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Abstract: Reservoir Computing (RC) is a machine learn-
ing framework designed to solve time-dependent tasks,
but it remains less explored for time-independent tasks.
In this work, we adapt RC for image classification by
flattening input images into one-dimensional vectors
and feeding the entire vector in a single step into an RC.
We evaluate our approach on the MNIST and COIL-100
datasets, demonstrating that RC achieves competitive
accuracy while requiring significantly shorter training
times compared to traditional neural networks. Our ex-
periments show that the difference between the worst
and best performance across reservoir network densities
is 1–3%. Increasing the reservoir size generally improves
accuracy; for instance, increasing the reservoir from 100
to 1000 typically yields a 10–15% improvement, whereas
increasing it further from 1000 to 2000 results in only
a 3–5% gain. This work explores RC as a potential op-
tion for image classification on standard and moderately
sized datasets, particularly in compute-constrained sce-
narios, though its accuracy is notably lower than typical
deep learning approaches.

Keywords: network theory, classification, reservoir
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1 Introduction
Image processing using deep learning has seen signifi-
cant advancements in recent years, driven by the devel-

opment of powerful neural network architectures [24].
RC represents an advancement in neural networks, par-
ticularly for handling temporal data [9]. At its core, RC
has a reservoir that is a fixed, randomly generated net-
work [19]. This reservoir acts as a dynamic memory sys-
tem that processes input data through a series of trans-
formations [25]. Unlike conventional recurrent neural
networks (RNN), where both recurrent connections and
output weights are typically trained through backprop-
agation in time [31], RC simplifies the training process
significantly.

The reservoir consists of fixed, randomly generated
weights and connections that remain unchanged over
the learning process. This structure is crucial because
it defines a nonlinear dynamical system capable of cap-
turing temporal dependencies [33] in the input data. By
keeping the reservoir fixed, RC avoids the computation-
ally intensive task of adjusting recurrent connections
during training. Instead, the focus is primarily on train-
ing the output weights, which connect the reservoir’s
internal states to the desired output [25]. RC typically
employs a learning rule such as ridge regression [16]
or Echo State Networks (ESNs) [19] to train the output
weights [20]. These methods leverage the rich dynam-
ics of the reservoir to map input sequences to output
predictions efficiently. RC has found applications in a
wide range of fields such as time-series prediction [32],
computational neuroscience [6], and signal processing
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[11]. Its ability to effectively process temporal data with
minimal computational overhead [21] makes it partic-
ularly suitable for real-time applications and scenarios
where computational resources are limited. One of the
key advantages of RC over traditional RNNs lies in its
training simplicity and efficiency [20]. By leveraging a
pre-existing randomly initialized reservoir and focusing
on training only the output weights, RC reduces the risk
of overfitting and accelerates convergence [25] during
training. Despite its advantages, RC may underperform
in tasks requiring hierarchical feature extraction, such as
high-resolution image classification. The performance
heavily depends on the reservoir’s connectivity and size;
however, a larger reservoir does not necessarily lead to
better performance [18]. The performance also depends
on the choice of training algorithm and the reservoir
state. The time increment updates the reservoir state as

r (t +△t ) = (1−α)·r (t )+α·σ[Wr es ·r (t )+Wi n ·x(t )] (1)

where r (t) represents the reservoir state at time t , and
each element ri (t ) denotes the activation level of reser-
voir node i . The reservoir state at time t+∆t , denoted by
r (t +∆t ), represents how the reservoir node activations
evolve over a small time increment ∆t . The leakage rate
α, also known as the integration time constant, deter-
mines how quickly information from the current state
r (t) decays or persists into the next time step r (t +∆t)
[5]. When α= 0, the reservoir states remain unchanged
over time, indicating no leakage [5]. As α increases to-
wards 1, the reservoir states evolve rapidly, reflecting
a higher degree of temporal integration. The reservoir
connectivity matrix is denoted by Wr es , where Wr esi j

