not essential components because they do not change the data
type. Figure 2 illustrates an example tree of the FOD-GP framework, demonstrating
the flexibility of adaptive layers. The tree has two image nodes with different paths.
Both paths contain one core layer of each of the four types, but the number of adaptive
layers varies. The blue path 1 skips the image filtering layer entirely and applies
the feature optimization layer twice to iteratively enhance the features. In contrast,
the green path 2 applies the image filtering layer twice to enhance the input image
and applies the feature optimization layer once. This example highlights the flexible
application of adaptive layers based on specific needs.

—  Image filtering layer: The image filtering layer executes various image processing
techniques, such as normalization, resizing, and augmentation. These techniques
facilitate better feature extraction in subsequent layers by transforming exist-
ing pixel values with filters that enhance important features and reduce noise
in images.

—  Feature optimization layer: The feature optimization layer dynamically manages
and enhances the feature set through augmentation or reduction of the feature
vectors generated in the previous layer, as illustrated in Figure 1. Augmentation
consists of two techniques. The first is concatenation, which enriches the data
by merging multiple feature vectors. The second technique is cascading, which
enhances the features by integrating the prediction results of the classifier with the
feature vector [15]. Reduction controls the feature space using feature selection
techniques. By removing less relevant features, it prevents indiscriminate expan-
sion caused by augmentation and enhances data quality. The proper combination
of augmentation and reduction allows the model to work with relevant data,
improving accuracy and efficiency, and plays an important role in managing and
optimizing feature vectors. As a result, this enhances the performance of the
classification layer.

Generic operators: We use two genetic operators, subtree crossover and mutation,

to generate new offspring from the parents. Subtree crossover selects two parents and
determines which subtrees to exchange. Since there are six types of layers in our proposed
method, we exchange subtrees by selecting two parent nodes from the same layer. Subtree
mutation selects a single parent and replaces a subtree with an arbitrary subtree that has
the same layer type as the parent node.

Fitness evaluation: Fitness evaluation is designed to improve classification accuracy.

It is performed using 2-fold cross-validation. After calculating the classification accuracy
for each test set, the average of these accuracies is used as the fitness value. This process is
defined as shown in Figure 3.

Acci + Accy

” _
fitness >

1)
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Figure 2. An example of a tree in the FOD-GP framework. The tree represents the flexibility of the
adaptive layers through two different paths.
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Figure 3. The process of fitness evaluation.

2.3. Adaptive Dropout Implementation in FOD-GP

In addition, we investigated the possibility of applying dropout techniques, tradi-
tionally used in neural networks, to improve generalization in GP. Dropout prevents the
model from relying excessively on specific patterns by randomly deactivating nodes during
training to enhance generalization [24]. However, in FOD-GP, the standard dropout method
interfere with the essential structures due to the unique layered design.

Our proposed adaptive dropout techniques are specifically designed for FOD-GP.
Within this framework, core layers are essential for preserving the model’s stability. Imple-
menting dropout in these core layers may cause instability. To address this issue, adaptive
dropout is applied only to adaptive layers, as described in Algorithm 1. During training,
if a random value for an adaptive layer is below the threshold, the node is deactivated,
allowing the input data to be transferred without being changed to subsequent layers. In
all other cases, nodes operate normally, thereby improving the model’s adaptability and
generalization ability.
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Algorithm 1 Adaptive dropout algorithm
Require: f > Function to be applied
Require: X > Input data for f
Require: 7’ < 0.2 > Dropout rate

1: if training process then

2: if f is part of adaptive layer then
3 r <— random value from [0, 1]
4 if r < v’ then
5: return X
6 end if
7 end if

8: end if

9: return f(X)

We selected a dropout rate of 0.2 after testing various rates on the CIFAR10(8) to
evaluate its impact. The tests, repeated five times for each rate (0.1, 0.2, 0.3, and 0.4),
showed the following results: a rate of 0.1 achieved a maximum accuracy of 31.60% (mean:
30.27%), 0.2 achieved a maximum of 34.15% (mean: 31.09%), 0.3 achieved a maximum of
33.33% (mean: 29.75%), and 0.4 achieved a maximum of 31.38% (mean: 28.59%). Based on
these results, a dropout rate of 0.2 was selected as it provided the best performance.

