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ABSTRACT
Structures operating in high-rate dynamic environments,

such as hypersonic vehicles, orbital infrastructure, and blast miti-
gation systems, experience extreme stresses where rapid decision-
making is essential. In these contexts, delays on the order of mil-
liseconds can result in catastrophic failures, making structural
health monitoring a critical function. Recent advancements in
high-speed sensing technologies, combined with edge-computing
architectures, are enabling the integration of high-rate structural
health monitoring techniques into real-time programs previously
limited by hardware or computational constraints. This work in-
vestigates the use of multi-layer perceptrons (MLPs) trained on
windowed acceleration time-series data to predict the health state
of electronic assemblies. MLPs are selected for their balance of
prediction accuracy, computational efficiency, and suitability for
hardware acceleration. The trained model is deployed on a field-
programmable gate array (FPGA) to evaluate its feasibility in
embedded environments. The methodology is assessed with re-
spect to prediction accuracy, inference latency, and hardware
resource utilization, highlighting trade-offs between computa-
tional performance and practical deployment. The contributions
of this study are: (1) the development of a framework for apply-
ing MLPs to high-rate structural health monitoring tasks, and
(2) the demonstration of their viability on embedded real-time
computing platforms.

Keywords: real-time, multi-layer perceptron, field-
programmable gate array, structural health monitoring,
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1. INTRODUCTION
High-rate structural health monitoring (HR-SHM) refers to

systems in which sensing, assessment, and decision-making occur
on millisecond timescales [1]. In shock and impact environments,
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structural responses evolve on sub-millisecond timescales, requir-
ing rapid and deterministic inference for effective state estimation.
These high-rate loading conditions can induce both mechanical
and electrical failures in electronic systems. Large transient ac-
celerations generate stress concentrations within printed circuit
boards (PCBs), solder joints, and semiconductor packages, lead-
ing to solder-joint fatigue, pad cratering, interconnect fracture,
and chip cracking [2]. Under repeated shock exposure, such
damage may accumulate without immediate functional failure,
degrading long-term reliability and structural integrity [3]. Early
detection of this degradation is therefore critical for aerospace,
defense, and other safety-critical systems [4].

Existing survivability strategies primarily emphasize me-
chanical mitigation or post-failure detection. Hardware-based
isolation reduces transmitted stress but does not quantify evolv-
ing internal damage states [5]. Software-based fault detection
methods rely on deviations in system outputs and typically iden-
tify faults only after performance degradation has occurred [6].
Data-driven approaches, including neural networks, provide an
alternative by learning discriminative features directly from sen-
sor measurements [7, 8]. However, inference on CPUs or GPUs
introduces variability in latency due to operating system schedul-
ing and shared computational resources [9]. For safety-critical
applications, deterministic execution in dedicated hardware plat-
forms such as FPGAs is preferred [10, 11].

This work develops and evaluates an MLP classifier for
shock-induced health estimation of a PCB and deploys the trained
model on an FPGA for deterministic inference. The MLP is
selected because the classification task is formulated over fixed-
length acceleration windows, enabling a feedforward architecture
with bounded computational depth [12]. The trained model is
evaluated at the impact level to verify feasibility of the classifi-
cation approach, and the FPGA deployment is evaluated in terms
of resource utilization and deterministic timing. Together, these
results quantify the feasibility of using FPGA-deployed neural
networks for high-rate structural state estimation.
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FIGURE 1: Representative PCB acceleration response during a single impact event, shown in (a) the time domain and (b) the frequency
domain.

FIGURE 2: Schematic of the shock test configuration and ac-
celerometer placement on the PCB assembly.

2. METHODOLOGY

2.1. Experimental Setup and Data Preparation
The dataset used in this study was previously developed for

online health monitoring of electronic components subjected to
repeated high-energy shock [13] and is publicly available at [14].
A ball grid array (CABGA_36, Amkor Technology) was mounted
on a PCB and subjected to 30 controlled impact events. Two
accelerometers were used during testing: one mounted to the
shock mass to measure input acceleration and one mounted to the
PCB to measure structural response. The PCB acceleration trace,
consisting of 51,200 samples per one-second acquisition, serves
as the input signal for classification.

A representative PCB acceleration response during impact is
shown in Figure 1. A representative experimental configuration is
shown in Figure 2, with the physical shock test system presented
in Figure 3. The impacts produced an average peak acceleration
of approximately 10,000 𝑔𝑛 with an average half-sine duration of
322 µs, and the PCB exhibits a dominant resonance near 4 kHz.

FIGURE 3: Shock test system used to generate controlled impact
events on the PCB assembly.