represents the weight of the connection from node j
to node i [14]. Wr es defines the intrinsic dynamics and
interactions between reservoir nodes, influencing how
information propagates and transforms within the reser-
voir. The input weight matrix Wi n connects the input
x(t ) to the reservoir nodes [19]. The input vector x(t ) in-
fluences the activation levels of reservoir nodes through
the weighted connections Wi n ·x(t ). The activation func-
tion σ[·] is applied element-wise to the sum of inputs to
each reservoir node. Typically, σ[·] is a nonlinear func-
tion (e.g., sigmoid, tanh) that introduces nonlinearity
into the reservoir dynamics, crucial for capturing com-
plex input-output mappings and enhancing computa-
tional capabilities. The time increment equation, Eq. 1,
governs how reservoir states evolve over successive time
steps in RC. At each time t , reservoir nodes integrate
information from their current state r (t ), influenced by
both internal dynamics Wr es · r (t) and external inputs
Wi n · x(t ) [25]. The parameter α balances the influence
of current state retention (1−α) · r (t ) with new informa-
tion integration α ·σ[Wr es ·r (t )+Wi n ·x(t )], modulating

the reservoir’s responsiveness to temporal dependen-
cies and input signals [5]. During training, the output
weights are computed as

ytr ai n =Wout ·Xr es (2)

where the output weight matrix Wout maps the reservoir
states Xr es [25] to the target outputs ytr ai n during the
training phase. It represents the trainable parameters [4]
that adjust the transformation from reservoir responses
to desired output predictions, essential for achieving ac-
curate and effective learning in RC. The matrix of reser-
voir states Xr es is collected over time, where each col-
umn represents the activation states of reservoir nodes
for a specific time instance or input sequence. These
reservoir states encapsulate the dynamic responses of
the reservoir network to input signals, encoding tempo-
ral patterns [2] [32] and features crucial for subsequent
prediction or classification tasks. The vector or matrix
of target training outputs ytr ai n corresponds to the in-
put sequences or instances that drive the reservoir net-
work during training. It serves as the ground truth or
desired response that the RC aims to approximate or
predict accurately through its learning process [20]. The
output weights Wout are computed by performing a lin-
ear regression [20] of reservoir states Xr es against target
outputs ytr ai n . This regression minimizes the squared
error between predicted and actual outputs, guiding the
RC toward convergence and improving its accuracy in
predicting future outputs or classifications. In the last
layer, ridge regression is used for final prediction. Ridge
regression is a form of linear regression that applies L2
regularization to the model, which penalizes large coeffi-
cients in order to reduce overfitting. This regularization
term is controlled by a hyperparameter λ, which bal-
ances the trade-off between fitting the model to the data
and maintaining smaller coefficients. In the context of
RC, ridge regression is often used to train the output
layer of the reservoir, where the complex dynamics of
the reservoir’s state are combined with the input signals
to predict the output. Ridge regression helps ensure
that the readout weights are not too large, improving the
model’s generalization and stability [16]. Ridge regres-
sion is implemented in the output layer of the reservoir
that is connected to the predictions.

By optimizing Wout , the RC learns to map the com-
plex temporal patterns captured in Xr es to the corre-
sponding outputs ytr ai n . This adaptation ensures that
the reservoir network effectively learns the underlying
relationships and dependencies within the input data.
Typical use cases include time series prediction, pattern
recognition, and sequential data analysis, where captur-
ing and leveraging temporal dependencies are essential
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for achieving high-performance outcomes [2]. For infer-
ence, a simple matrix multiplication is used, in which
output weights are multiplied by the reservoir state as

y(t ) =Wout · r (t ) (3)

where the output vector y(t ) represents the predicted
values or classifications generated by the RC at time
t . It encapsulates the RC’s output response based on
the current reservoir state r (t ), aiming to approximate
or predict the target outputs associated with the input
data [25]. The output weight matrix Wout , learned dur-
ing the training phase, maps the reservoir states r (t ) to
the predicted outputs y(t ). It represents the optimized
parameters that enable the RC to transform reservoir
activations into meaningful predictions. The reservoir
state vector r (t ) at time t comprises the activation lev-
els of reservoir nodes determined by the input signals
and internal dynamics. These reservoir states encode
temporal patterns and features crucial for predicting fu-
ture outputs or classifications, reflecting the RC’s inter-
nal representations. The Eq. 3 embodies the prediction
phase of RC, where the reservoir states r (t ) are trans-
formed into output predictions y(t ) using the learned
output weights Wout [25]. This process aims to gen-
eralize the patterns and relationships captured during
training to unseen data instances or future time steps.
By multiplying Wout with r (t ), the RC computes y(t ) as
a linear combination of reservoir activations, leveraging
the optimized weights to generate accurate predictions.
The prediction y(t ) reflects the RC’s real-time response
based on the current reservoir state r (t ) [19], enabling
continuous adaptation and prediction refinement over
time. The effectiveness of y(t ) depends on the qual-
ity of Wout , which encapsulates the model’s ability to
generalize learned patterns and make reliable predic-
tions across diverse input scenarios [19]. As Fig. 1 shows,
inputs are fed into the reservoir at randomly selected
nodes.