Figure 4 shows an example of how adaptive dropout works. This model contains five
adaptive layers, to which dropout is applied selectively. In four of these layers, the random
values exceed the thresh hold, enabling them to operate normally. However, the random
value for the Sobel node, r4, is below the threshold, leading to the deactivation of Sobel. As
a result, the output from the Lab node bypasses Sobel and is transmitted directly to LBP.
This mechanism mitigates the model’s dependence on the nodes within the adaptive layer,
thereby improving its ability to generalize in data-limited environments.

7 =0.6>0.2 7, =03>02

e
[ Red ]—b[ SIFT ]—»L E‘E J—VL E_l\ﬂ J

7=08>02 17,=01<02 75 =0.4>02

Figure 4. Example of adaptive dropout application in the FOD-GP framework. In this instance, there
are five adaptive layers, each with a corresponding random value (r). The Sobel node is deactivated
as its random value (r4 = 0.1) is below the dropout threshold of 0.2. This results in the direct
transmission of Lap’s output to LBP, bypassing Sobel.

2.4. Terminal

The terminal nodes used in the GP trees for our proposed approach are listed in
Table 1. The CIFAR10 and SVHN image datasets consist of three distinct channels: red,
green, and blue. The color channels represent the basic elements of colors in an image,
where each pixel’s color is composed of varying ratios of these primary colors. In addition
to this scheme, we use a grayscale channel. As a result, the channel terminal has four values
in total—three original channels and the grayscale channel. Each channel terminal node
independently selects one of these four channels as input, allowing each individual to
extract features from multiple channels across multiple terminal nodes. Conversely, in
grayscale image dataset, channel nodes only take grayscale channel as input. The num
terminal is newly added in this work and refers to the desired output size when using the
feature selection function. It defines how many features are to be retained in the output
after the feature selection process. This terminal helps manage the dimensionality of the
data, ensuring that the most relevant features are preserved while reducing noise and
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redundancy. The values for this terminal are set to 1, 3, 5, 10, and 30, providing flexibility
in feature optimization. The ¢ terminal represents the standard deviation used in various
Gaussian-based functions such as Gau, GauD, Gau_Con, and GauD_Con. It defines the
spread of the Gaussian function and can vary within the range of 1 to 3. This parameter is
crucial for controlling the extent of smoothing or blurring applied to the image data. The 0;
and o, terminals represent the order of each axis for the GauD and GauD_Con functions,
ranging from 0O to 2. These orders specify the degree of the derivative applied along each
axis, influencing edge detection and texture analysis processes. The 0 terminal specifies
the orientation for the Gabor and Gabor_Con functions. The values range from 0 to 7, with
each value multiplied by 7t/8, enabling different orientations of the Gabor filters to capture
various directional features in the image. The f terminal indicates the spatial frequency
for the Gabor and Gabor_Con functions. The values range from 2 to 6, each representing an
exponent of 1/+/2. This terminal helps detect patterns and textures at various scales within
the image. The n terminal represents the number of trees in the Random Forest (RF) and
Extremely Randomized Trees (ERF) functions. The values range from 50 to 1000 in increments
of 50, determining the ensemble size for these tree-based models, which impacts their
robustness and generalization capabilities. The d terminal specifies the maximum depth
of trees in the RF and ERF functions. The values range from 10 to 100 in increments of 10,
controlling the complexity and potential overfitting of the trees.

Table 1. Terminals.

Terminal Value Description
channel red, green, blue, gray Channels of the input image
i 1,3,5,10, 30 Desired output size when using

the feature selection function

Standard deviation for

v range [1, 3] Gau, GauD, Gau_Con, GauD_Con
01,02 range [0, 2] Order of each axis for GauD, GauD_Con
0 range [0, 7] Orientation for Gab'or,. Gabor_Con filters,
values multiplied by 7r/8
f e Sl ey fr Gl S i
range [50, 1000, 50] Number of trees in RF, ERF functions
range [10, 100, 10] Maximum depth of trees in RF, ERF functions