Aligned traces were trimmed to a fixed length and segmented
into overlapping windows of 128 samples with a stride of 64 sam-
ples. No input normalization or scaling was applied, reflecting
the intended deployment environment, where acceleration signals
are streamed directly from a data acquisition system and global
statistical properties of future inputs are not known a priori. This
design choice prioritizes consistency between training and de-
ployment conditions, though it may limit robustness to variations
in signal magnitude.

2.2. Neural Network Architecture and Training
The classifier is implemented as a feedforward multilayer

perceptron that maps a fixed-length acceleration window 𝑥 ∈ R128

to a binary health-state estimate. The network consists of three
hidden layers with widths 32, 16, and 8 neurons, followed by
a two-neuron output layer. The model operates on windowed
segments of the PCB acceleration signal and produces a window-
level health-state prediction.
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FIGURE 4: Training and validation split across the 30 impact events.

FIGURE 5: Inference pipeline for window-based PCB health-state
estimation using an MLP classifier.

Forward propagation through layer 𝑙 is defined as

𝑧 (𝑙) = 𝑊 (𝑙)𝑥 (𝑙−1) + 𝑏 (𝑙) , (1)

𝑥 (𝑙) = max(0, 𝑧 (𝑙) ), (2)

where the rectified linear unit introduces nonlinearity in the hid-
den layers. The final layer produces two logits corresponding to
the healthy and unhealthy states. For inference, the scalar logit
difference

𝑑 = 𝑧unhealthy − 𝑧healthy (3)

is mapped to class probability via

𝑃unhealthy =
1

1 + 𝑒−𝑑
, 𝑃healthy = 1 − 𝑃unhealthy. (4)

Training was performed offline using aligned acceleration
traces segmented into overlapping windows of 128 samples with
stride 64. Windows extracted from the first ten aligned impacts
(healthy) and the final ten aligned impacts (damaged) formed the
training dataset, while the middle ten impacts were reserved for
validation. The training/validation split follows the chronologi-
cal progression of the experimental impacts and is therefore best
interpreted as a feasibility study rather than a fully generalizable
validation of damage classification performance. The dataset
partitioning strategy is illustrated in Figure 4, which shows the
separation of healthy and damaged states and the corresponding
allocation of training and testing subsets across the 30 impact
events. Optimization was carried out using the Adam algorithm

FIGURE 6: MLP architecture used for binary health-state classifi-
cation.

with mini-batch updates and early stopping. Dropout regulariza-
tion was applied to the first two hidden layers during training and
removed during deterministic FPGA inference.

The resulting trained parameters were exported for FPGA
deployment. The trained model parameters and FPGA imple-
mentation used in this study are publicly available at [15], en-
abling reproducibility and further investigation of the proposed
approach. Figures 5 and 6 summarize the inference framework
used for window-based health-state estimation, including the pro-
gression from windowed acceleration input through neural net-
work inference to binary health-state prediction, as well as the
multilayer perceptron structure used to perform the classification
task.

2.3. FPGA Implementation
The trained network parameters were exported in FPGA-

compatible form, including transposed weight matrices and bias
vectors. These parameters are stored in on-chip Block RAM
(BRAM) and indexed during inference. The FPGA processes
one window at a time using a window-triggered execution model:
the host transfers a single window, the FPGA executes a bounded
forward pass, and a probability value is returned. No continuously
running loop is used, ensuring deterministic per-window latency.

Each fully connected layer is implemented using a memory-
driven processing loop that maximizes parallelism within the
resource constraints of the FPGA. Weight memories are aggres-
sively unrolled, allowing multiple weights to be read simultane-
ously and paired with the corresponding input features. These
input-weight pairs are processed in parallel by multiple floating-
point multipliers, and the resulting partial products are accumu-
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FIGURE 7: Acceleration time series (top row) and corresponding window-level winner vote (bottom row) for Impacts 2, 12, 18, and 29 (left to
right).

FIGURE 8: Average winning class vote percentage across all 30
impacts, showing progression from healthy to damaged states.

lated to form each neuron’s dot product. The degree of parallelism
is selected to maximize throughput while ensuring the complete
neural network fits within the available FPGA resources. After
accumulation, the neuron bias is added and the ReLu activation
function is applied. The resulting activations are stored in local
memory and used as inputs to the subsequent layer. All computa-
tions are performed using single-precision floating-point (SGL)
arithmetic to maintain numerical consistency with the trained
software model.

FIGURE 9: Impact-level confusion matrix for the validation impacts.