Although RC is typically formulated for temporal pro-
cessing, the proposed formulation for image classifi-
cation is conceptually related to Extreme Learning Ma-
chines (ELM) [17] . Similar to ELMs, the internal network
weights are randomly initialized and kept fixed, while
only the output layer is trained using linear regression.
In contrast to standard ELMs, the recurrent reservoir
dynamics are not removed but attenuated by choosing
leakage rates of between 0.85 and 0.95, thereby reduc-
ing temporal effects while preserving weak dynamical
interactions.

In this study, we propose an alternative approach:
rather than feeding data points sequentially over time
steps, we flatten the entire input into a one-dimensional

Wres

Input layer Reservoir Network Output layer

Figure 1 – The architecture of an RC with three com-
ponents: input, reservoir, and decoders.
The input layer receives external signals,
x1(t), x2(t), . . . , xm(t), which are fed into the
reservoir, resulting in an internal reser-
voir state S(t). This state is read by
the output layer, producing output signals,
y1(t ), y2(t ), . . . , yn(t ), as the system’s response.

array and inject it into the reservoir all at once. We
aim to make RC as effective for classification tasks as
state-of-the-art neural networks. We present experi-
ments to demonstrate the capabilities of our approach
and to support our primary claims, including that our
method is much faster in training. Additionally, our
approach—utilizing a fixed reservoir state and treating
input data as a one-dimensional array—achieves high
accuracy.

Numerous studies have explored the use of the RC
framework for image classification.

The paper by Schaetti et al. [28] investigates the use
of Echo State Networks (ESNs) as an RC for recognizing
MNIST handwritten digits. Their method involves en-
coding the 28x28 MNIST images as temporal signals and
feeding them into ESNs. By transforming each image
row into a time-series input, the ESN generates a "mem-
ory" of image features, which aids in classification. The
authors explore image transformations (such as resizing
and rotating) to improve feature extraction by allowing
the ESN to view images from varied perspectives. They
found that the model performs best with specific pa-
rameters—particularly a spectral radius above 1 and a
low leaking rate, indicating a slow dynamic suitable for
the task. Different output layers were tested, with the
"Joined States" (JS) and "Mixed Three States" (MTS) out-
put layers offering richer dynamic insights but at a cost
in complexity. The results show that a 1,200-neuron
ESN combined with image transformations achieved
competitive performance, with an error rate around 4%,
using a committee of ESNs for further accuracy. This
study provides insights into using ESNs for image clas-
sification tasks and highlights the benefits of dynamic
and transformed input signals in enhancing recognition
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accuracy.
Gardner et al. [8] introduce a modified Echo State Net-

work (ESN) designed for static image classification, over-
coming the constraints of conventional ESNs when ap-
plied to time-independent inputs. Their method splits
input images into multiple equal parts, which are pro-
cessed by parallel reservoirs, allowing neuron states
to converge with minimal pre-processing. A Gaussian
white noise filter is applied multiple times to each im-
age to improve feature extraction, with the final clas-
sification generated after convergence through ridge
regression. This approach achieved a 95.3% classifica-
tion rate on the MNIST dataset with only 10,000 sam-
ples and a training time of approximately 5 minutes.
The study demonstrates that parallel reservoir process-
ing and noise injection enable ESNs to handle time-
independent image data efficiently, providing compet-
itive accuracy with reduced computational resources
compared to traditional feed-forward networks.

2 Contents

2.1 Implementation of RC for classification

The main approach in this study is to flatten the image
into a one-dimensional vector instead of transforming it
into a sequence. For an image of size h×w , the flattened
vector x(t ) has dimensionality hw (Fig. 2). The reservoir
receives this vector as input, transforming the image
data directly into the internal state of the reservoir. The
flattened layer will then be fed into the randomly ini-
tialized reservoir network and transported to the output
layer. The output of the model consists of class scores
generated by ridge regression, where the predicted class
is directly determined by the highest score. This linear
approach eliminates the need for softmax normalization
while maintaining competitive accuracy.