2.5. Function

The set of functions is defined differently, depending on the purpose of each layer.
The overall set is summarized in Table 2. The functions of the layers, except for feature
optimization, are referenced from existing GPEDL research [15]. The set of image filtering
functions consists of Mean, Median, Min, Max, Gau, GauD, Lap, LoG1, LoG2, Sobel, Gabor, LBP,
HOG, Sqrt, ReLU, Add_MaxP and Sub_MaxP. For the Mean, Median, Min and Max, 3x3 filters
are used. The Gau and GauD are Gaussian filters that require the standard deviation o as a
parameter. The GauD also has the ¢; and ¢, parameters for the order along the x/y-axis.
The Lap is a Laplacian filter that computes the second derivative of an image. The LoG1 and
LoG2 are Laplacian filters that use Gaussian second derivatives with standard deviations of
1 and 2, respectively. The Sobel is used for edge detection. The LBP and HOG are widely
used filters for object detection. The Sqrt and ReLU apply their operations to each pixel
value. The Add_MaxP and Sub_MaxP functions take two images as input, add or subtract
them after applying 2x2 max pooling.
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Table 2. Functions.

Layer Functions

Mean, Median, Min, Max, Gau, GauD, Lap, LoG1, LoG2, Sobel,
Gabor, LBP, HOG, Sqrt, ReLU, Add_MaxP, Sub_MaxP

Con, Hist, HOG, LBP, SIFT, LBP_1d, HOG_1d, Sobel_1d,
Gabor_1d, Gau_1d, GauD_1d

Conca2, Conca3, Conca4, CC_LR, CC_SVM, CC_RF, CC_ERF,
FS_MI, FS_Chi, FS_LR, FS_SVM, FS_RF, FS_ERF

Classification LR, SVM, RF, ERF
Ensemble SUM?2, SUM3, SUM4

Image filtering

Feature extraction

Feature Optimization

In the feature extraction layer, the LBP and HOG functions are designed to extract
features associated with LBP and HOG. The LBP_1d, HOG_1d, Sobel_1d, Gabor_1d, Gau_1d,
and GauD_1d perform their respective filtering operations and then combine the results
into a one-dimensional feature vector. The Con function flattens two images into one
feature vector. The Hist and SIFT functions extract histogram and SIFT features from an
image, respectively.

In the feature optimization layer, functions are divided into two types. The first type
aims to augment the feature vector: Conca2, Conca3, Conca4, CC_LR, CC_SVM, CC_RF,
and CC_ERF. The Conca2, Conca3, and Conca4 concatenate 2, 3, and 4 feature vectors
into one vector, respectively. The CC_LR (cascade logistic regression), CC_SVM (cascade
support vector machine), CC_RF (cascade random forest), and CC_ERF (cascade extra
trees classifier) are cascade functions that concatenate the results of the classifier with
the input data [15]. The second type includes functions with feature selection methods:
FS_MI (feature selection based on mutual information), Fs_Chi (feature selection based
on Chi-square), FS_LR, FS_SVM, FS_RF, and FS_ERF. These functions measure relevance
based on each evaluation metric and select the top num features. A detailed description of
this layer is covered in Algorithm 2. The classification layer includes four classifiers: LR,
SVM, RF, and ERF, which provide the predictive probabilities for each class. The ensemble
layer utilizes majority voting by combining the results of 2, 3, or 4 classifiers to determine
the class with the highest probability.

Algorithm 2 Functions of feature optimization

: procedure CONCAN(Xy, ..., XN)

return Concatenate(Xy, ..., Xn)

: end procedure

: procedure CC(fr Xtrains Yrains Xtest)

Train f with Xiin, Yirain

C < Probability values predicted for X5 using the trained f
return Conca2(Xyqin, C)

: end procedure

: procedure FS(X, Y, metric, num)

10: if metric is MI or Chi then

O 0 NS G

11: Calculate the metric of X

12: else > LR,SVM, RF,ERF
13: Train the metric with X, Y

14: Calculate the feature importance of X

15: end if

16: X' < Keep only top num features depending on the calculated values

17: return X/ > The shape of X : (N, D) — X' : (N, num)

18: end procedure
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3. Results and Discussion
3.1. Experiment Design

In this experiment, we evaluated the proposed method on three image classification
datasets: CIFAR10 [25], Fashion MNIST (FMNIST) [26], and Street View House Numbers
(SVHN) [27]. The CIFAR10 dataset consists of 32 x 32 RGB images divided into 10 classes,
with a training set of 50,000 images and a test set of 10,000 images. FMNIST contains
28 x 28 grayscale images divided into 10 classes, totaling 60,000 training images and
10,000 test images. SVHN is a color dataset of 32 x 32 images, containing 73,257 training
images and 26,032 test images, distributed across 10 classes. Preprocessing included
normalizing pixel values by dividing by 255 to scale them to the range [0,1].