The final stage computes the logit difference and maps it to a
scaled probability using a 512-entry sigmoid lookup table stored
in BRAM. Because BRAM access incurs one-cycle latency, prob-
ability evaluation is implemented using a two-cycle address-read
control sequence and a validity register to ensure stable outputs.
The FPGA returns a scaled integer probability, which the host
converts to floating-point form for interpretation. The resulting
datapath consists exclusively of bounded arithmetic operations
and deterministic memory accesses, enabling repeatable infer-
ence timing suitable for real-time deployment.
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3. RESULTS AND DISCUSSION

3.1. Classification Performance

Classifier performance was evaluated at the impact level us-
ing the reserved middle ten impacts. Fig. 7 illustrates represen-
tative examples from four impacts: one healthy training impact,
one from the first half of the validation set, one from the second
half of the validation set, and one damaged impact. For each case,
the trimmed acceleration time series is shown above the corre-
sponding window-level predicted probabilities, highlighting how
classification confidence evolves throughout the impact event.
To assess classification behavior across the full dataset, Fig. 8
shows the average winning class vote percentage for all 30 im-
pacts as a function of impact index. The transition from healthy
to damaged states is reflected in the increasing dominance of the
damaged class prediction beyond approximately the midpoint of
the impact sequence.

The trained MLP achieved an impact-level accuracy of 90%,
corresponding to 9 correct classifications out of 10 validation
impacts. The distribution of impact-level predictions is summa-
rized in the confusion matrix shown in Fig. 9. While this result
indicates that the model captures the progression from healthy to
damaged behavior using windowed acceleration data, it should
be interpreted as a feasibility indicator rather than a compre-
hensive evaluation of classification performance. The validation
is based on a small, progression-based dataset, and the chrono-
logical train/validation split may introduce sensitivity to impact
ordering rather than fully generalizable damage features. Mis-
classifications are concentrated near transitional impacts, sug-
gesting that additional data diversity and alternative validation
strategies may improve robustness near the damage onset region.

3.2. Hardware Performance

Post-synthesis resource utilization and timing results are
shown in Figure 10 and summarized in Table 1. The deployed
MLP fully utilizes available slices on the target Kintex-7 device,
with 69.5% of lookup tables and 20.8% of registers consumed, as
well as total slice usage reaching 84.7%. Block RAM (BRAM)
utilization remains moderate at 4.6%, and DSP48 usage is limited
to 14.0%, reflecting the sequential multiply-accumulate imple-
mentation strategy.

The design met timing constraints at a 40 MHz clock fre-
quency. Direct measurement on the FPGA indicates that in-
ference of a single 128-sample window requires approximately
609 µs (0.609 ms). This latency is comparable to the duration
of the shock event, indicating that inference can be completed
within a timescale relevant for event-level structural assessment.
Because the datapath consists exclusively of fixed-depth loops
and bounded memory access patterns, the per-window latency is
deterministic and constant across executions, with no variabil-
ity introduced by operating system scheduling or processor-level
resource contention. These results emphasize that the primary
contribution of this work is the demonstration of deterministic,
bounded-latency inference suitable for high-rate embedded de-
ployment.

FIGURE 10: Post-synthesis FPGA resource utilization for the de-
ployed MLP.

TABLE 1: Post-synthesis FPGA resource utilization for the de-
ployed MLP.

slices registers LUTs BRAM DSP48s

utilized 21479 42230 70488 15 84
total 25350 202800 101400 325 600
percent 84.7% 20.8% 69.5% 4.6% 14.0%

4. CONCLUSION
This study demonstrates the feasibility of deploying a mul-

tilayer perceptron on FPGA hardware for shock-induced health-
state estimation with deterministic sub-millisecond latency. The
implemented system achieved a fixed per-window inference la-
tency of approximately 0.609 ms at a 40 MHz clock frequency,
placing it within the high-rate SHM regime. This latency is on
the same order as the shock event duration (hundreds of microsec-
onds), indicating suitability for near-real-time, event-level struc-
tural state assessment. While the trained model achieved 90%
impact-level classification accuracy on the validation impacts,
this result should be interpreted as a feasibility indicator due to
the limited dataset size and progression-based train/validation
split. The primary contribution of this work is the demonstra-
tion of predictable, bounded-latency neural network inference for
high-rate embedded applications.

Post-synthesis analysis revealed full slice utilization on the
target Kintex-7 device, with 83.8% slice usage, highlighting the
hardware cost associated with fully connected network architec-
tures. While the implementation confirms the practicality of
FPGA-deployed neural networks for high-rate state estimation,
logic utilization limits scalability on the selected device. Future
work will focus on reducing hardware footprint through architec-
tural compression, reduced-precision arithmetic, and alternative
network configurations, as well as expanding the training dataset
to improve classification robustness and generalization across a
broader range of shock conditions.
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