In standard RC, input data is typically fed into the
reservoir sequentially over multiple time steps, allowing
the reservoir state to evolve dynamically. However, for
tasks like image classification that lack a natural tempo-
ral structure, this time-based processing may be unnec-
essary. Instead, we propose a simplified approach where
the entire one-dimensional input vector is provided to
the reservoir in a single step. This means the reservoir
state is computed once using the full input, which can
be expressed as

r =σ(Wr es · r0 +Wi n · x) (4)

where r is the reservoir state as defined in Eq. 1, and
r0 denotes the initial reservoir state. All other variables
are as defined in Eq. 1.

Network density is an essential parameter in RC, in-
fluencing the structure of the recurrent network. It rep-
resents the proportion of possible connections between
nodes, indicating the level of interconnectivity within
the network. In this study, various densities, including
0.1, 0.25, 0.5, 0.75, 0.9, and 0.99, were explored to analyze
their effect on the model’s performance. The network
was generated using the ‘networkx‘ library [12], with
different graph models such as ’Erdős–Rényi’, ’small-
world’, and ’scale-free’, which offer diverse connectivity
patterns. The reservoir’s weight matrix W was derived
from the chosen graph, scaled by the spectral radius of
W to normalize its eigenvalues, ensuring stability in the
network’s dynamics. Testing different densities allows
us to investigate how varying the network’s connectivity
influences its memory capacity, nonlinearity, and ability
to generalize, ultimately helping identify the optimal
configuration for a classification task.

3 Results

3.1 Dataset

Two different datasets were primarily used for training
and testing the models. The MNIST dataset [23] is a
widely used benchmark in computer vision. It consists
of 70K grayscale images of handwritten digits, each sized
28x28 pixels, representing the digits 0 through 9. The
dataset is divided into a training set of 60,000 images
and a test set of 10K images. MNIST has been essen-
tial for evaluating image classification models due to
its simplicity, uniformity, and clear distinction between
different classes. The COIL-100 dataset [26] is a stan-
dard dataset for object recognition tasks in computer
vision. It contains 7.2K color images of 100 different
objects, where each object was placed on a turntable
and photographed from 72 different angles at 5-degree
increments. The images are 128x128 pixels in size and
depict a variety of everyday items, including tools, toys,
and household objects. COIL-100 is widely used to as-
sess the performance of algorithms in tasks like object
detection, pose estimation, and 3D object recognition.

3.2 Deep learning models for comparison

To compare the performance of different types of RC,
we also evaluate some deep learning models, including
CNN, LeNet, small ResNet, and Mini-VGG.

Convolutional neural networks (CNN) [1] are a type
of deep learning models designed to process structured
grid data, such as images. CNN consist of multiple lay-
ers, including convolutional layers, pooling layers, and
fully connected layers. In CNN, the convolutional layers
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Figure 2 – Flattened layer is used as input to the reservoir. The time-dependent feature of RC is not used here and all the
image pixels are fed into the network as a flattened layer.

use filters (also called kernels) to automatically extract
features from input data. These features are detected
through local receptive fields, where each neuron in
the convolutional layer is connected to a local region
of the input. After convolution, pooling layers are ap-
plied to reduce the dimensionality of the feature maps.
Finally, the fully connected layer combines the learned
features and computes the final output, often through
classification. LeNet-5 [22] is one of the earliest CNN ar-
chitectures developed for image recognition. It consists
of seven layers: an input layer, two convolutional layers
(C1 and C3), two pooling layers (S2 and S4), and two fully
connected layers (F5 and F6). The network starts with
a 32x32 input image, and through convolutional layers,
it extracts features using convolutional kernels. These
features are then downsampled using pooling layers to
reduce the dimensionality. The fully connected layers
at the end of the network classify the features into pre-
defined categories. The Mini-VGG network is a smaller
version of the popular VGG [29] architecture, designed
to be computationally more efficient while maintain-
ing much of the performance characteristics. Unlike
VGG-19, which has 19 layers, the Mini-VGG typically
has fewer convolutional layers, making it a lightweight
model. It consists of a few convolutional layers, each fol-
lowed by ReLU activation and max pooling operations.
The convolutional layers use small 3×3 filters, which
help capture fine-grained features in images. A small
ResNet (Residual Network) is a compact version of the
ResNet [15] architecture, which is designed to address
the vanishing gradient problem in deep neural networks
by introducing residual connections, or shortcuts, that

bypass one or more layers. In a small ResNet, the ar-
chitecture typically consists of fewer layers compared
to larger ResNet models but retains the key feature of
residual connections. These residual connections en-
able the model to learn identity mappings, which helps
preserve information and improve the flow of gradients.
All models were implemented using PyTorch [27].