To achieve data-limited image classification, we employed a downsampling algorithm
to generate limited data subsets, as illustrated in Algorithm 3. The datasets referred to as
CIFAR10(N), FMNIST(N), and SVHN(N) were used for training with sets of 10N images by
randomly selecting N samples from each class of the original dataset. Conversely, all test
images were used in the evaluation process. The values of N were assigned as 2, 4, §, 16,
and 32. All experiments were conducted 30 times with different random seeds to ensure
robust results. For each seed, the evolutionary process explored the best individuals to
evaluating their performance. Finally, the best individuals were applied to the test images,
yielding the final classification results. This process ensured a robust evaluation of the
method under data-limited conditions. The hyperparameters utilized in the proposed
method are listed in Table 3.

Algorithm 3 Downsampling algorithm for creating limited data subsets

Require: OriginalDataset, ClassLabels, N
1: Initialize DownsampledDataset as an empty list
: for each label in ClassLabels do
Filter OriginalDataset to get InstancesLabel where instance.label == label
Shuffle InstancesLabel randomly
Select N SampledInstances from InstancesLabel
Add SampledInstances to DownsampledDataset
: end for
: Shuffle DownsampledDataset randomly

2
3
4
5:
6:
7
8
9: return DownsampledDataset

Table 3. Hyperparameter values for FOD-GP.

Hyperparameter Value
Generation size 30
Population size 100
Crossover rate 0.5

Mutation rate 0.49

Elitism rate 0.01

Initial depth of tree 2-10
Maximum depth of tree 10

3.2. Results

This section provides a comprehensive evaluation of the existing GPEDL method and
the proposed FOD-GP method. Detailed results are summarized in Table 4, which presents
both the maximum accuracy and mean accuracy across 30 random seeds for each dataset
and sample size. Across all datasets and sample sizes, FOD-GP generally outperforms
GPEDL in terms of both maximum and mean accuracy.
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Table 4. The classification accuracy results for the GPEDL and the proposed FOD-GP across different
sample sizes N (2, 4, 8, 16, 32 per class) for CIFAR10, FMNIST, and SVHN datasets. (a) CIFAR10(N);
(b) FMNIST(N); (c) SVHN(N).

(a)

Max (%) Mean =+ SD (%)
Method 2 4 8 16 32 2 4 8 16 32
17.41 23.00 28.39 35.46 42.11
GPEDL 24.05 28.41 34.71 40.72 44.74 1301 1338 1400 1374 1140
17.73 23.22 29.44 36.89 43.29
FOD-GP 24.59 28.73 36.62 42.06 46.64 1206 1909 o7y 13.06 1169
(b)
Max (%) Mean =+ SD (%)
Method 2 4 8 16 32 2 4 8 16 32
54.58 64.39 71.11 76.48 79.65
GPEDL 65.40 69.88 74.90 79.21 81.06 1587 1311 1047 1190 1112
55.80 64.57 71.66 76.64 80.58
FOD-GP 67.03 70.96 75.21 79.71 82.11 1514 1360 1958 1185 1087
()
Max (%) Mean =+ SD (%)
Method 2 4 8 16 32 2 4 8 16 32
20.80 31.49 47.58 58.63 66.82
GPEDL 31.98 39.04 54.91 63.15 70.95 1556 1616 1467 1789 1165
FOD-GP 37.91 42.36 58.01 71.00 72.65 2331 3220 49.58 61.56 68.85

+5.62 +6.65 +5.89 +3.10 +1.77

On the CIFAR10, both methods show similar performance, with FOD-GP achieving
slightly higher accuracies. Specifically, for CIFAR10(8), FOD-GP achieves a maximum
accuracy that is 1.91% higher and a mean accuracy 1.05% higher. For CIFAR10(16), the max-
imum accuracy is 1.34% higher, and the mean accuracy is 1.43% higher. For CIFAR10(32),
FOD-GP achieves a maximum accuracy 1.90% higher and a mean accuracy 1.18% higher
than GPEDL. Overall, FOD-GP consistently demonstrates good and stable performance
across various N values of CIFAR10.

