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Abstract—This paper introduces a real-time, edge-oriented
image classification architecture utilizing Reservoir Com-
puting with Elementary Cellular Automata (ReCA) de-
signed for resource-constrained environments. By integrat-
ing single-threshold binary inputs, column-wise evolution,
and spatial downsampling with a lightweight, 6-bit spiking-
inspired readout, the proposed pipeline drastically min-
imizes memory footprint and logic complexity. Architec-
tural optimizations across the hardware modules yield a
2–4× reduction in resource overhead relative to existing
baselines. Furthermore, transitioning from offline software-
based classification to an online, perceptron-based winner-
takes-all (WTA) neural network with 6-bit integer weights
enhances energy efficiency significantly, with potential of
orders of magnitude improvement. Validation through an
in-house hardware emulator on the MNIST dataset demon-
strates that substantial efficiency gains are achieved due to
complexity reduction in learning engine at a small accuracy
penalty of approximately 2.5%. The results confirm that
integer-based ReCA systems with online learning provide a
scalable, battery-efficient foundation for real-time adaptive
inference at the edge.

Index Terms—reservoir, cellular automata, edge comput-
ing, image classification, spiking neural networks, online
learning, low-cost, energy-efficient design

I. INTRODUCTION

Pattern recognition at the edge faces strict energy and
latency limits, making conventional convolutional neural
networks (CNNs) impractical due to heavy compute and
data-movement [1]. Neuromorphic, event-driven paral-
lelism preserves accuracy while lowering power in dy-
namic settings [2]. By exploiting sparsity, temporal cod-
ing, and on-device adaptation, these architectures reduce
model size and frequent off-chip memory access [3],
making energy-efficient neuromorphic hardware vital for
scalable edge intelligence [2].

Reservoir computing (RC) maps inputs into high-
dimensional dynamical reservoirs with simple readouts
[4]. Fixing reservoir dynamics and training only the read-
out avoids backpropagation through time and reduces

learning complexity [5], [6]. While Echo State Networks
(ESNs) and Liquid State Machines (LSMs) process tem-
poral structure well, their dense connectivity limits hard-
ware efficiency. In contrast, RC with elementary Cel-
lular Automata (ReCA) uses discrete, local, massively
parallel dynamics for hardware-friendly computation [7]–
[9]. Elementary Cellular Automata (ECA) enable efficient
digital implementations via simple logic while providing
rich transients for pattern recognition [10]–[12]. Studies
show ReCA achieves competitive MNIST accuracy with
substantially lower power and latency than conventional
neural networks.

Despite promise [9], [10], [13], edge deployment faces
obstacles: ReCA is highly sensitive to ECA rule choice
and input encoding, yet their relative impact remains
unclear due to limited systematic ablations [14], [15].
Designs often prioritize accuracy over power, leaving
hardware savings unrealized. Heavy pre-processing and
offline training hinder real-time use [9], [10]. Convolution-
free CA shows progress, but rigorous benchmarking is
needed to quantify accuracy–complexity trade-offs for
edge hardware [11], [13], [15].

This work optimizes ReCA for image classification under
tight resource budgets. We examine efficient CA prop-
agation, aggressive quantization, and lightweight learn-
ing to achieve real-time, energy-efficient inference with
competitive accuracy. We provide quantified cost and
power projections from hardware-emulator simulations.
The following optimization techniques are analyzed:

(i) Image downsampling;
(ii) optimization of CA propagation and temporal depth,
(iii) feature downsampling in post-CA processing,
(iv) lightweight perceptron-based winner-takes-all (WTA)

neural network (PWTANN) hardware architecture.

The remainder of this paper is organized as follows:
Section II discusses image classification using ReCA
within the context of recent literature. Section III details



the proposed architectural enhancements aimed at re-
ducing cost and power dissipation. Section IV provides
analytical results from an in-house Python emulator to
quantify trade-offs on the MNIST benchmark, followed by
concluding remarks in Section V.