3.3 Performance of RC in comparison to
deep learning models

We begin by training the RC using three different net-
work types: small-world, scale-free, and Erdős-Rényi
networks.

An Erdős-Rényi [7] network is a type of random graph
where each pair of nodes has an equal probability p of
being connected. This model is defined by two param-
eters: the number of nodes N and the probability p of
creating an edge between any two nodes. As the proba-
bility p increases, the network becomes more densely
connected, and at a critical value, it undergoes a phase
transition where the network becomes fully connected.
A small-world network is characterized by a high cluster-
ing coefficient and short average path lengths, similar
to real-world networks such as social and biological net-
works. The model was introduced by Watts and Strogatz
[30], who proposed a way to generate networks that
are highly clustered, like regular lattices, but also have
the small diameter typical of random graphs. The net-
work is created by starting with a regular lattice and
randomly rewiring some of the edges with a probability
p. This rewiring creates "shortcuts" that significantly
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Figure 3 – Comparison of classification accuracy distribution between multiple neural networks and RC on MNIST and
COIL-100 datasets. Each RC network type is of size 1000, and a density of 0.9. Each network was tested 30 times
to ensure reproducibility, other model details are provided in Table 1.

reduce the average path length without destroying the
high clustering. A scale-free network is a type of net-
work where the degree distribution follows a power law,
meaning a few nodes have many connections, while
most nodes have only a few. The model was introduced
by Barabási and Albert [3], who showed that scale-free
networks emerge through a process called preferential
attachment, where new nodes are more likely to con-
nect to existing nodes with high degrees. This results in
a small number of highly connected nodes and a large
number of nodes with few connections. These networks
were generated using NetworkX: Erdős-Rényi networks
with the erdos-renyi-graph function, small-world net-
works via watts-strogatz-graph, and scale-free networks
through barabasi-albert-graph.

We evaluated all models on two datasets: MNIST and
COIL-100. Despite RC’s simplicity and short training
time, RC achieved impressive results, with approximately
90% accuracy on MNIST (Fig. 3) and 70–75% accuracy
on COIL-100 as listed in Table 1. For a fair comparison
with existing deep learning approaches, we use the deep
learning models described in Section 3.2. Deep learning
models outperformed RC in classification tasks due to
their high capacity for feature extraction. This is particu-
larly noteworthy given that RC was originally developed

for time-dependent tasks such as time-series prediction.

3.4 Reservoir structural effect on
performance

The density δ of a directed network is defined as the
ratio of the number of edges M in the network to the
maximum possible number of edges in the network. For
a network with N nodes, this is expressed as δ= M

N (N−1)
where M represents the total number of edges in the
network. In simple words, the density provides a mea-
sure of how sparse or connected a network is. A key ob-
servation is that the density δ inversely scales with the
number of nodes N , following a hyperbolic relationship.
This scaling is influenced by the average degree µ of the
nodes in the network, where M =µN . Substituting this
relationship back into the density equation yields δ≈ µ

N .
As networks grow, new nodes add a variable number
of edges, affecting the average degree µ. Performance-
dependent growth strategies produce sparser networks
(lower density) with reduced average degrees [33]. We
varied the density to investigate how the connectivity
level of the reservoir influences classification accuracy,
as different network topologies may respond differently
to sparsity or redundancy in connections. As illustrated
in Fig. 4, the accuracy improves with increasing reser-
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Model Num. Parameters Training Time (s) MNIST Accuracy COIL-100 Accuracy

LeNet ∼ 1.6M 48 98.42% 92.69%
Mini-VGG ∼ 2M 67 99.10% 88.93%
Small ResNet ∼ 1.85M 51 99.00% 88.41%
CNN ∼ 420K 33 98.96% 94.60%
Erdős–Rényi 1000 Nodes 66 91.89% 74.62%
Small-World 1000 Nodes 59 91.92% 74.45%
Scale-Free 1000 Nodes 71 92.47% 74.99%

Table 1 – Average classification accuracies on the test set and training times measured on the training set for neural
networks (NN) and RC on MNIST and COIL-100, each evaluated over 50 independent runs for reproducibility.
For both datasets, 90% of the data was used for training and 10% for testing. Neural networks were trained
on a GPU for faster benchmarking, while RC was executed on a CPU due to more efficient NumPy-based
implementations. Despite this, reservoir models achieve competitive test accuracy with significantly shorter
training times. A detailed description of the hardware setup is provided in Appendix 5.1.

voir density in scale-free networks, likely due to their
enhanced ability to capture diverse input patterns. In
contrast, as seen in Fig. 4, small-world and Erdős–Rényi
networks show no significant sensitivity to changes in
reservoir density.