In the case of FMNIST, although the maximum and mean accuracies have improved
with FOD-GP, the differences are less pronounced than those observed in CIFAR10. FOD-
GP demonstrated a 1.63% enhancement in maximum accuracy and a 1.22% improvement
in mean accuracy for FMNIST(2). Furthermore, the maximum accuracy for FMNIST(4)
and FMNIST(32) increases by 1.08% and 1.05%, respectively. These results indicate that
while the improvements for FMNIST are modest, FOD-GP still demonstrates consistent
enhancements over GPEDL.

For SVHN, FOD-GP demonstrates the most substantial improvements in both max-
imum and mean accuracy compared to GPEDL; a maximum accuracy 5.93% higher
(37.91% vs. 31.98%) and a mean accuracy 2.51% higher (23.31% vs. 20.80%) in SVHN(2), a
maximum accuracy 3.32% higher (42.36% vs. 39.04%) and a mean accuracy 0.71% higher
(32.20% vs. 31.49%) in SVHN(4), a maximum accuracy 3.10% higher (58.01% vs. 54.91%)
and a mean accuracy 2.00% higher (49.58% vs. 47.58%) in SVHN(8), a maximum accuracy
7.85% higher (71.00% vs. 63.15%) and a mean accuracy 2.93% higher (61.56% vs. 58.63%) in
SVHN(16), a maximum accuracy 1.70% higher (72.65% vs. 70.95%) and a mean accuracy
2.03% higher (68.85% vs. 66.82%) in SVHN(32). FOD-GP shows superior performance
across all SVHN(N), indicating significant improvements over GPEDL. In summary, the
proposed FOD-GP method consistently outperforms the existing GPEDL method across all
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datasets and sample sizes. The improvements are modest on CIFAR10 and FMNIST but
become substantial on SVHN.

To statistically validate the differences in performance between FOD-GP and EDLGP,
we used a series of statistical tests. The Shapiro-Wilk test was initially used to assess the
normality of the distribution [28]. If the data followed a normal distribution, statistical tests
such as the paired -test or Welch's test were used to compare the methods. The purpose of
the paired t-test is to evaluate whether there is a significant difference between the means
of two groups. Welch's test is a modified version of the t-test that is suitable for comparing
two samples with unequal variances [29]. Before applying these tests, the Levene test was
used to examine the equality of variances [30]. If it was determined that the variances
were equal, the standard paired t-test was utilized; otherwise, Welch’s test, which does not
assume equal variances, was employed. In cases where the assumption of normality was
violated, the Wilcoxon signed-rank test was used. The Wilcoxon signed-rank test assesses
the differences between two paired groups when the data are not normally distributed.
Figure 5 illustrates the statistical analysis procedure employed in this study.

Shapiro-Wilk Test

Normally N
Distributed?
A 4
Levene’s Test
A 4
Paired T-Test Welch’s T-Test Wilcoxon Signed-Rank Test

Figure 5. Statistical analysis process used to validate performance differences.

The results of these statistical tests are summarized in Table 5. For both CIFAR10(N)
and FMNIST(N), the Shapiro-Wilk p-values exceed 0.05 for all X, indicating that the data
are normally distributed. In the case of SVHN(N), the p-values for SVHN(2), SVHN(4),
SVHN(8), and SVHN(16) exceed 0.05, indicating normality. However, for SVHN(32), the
p-value is 0.033, indicating a departure from normality. Consequently, only SVHN(32) was
excluded from Levene’s test. In Levene’s test, the p-value was also compared against 0.05.
If the p-value is greater than 0.05, the paired t-test is applied because the assumption of
equal variance is established. If the p-value is less than 0.05, Welch’s test is applied as it
accounts for unequal variance. For SVHN(32), the final p-value was calculated using the
Wilcoxon signed-rank test due to the violation of normality.