II. IMAGE CLASSIFICATION USING RECA

A. ReCA Systems for Reservoir Computing

ECA are 1D arrays of binary cells updated in discrete
time by local rules using a cell and its two neighbors.
In ReCA, rule choice shapes reservoir dynamics and
strongly affects performance. Studies often identify Rule
90 as a top candidate [8], [10], [13], [14], which computes
each cell’s next state as the XOR of its left and right
neighbors, enabling efficient digital implementations (Fig.
1).This elementary local processing makes ReCA well
suited to FPGA hardware, where parallelism and low
power are critical [10].

In a common ReCA architecture, input data are encoded
into the initial state of the CA and iterated for a fixed
number of time steps. The resulting CA states across
iterations are concatenated or pooled to form a feature
vector, which is then passed to a linear classifier for train-
ing and inference [14], [15]. Because the ECA dynamics
remain fixed, the computational burden is confined pri-
marily to the output layer, facilitating real-time operation
at the edge. The general structure of a ReCA system
used for reservoir computing is shown in Fig 2.

B. Application to Image Classification

ReCA leverages parallel, local dynamics and hardware
efficiency for pattern recognition [7], [9], [10]. Pixels are
mapped to cellular states, and the spatiotemporal evo-
lution forms a high-dimensional reservoir that supports
simple linear readouts with low training cost [7], [9], [10].

CNN layers are replaced with convolution-free CA-
based feature reasoning, which maintains competitive
MNIST and CIFAR-10 performance, achieving > 90%
accuracy while cutting computation by < 90% in selected
settings [11], [13]. Combining ECA with simple classifiers
further improves recognition at lower power dissipation,
supporting real-time edge inference [9], [10].

Fig. 1: Elementary CA Rule 90 operation.

Fig. 2: ReCA system for reservoir computing.

C. Off-line Training using SoftMax Regression

A fundamental characteristic of ReCA-based learning
systems is the separation of fixed reservoir dynamics
from a trained readout. This avoids backpropagation and
reduces training complexity compared to fully trainable
networks. Offline training collects labeled reservoir out-
puts to optimize SoftMax or linear weights, which are then
fixed for inference (Fig. 3) [9], [10].

Hardware-oriented CA reservoirs further support
resource-constrained environments using offline-trained
readouts in [12]. Offline SoftMax-based training provides
a practical balance between training efficiency and de-
ployment simplicity [9], [10], [13]. The reference imple-
mentation used as the starting point in this work [10] is
one such hybrid approach for edge applications, where
training is done offline using Adam stochastic optimiza-
tion and weights are loaded to the neural network in
hardware for inferencing only.

D. Low-Cost, Real-Time, Low-Energy Challenges

Despite the advantages of ReCA-based image classifi-
cation, real-time edge deployment faces challenges in
cost, latency, and energy. The prevailing offline-training
paradigm decouples learning from inference but incurs

Fig. 3: Typical offline software training pipeline for SoftMax
regression in ReCA systems [10].



delays for data collection, feature extraction, and retrain-
ing, limiting adaptability in dynamic environments [9],
[10]. State-of-the-art ReCA further imposes computa-
tional overhead from repeated CA iterations to build high-
dimensional reservoirs, increasing real-time processing
latency and memory bandwidth demands; large lattices
and deep temporal evolution can degrade throughput
despite simple, parallelizable updates [10]. Hardware re-
sources are also constrained by storage for intermediate
CA states, feature buffers, and readout weights, with
memory-centric designs emphasizing efficient data struc-
tures to manage footprint and energy [10], [12]. Architec-
tural complexity can rise with additional preprocessing
and multi-stage pipelines, including CA–neural hybrids
that improve accuracy but add compute and memory
costs, reducing the low-latency and low-power benefits
sought for edge systems [9], [13].

These limitations motivate optimized ReCA that re-
duces hardware and associated power dissipation, it-
eration overhead and memory traffic, while preserving
acceptable accuracy.

III. REAL-TIME EDGE ARCHITECTURE

As depicted in Fig. 4, the pipeline comprises image pre-
processing, column-wise cellular automata propagation,
spatial downsampling, and a lightweight classification
stage with real-time learning, which will all be further
detailed in the next subsections.