4 Summary and outlook

In this study, we explored the application of RC for image
classification tasks, particularly focusing on the MNIST
dataset. Our pixel-wise processing approach achieved
promising results with relatively low computational cost,
highlighting RC’s potential for resource-constrained en-
vironments. The reservoir of randomly interconnected
nonlinear units proved effective at capturing temporal
dependencies, despite the non-sequential nature of the
task.

However, RC’s pixel-wise approach poses limitations
in capturing spatial dependencies within images, which
are essential for more complex visual tasks. Future re-
search could investigate hybrid models that integrate
RC with convolutional or deep learning architectures
to improve spatial feature extraction. Additionally, op-
timizing the reservoir architecture, such as exploring
dynamic or adaptive reservoirs, could enhance model
performance further.

Finally, incorporating GPU acceleration through li-
braries like CuPy, as well as optimizing the reservoir
state selection and leveraging recursive least squares
methods, could reduce training times and memory re-
quirements. Future work could also include exploring
how larger reservoir sizes impact accuracy and further
improve the model’s scalability in real-time applica-
tions.

The comparison of RC with more complex models,
such as CNN and LeNet architectures, reveals interest-

ing results. While CNN outperform RC in terms of accu-
racy, particularly in capturing spatial dependencies in
image data, the RC excels in terms of training speed and
resource efficiency. RC achieved a solid performance on
the MNIST dataset with significantly fewer training du-
rations and lower computational complexity compared
to other neural network models, which often require
training on GPUs for extended periods.

Our experiments showed that different reservoir net-
work architectures (Erdős–Rényi, small-world, and scale-
free) yielded similar performance; however, scale-free
networks demonstrated greater robustness, as classifi-
cation accuracy consistently improved with increased
network density. Regarding reservoir size, we found that
a range between 700 and 1000 nodes provided the best
trade-off between accuracy and training time. Smaller
reservoirs trained faster but underperformed in clas-
sification accuracy, while larger networks offered only
marginal accuracy gains at a significant computational
cost compared to smaller networks. While pruning has
been successfully applied in time-series RC tasks to sim-
plify large networks [34], its effectiveness in image classi-
fication remains underexplored. Nonetheless, it is plau-
sible that pruning techniques—especially those guided
by node importance or activity metrics—could reduce
redundancy in large random, small-world, or scale-free
reservoirs, leading to more compact and efficient mod-
els without significant loss in accuracy. Future work
should investigate pruning strategies tailored to static
image tasks and their impact on spatial feature repre-
sentation.

Nonetheless, the limitations of RC, particularly its dif-
ficulty in capturing spatial relationships due to pixel-
wise processing, should be addressed in future work.
While RC is effective in tasks that require fast processing
and lower computational costs, it may not be the opti-
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Figure 4 – Classification accuracy of scale-free, small-world, and Erdős–Rényi networks on MNIST for varying network
densities. Each density was tested 30 times to ensure reproducibility. After a density of 0.5, scale-free accuracy
improves steadily with increasing density.

mal solution for more complex image recognition tasks
that require an understanding of the spatial structure
within the data.

Finally, optimizing the reservoir configuration, exper-
imenting with different architectures, and leveraging
GPU acceleration via libraries like CuPy could further
improve the model’s scalability and efficiency. Over-
all, RC demonstrates promising potential in specific do-
mains, but further development is required to compete
with more advanced deep-learning models in complex
visual tasks.

5 Appendix

5.1 Hardware specifications

In this study, RC was implemented primarily using the
Numpy library [13], allowing training to rely solely on
the CPU, which is often sufficient given the relatively
small size of most RC implementations. The training
and inference processes of the RC were carried out on a
system equipped with an AMD Ryzen 5 2400G processor
with 8 threads and a clock speed of 3.80 GHz, along with
32 GB of system RAM. For training the CNN, LeNet-5,
small ResNet, and Mini-VGG models in this study, an

NVIDIA Tesla P40 24GB GPU was utilized on the same
setup.

Code Availability: The implementation is provided as
a jupyter notebook and is publicly available on GitHub [10].
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