The analysis of p-values for CIFAR10(N) shows that, regardless of N, there is no
statistically significant difference between FOD-GP and EDLGP. Similarly, the results for
FMNIST(N) indicate no significant difference. However, for SVHN(N), the p-values are less
than 0.05 for SVHN(4), SVHN(8), SVHN(16), and SVHN(32), indicating that FOD-GP per-
forms significantly better than GPEDL for these sample sizes. This enhanced performance
on SVHN may be related to the dataset’s unique characteristics. SVHN images contain
multiple digits and complex backgrounds, which can make it challenging for models to
identify the essential features. The feature optimization and adaptive dropout techniques
of FOD-GP can mitigate this issue by allowing the model to prioritize relevant features.
These results suggest that FOD-GP provide advantages in handling visual structures like
SVHN, but further testing on similar datasets would be necessary to determine if these
advantages are consistent across different data conditions.
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Table 5. Statistical analysis results comparing the proposed FOD-GP with the GPEDL across different
datasets and sample sizes.

Dataset N Sh;}?g:l_u ‘:Illk I;,e_‘\,]:lses Test Used p-Value Sl(in;ﬁ(c;g;c)e

2 0.078 0.000 Welch 0.685 No

4 0.910 0.000 Welch 0.403 No

CIFARIO(N) 8 0.404 0.000 Welch 0.092 No
16 0.465 0.087 Paired 0.797 No

32 0.893 0.632 Paired 0.835 No

2 0.182 0.002 Welch 0.674 No

4 0.898 0.001 Welch 0.251 No

FMNIST(N) 8 0.092 0.016 Welch 0.407 No
16 0.810 0.193 Paired 0.157 No

32 0.321 0.315 Paired 0.117 No

2 0.084 0.000 Welch 0.742 No

4 0.745 0.000 Welch 0.000 Yes

SVHN(N) 8 0.693 0.006 Welch 0.005 Yes
16 0.189 0.002 Welch 0.001 Yes

32 0.033 - Wilcoxon 0.000 Yes

To further evaluate FOD-GP’s robustness, we also performed comparisons with vari-
ous deep learning models, including ResNet [31], CNTK with 5, 8, 11, and 14 layers [32],
and Harmonic Networks [33], to demonstrate the robustness of FOD-GP. Table 6 presents
the accuracy results on CIFAR10(N), with results for ResNet, CNTK, and Harmonic Net-
works referenced from [15]. This comparison aims to highlight FOD-GP’s ability to perform
competitively with deep learning models in data-limited scenarios. FOD-GP consistently
outperforms the other models across all subsets except CIFAR10(32), demonstrating its
adaptability and robustness in data-limited scenarios. This performance is achieved by
FOD-GP’s feature optimization and adaptive dropout techniques, enabling it to effectively
capture critical patterns. In contrast to deep learning models, which encounter difficulties
with generalization, FOD-GP facilitates adaptable model structures that are effective in
data-limited scenarios.

Table 6. Accuracy comparison of FOD-GP with various deep learning models (ResNet, CNTK with 5,
8, 11, 14 layers, and Harmonic Networks) on CIFAR10(N).

Method CIFAR10(2) CIFAR10(4) CIFAR10(8) CIFAR10(16) CIFAR10(32)
ResNet 17.50 19.52 23.32 28.30 33.15
5-layer CNTK 18.03 20.83 24.82 29.63 35.26
8-layer CNTK 18.50 21.07 25.18 30.17 36.05
11-layer CNTK 18.69 21.23 25.40 30.46 36.44
14-layer CNTK 18.79 21.34 25.48 30.48 36.57
Harmonic Networks 22.24 26.28 34.94 40.47 49.59
GPEDL(Max) 24.05 28.41 34.71 40.72 44.74
FOD-GP(Max) 24.59 28.73 36.62 42.06 46.64

For CIFAR10(32), however, the Harmonic Networks model achieves the highest ac-
curacy (49.59%), exceeding FOD-GP’s performance of 46.64%. This result highlights the
potential of deep learning models when more training data are available. However, given
the significant improvement compared to CIFAR10(16), this may reflect a temporary benefit
specific to dataset size. Further testing on multiple datasets will be needed to evaluate
the performance.