A. Image preprocessing (Resolution Downsampling)

As shown in Fig. 5, the architecture applies binary prepro-
cessing before ReCA propagation. The reference system
decomposes a 28×28 grayscale image into multiple bit-
planes for multi-layer CA initialization, increasing memory
use and data movement [10]. The proposed method
performs single-bit encoding via a fixed global threshold
as:

B(x, y) =

{
1, I(x, y) > 128

0, otherwise .
(1)

This balances foreground–background separation, elim-

Fig. 4: Overview of the proposed ReCA edge architecture: (A)
Preprocessing, (B) column-wise CA propagation, (C) feature
downsampling, and (D) a lightweight real-time classifier.

Fig. 5: Comparison of multi-bit ReCA initialization [10] (left)
versus the proposed single-threshold binary mapping (right).

inates bit-plane stacking, reduces bandwidth require-
ments, and aligns with Boolean CA rules. Fixing the input
to 28×28 (MNIST) allows the binarized image to directly
initialize the automata, ensuring deterministic mapping
and fixed-dimensional feature generation.

B. ReCA Array

Unlike the reference ReCA, which evolves cellular au-
tomata along both rows and columns with XOR fusion
over 16 iterations [10], the proposed reservoir restricts
propagation to the vertical dimension and reduces it-
erations to 8 with no measurable penalty, as depicted
in Fig. 6. Column-wise updates apply Rule 90 indepen-
dently per column with fixed zero boundaries, eliminating
both horizontal propagation and merge stages to simplify
the datapath. This results in reduced independent parallel
column processing for scalable scheduling. For a binary
CA state x(k) at iteration k,

xi(k + 1) = xi−1(k)⊕ xi+1(k), (2)

Reference ReCA

............

Row-wise Rule 90 CA

Column-wise Rule 90 CA

XOR Merge

16 Iterations

..............

Proposed ReCA

.............

Column-wise Rule 90 CA

8 Iterations

..............

Fig. 6: Dual-direction ReCA propagation versus the proposed
column-only, reduced-depth architecture.



where i represents the vertical cell index within each
column. Shorter temporal depth lowers latency, buffering,
and switching activity while preserving sufficient temporal
mixing for discriminative features. The resulting state
sequence proceeds to the downsampling stage (next
section) prior to classification.

C. Feature Downsampling

After ReCA propagation, spatial downsampling is applied
to reduce feature dimensionality and memory bandwidth
before classification. Unlike the reference architecture,
which applies pooling on higher-dimensional multi-bit
reservoir states, the proposed system performs pooling
directly on the single-layer binary outputs produced by the
column-only ReCA array. A non-overlapping 2 × 2 max
pooling operation with stride 2 is used to reduce each
28 × 28 reservoir state to a 14 × 14 feature map. For a
reservoir state x(k), the pooled output p(k) is defined as:

pi,j(k) = max
{
x2i,2j(k), x2i+1,2j(k),

x2i,2j+1(k), x2i+1,2j+1(k)
}
.

(3)

Concatenating pooled maps across eight iterations yields
a 1568-bit feature vector, lowering data movement and
enabling efficient real-time edge operation.

D. Perceptron-based Winner-Takes-All Neural Network

The final stage integrates a lightweight perceptron-based
winner-takes-all (WTA) classifier capable of online learn-
ing (Fig. 7), replacing the offline fully connected readout
used in the reference ReCA system [10]. In contrast to a
true temporal spiking neural network, this classifier does
not implement spike generation, membrane dynamics,
reset behavior, or event-driven temporal processing. It is
therefore more accurately described as a quantized linear
classifier with binary inputs and discrete online updates,
designed for hardware realization.