To extend the evaluation, we conducted experiments on an additional dataset, ORL(2).
The ORL [34] dataset is well-known benchmark for face classification, consisting of 400 images
distributed across 40 classes. Due to its relatively small size, the dataset has been widely
used in data-limited studies. This dataset provides an ideal test case for FOD-GP, enabling
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the evaluation of the model’s generalization ability in data-limited scenarios. Over five
iterations, FOD-GP achieved a mean accuracy of 88.00% = 4.60%, with a maximum accuracy
of 94.69%. In contrast, GPEDL achieved a mean accuracy of 86.62% =+ 3.98%, with a maximum
accuracy of 93.13%. Furthermore, we compared KCNN [35], a deep metric learning-based
model integrating CNN and k-nearest neighbor, which achieved 72.8% =+ 3.1%, as reported
in [15]. The results demonstrate that FOD-GP effectively handles small datasets such as ORL,
outperforming both GPEDL and KCNN.

Finally, to evaluate the structural complexity of FOD-GP compared to GPEDL, we
analyzed the number of nodes in the best individuals on CIFAR10(N), FMNIST(N), and
SVHN(N). Figure 6 illustrates a boxplot summarizing the distribution of node counts for
the two methods. The results indicate that FOD-GP generates trees with higher node counts
than GPEDL. While GPEDL achieves structural simplicity, FOD-GP explores deeper and
more complex tree solutions. We present two example trees of the best individuals extracted
from the SVHN(16) in Figure 7. In these examples, GPEDL achieves its optimal performance
without utilizing adaptive layers, while FOD-GP extensively incorporates adaptive layers,
enhancing exploration through adaptive dropout, resulting in a performance improvement
(63.15% for GPEDL vs. 71.00% for FOD-GP). The structural complexity of FOD-GP, though
higher than that of GPEDL, leads to better generalization and performance. This compara-
tive analysis of number of nodes and example trees highlights the advantages of FOD-GP’s
flexibility. The higher number of nodes in FOD-GP trees suggests that FOD-GP is capable of
generating more complex representations, leveraging adaptive layers to capture a broader
range of features effectively.

70
60

50

40

30

Number of tree nodes

20

o 1 L

GPEDL FOD-GP
Methods

Figure 6. Comparing the number of nodes in trees generated by GPEDL and FOD-GP, based on the
best individuals across CIFAR10(N), FMNIST(N), and SVHN(N).

In conclusion, comprehensive evaluations across CIFAR10, FMNIST, and SVHN con-
sistently demonstrate the advantages of FOD-GP compared to the existing GPEDL method.
While improvements on CIFAR10 and FMNIST are modest, FOD-GP achieves significant
performance improvements on SVHN. The statistical and structural complexity analyses
underscore the benefits of FOD-GP’s adaptive dropout and feature optimization techniques,
enabling it to generate more complex and effective tree structures than GPEDL. These re-
sults highlight FOD-GP’s generalization ability and robustness, especially in challenging
classification tasks with limited data.
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Figure 7. Example trees of the best individuals on SVHN(16) for GPEDL and FOD-GP.

3.3. Discussion

The experimental results indicate that the proposed FOD-GP method generally out-
performs the existing GPEDL method. Although only 4 out of 15 cases show statistically
significant improvements, these results are still meaningful. The significant improvements
observed on the SVHN dataset suggest that FOD-GP is particularly well-suited to certain
datasets, offering valuable insights for future research. Even in cases where the differences
are not statistically significant, FOD-GP consistently improves both the maximum and
mean accuracy across all datasets and sample sizes. This consistency highlights the robust-
ness of FOD-GP and suggests that even slight increases in accuracy can provide meaningful
benefits in real-world applications, particularly in data-limited environments.