The classifier receives a 1568-dimensional binary fea-
ture vector extracted from the reservoir, corresponding to
a 14 × 14 pooled representation over 8 ReCA iterations,
and maps it to 10 output neurons, one for each MNIST
digit class. Thus, the architecture consists of 1568-inputs
fully connected to a 10-neuron output layer. Each output

Fig. 7: Fully connected PWTANN classifier with online learning
(input: 1568 feature bits; output: 10 classes) - synapses (not
shown) on all connections with 6-bit integer weights.

neuron computes an integer-valued linear score from the
active binary inputs:

sk =

1568∑
i=1

wk,ixi + bk, k ∈ {0, . . . , 9} (4)

where xi ∈ {0, 1} is the ith binary input feature, wk,i is
the integer synaptic weight connecting input i to output
class k, and bk is the bias associated with class k. The
predicted class is then obtained through a winner-takes-
all decision rule:

ŷ = argmax
k

sk, (5)

where y denotes the ground-truth class label and ŷ
denotes the predicted class label. Learning is performed
online using a perceptron-style error-driven update with
fixed step size η = 1. If ŷ = y, no update is applied. If
ŷ ̸= y, only the parameters associated with the correct
class y and the incorrectly selected class ŷ are modified.
Specifically, the target-class weight row is incremented
and the predicted-class weight row is decremented:

wy ← wy + ηx, (6)

wŷ ← wŷ − ηx, (7)

while all remaining class weight rows are left unchanged.
Because x is binary, updates occur only at active fea-
ture positions, making the learning rule highly localized
and computationally efficient. The classifier biases are
adapted using the same error-driven logic:

by ← by + η, (8)

bŷ ← bŷ − η. (9)

Thus, when a sample is misclassified, the correct class is
reinforced both by increasing its feature-aligned weights
and by raising its bias, while the incorrectly winning class
is discouraged by decreasing both its weights and its
bias. In this formulation, the bias acts as a class-specific
baseline offset, allowing each output neuron to maintain
a learned preference even when few input features are
active or when class scores are closely matched. This
improves the robustness of single-pass online learning
while preserving implementation simplicity.

To minimize hardware cost, synaptic weights and bi-
ases are stored as 6-bit integers, reduced from the
8-bit precision used in [10]. All weights are initialized
to mid-range value, while the biases are assigned a
common base value with a small fixed offset pattern to
break symmetry across output neurons in a reproducible
manner. The overall learning and inference procedure re-
quires only integer accumulation, comparison, increment,
and decrement, completely avoiding gradient computa-
tion, floating-point arithmetic, and backpropagation. This
makes the classifier well suited to low-latency, real-time
edge deployment while maintaining competitive accuracy,
as discussed in Section IV.



IV. RESULTS

The proposed real-time edge classification pipeline illus-
trated by Fig. 4 in Section III has been evaluated using
Python 3 CPU-based architectural emulation. This sec-
tion reports classification analyses to validate the archi-
tectural design decisions, in the order they were modeled
and analyzed: input preprocessing, downsampling and
iteration depth, classification complexity and precision
and, ReCA propagation. Insights are also provided based
on projected cost, power dissipation and energy savings.
Comparisons are done with respect to the baseline ar-
chitecture in [10], which uses offline elastic augmentation
to add 55,000 new samples twice to MNIST dataset dur-
ing the training process to increase overall classification
accuracy from 91.5% to 95% (grayscale images, offline
Adam optimization of weights that are quantized to 8 bits
before getting loaded back to hardware network.) Elastic
augmentation is ignored in this work, which focuses on
real-time data streams.

A. Image Resolution Reduction

Table I summarizes the performance impact of reducing
input resolution from 8-bit to 1-bit (black and white,
monochrome). While there is no accuracy degradation
from the baseline (91.5%) considering standard MNIST
dataset without augmentation [10]), an estimated 40%
reduction in hardware area and power dissipation is
realized, a projection based on [16], [17]. Although la-
tency reduction is highly dependent on the specific data-
path organization, conservative estimates based on [18],
[19] suggest a 10%–50% improvement in execution time.
These bounds inform the energy saving projections in
Table I, though empirical evidence from similar optimiza-
tions suggests these benefits may be significantly higher
in practice [16], [17].

B. Sensitivity to Downsampling and Iteration Depth

To evaluate temporal depth, the number of ReCA itera-
tions is varied while maintaining 2×2 max pooling. Fig. 8
demonstrates that accuracy improves up to eight itera-
tions, beyond which it saturates, with some observable
variance in the system due to changes in the feature
vectors with different iteration count. Consequently, the
proposed architecture adopts eight iterations to minimize
latency and energy consumption. This optimization yields
an estimated 2 times (2x) improvement in both execution
time and energy consumption compared to the original
16 iterations [10].

TABLE I: Reduction for proposed 1-bit pixel input in simulated
accuracy, projected cost / average power and energy (all nor-
malized to 8-bit grayscale value of 1 [10]).

Input Simulated
Accuracy

Cost / Avg.
Power Diss.

est.

Execution
Time est.

range

Energy
Diss. est.

range

1-bit
B&W 1 0.6 0.5-0.9 0.3-0.5

C. PWTANN Classifier with Reduced Weight Resolution

The correlation between weight precision and classifica-
tion performance is detailed in Fig. 9. While the baseline
hardware implementation employed 8-bit integer weights
[10], the proposed implementation utilizes unsigned 6-
bit quantization to achieve further resource optimization.
In addition, the proposed architecture replaces the multi-
epoch, offline softmax Adam routine with a single-pass
PWTANN classifier. Comparative simulation results, sum-
marized in Table II, indicate a nominal accuracy reduction
of 2.5%. However, the hardware-native classifier elim-
inates gradient computations, floating-point arithmetic,
and iterative training cycles. Based on contemporary
literature [20], this architectural simplification is expected
to yield a projected energy reduction of more than an
order of magnitude.

D. ReCA propagation scheme

To evaluate spatial propagation effects, three ReCA con-
figurations were simulated: Column-only, row-only, and
combined row+column propagation of Rule 90 (with XOR
merging) using 1-bit input pixels and PWTANN classifier.

Fig. 8: Classification accuracy versus number of retained CA
iterations with monochrome pixels.

Fig. 9: Classification accuracy (%) versus weight precision
(iteration count=8).

TABLE II: Classifier accuracy comparison (iteration count=8).

Classifier Train. type Number
Precision

Accuracy
(%)

Softmax (Adam) Offline,
multi-epoch INT8 92

Proposed PWTANN Online,
single-pass UINT6 89.5



TABLE III: Overall accuracy and per-digit accuracy spread com-
parison across ReCA propagation schemes (iteration count=8).

Propagation Method Overall
Accuracy (%)

Accuracy
Spread (%)

Column-only (proposed) 91.89 84.8–99.0
Row-only 91.25 81.9–98.6
Row + Column + XOR 89.47 74.8–97.8

As summarized in Table III, the column-only approach
achieves the best overall accuracy while streamlining the
datapath by eliminating horizontal processing and XOR
merging. Since the values may be within the system’s
numerical error, further analysis has been performed
on the accuracy associated with each digit in MNIST
dataset. The variance across the 10 MNIST classes
in the last column further confirms vertical propagation
alone provides sufficient spatiotemporal diversity for digit
classification. The hardware reduction is expected to
reduce the number of used XOR gates for Rule 90 to
roughly one third, which has both Rule 90 computation
latency and energy efficiency benefit.

V. CONCLUSION

The proposed edge-oriented architecture optimizes the
Reservoir Cellular Automata (ReCA) framework by in-
troducing modular reductions in hardware complexity
and energy demand. By independently tuning input res-
olution, rule propagation, temporal depth, and feature
downsampling, the online hardware modules achieve
a 2–4× reduction in resource overhead compared to
the baseline in [10]. Replacing the original offline soft-
ware classifier with a lightweight, 6-bit perceptron-based
winner-takes-all neural network (PWTANN) is expected
to improve energy efficiency by orders of magnitude.
Experimental validation using a hardware emulator on
the MNIST dataset reveals a marginal accuracy penalty
(none from structural simplifications and a nominal 2.5%
from switching to PWTANN with real-time learning fea-
tures), a trade-off highly viable for battery-constrained
edge applications. This pipeline establishes a scalable
foundation for real-time adaptive inference, with future
efforts directed toward hardware realization and large-
scale dataset extensions.
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