We present a detailed analysis of the training accuracy comparison between FOD-
GP and GPEDL. Table 7 summarizes the training accuracies for both methods. FOD-GP
consistently outperforms GPEDL in terms of training accuracy across all CIFAR10(N),
FMNIST(N), and SVHN(N). This indicates that FOD-GP is more effective during training
because of the application of feature optimization and adaptive dropout techniques. Al-
though the training accuracy difference between the two methods decreases as the sample
size (N) increases, FOD-GP still consistently performs better. However, the improvement
in test accuracy of FOD-GP (Table 4) is not as significant as the improvement in training
accuracy. While FOD-GP demonstrates superior learning capabilities on training data,
its ability to generalize to unseen data are only slightly better than GPEDL. Both meth-
ods show that the gap between training and test accuracy decreases with an increasing
sample size, indicating that a larger dataset offers improved learning opportunities and
reduces overfitting.

These results demonstrate that FOD-GP is exceptionally efficient during training,
indicating the necessity for further enhancements to improve its generalization capability.
Addressing this challenge will be crucial for enhancing the model’s ability to generalize.
Further research will focus on refining the feature optimization process and incorporating
additional regularization techniques to mitigate overfitting. Overall, the trend of increasing
accuracy with larger sample sizes and decreasing overfitting reemphasizes the importance
of having sufficient data.
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Table 7. Training accuracies for GPEDL and FOD-GP across CIFAR10, FMNIST, and SVHN datasets.
(a) CIFAR10(N); (b) FMNIST(N); (c) SVHN(N).

(@)

Training Accuracy (%)

Method N 2 4 8 16 32
41.17 36.92 35.17 38.42 41.73

GPEDL 1749 1550 1553 Ta7 +320
47.83 41.17 39.29 41.29 45.04

FOD-GP +928 1632 1523 + 448 £295

(b)

Training Accuracy (%)

Method N 2 4 8 16 32
66.00 73.67 74.46 77.94 81.06

GPEDL +12.07 1679 1576 1362 1245
73.00 77.58 77.67 79.71 82.40

FOD-GP +12.36 +7.68 1537 +3.15 +251

(0)

Training Accuracy (%)

Method N 2 4 8 16 32
4050 41.00 4529 53.63 61.28

GPEDL +10.90 1721 £ 6.09 T 4.66 1272
49.00 44.50 50.83 58.33 64.95

FOD-GP +11.21 £ 726 1547 + 524 +2.80

These results demonstrate that FOD-GP is exceptionally efficient during training,
indicating the necessity for further enhancements to improve its generalization capability.
Addressing this challenge will be crucial for enhancing the model’s ability to generalize.
Further research will focus on refining the feature optimization process and incorporating
additional regularization techniques to mitigate overfitting. Overall, the trend of increasing
accuracy with larger sample sizes and decreasing overfitting reemphasizes the importance
of having sufficient data.

4. Conclusions

The purpose of this study is to introduce the FOD-GP framework, designed to address
the challenges of image classification with limited data. FOD-GP leverages the flexibility of
Genetic Programming (GP) to automatically develop models, while integrating feature op-
timization and adaptive dropout to address the issues of poor performance and inefficient
feature usage in GP-based EDL. The experimental results on the CIFAR10, FMNIST, and
SVHN datasets consistently demonstrate that FOD-GP outperforms existing methods, par-
ticularly in terms of training accuracy in data-limited scenarios. Significant improvements
in classification accuracy for certain cases highlight FOD-GP’s potential for achieving better
generalization, making it an effective approach in real-world applications where efficient
data utilization and model interpretability are essential.

The comparative structural complexity analysis further highlights FOD-GP’s adaptabil-
ity, demonstrating that it generates more efficient tree structures than GPEDL by effectively
utilizing adaptive layers. However, the modest improvement in classification accuracy
compared to the considerably enhanced training accuracy indicates that overfitting remains
a concern. Furthermore, FOD-GP has only been tested on a limited number of datasets,
emphasizing the need for further validation in various datasets. Future research will focus
on refining the feature optimization process and exploring additional normalization meth-
ods to improve the generalization capabilities of FOD-GP on unseen data. In conclusion,
FOD-GP combines the flexibility of GP with feature optimization and adaptive dropout
to make significant advancements in data-limited image classification. This approach
effectively addresses the issue of image classification in situations where there is a limited
amount of data available and sets the foundation for future advancements in data-limited
and interpretable machine learning.
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