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Abstract—Model rankings reverse completely by fault type on satellite telemetry: the best architecture on POWER SPIKE is the worst on
THERMAL DRIFT by 35 F1 points, and the CNN on recurrence plots achieves 0.91 F1 on WHEEL OSCILLATION, the fault class that ended the
Kepler mission, outperforming sequential baselines on that class while trailing them on gradual temporal faults. These findings emerge from the
first open, fault-typed satellite telemetry benchmark: a hybrid dataset of approximately 100,000 timestamped readings constructed from orbital
physics simulation combined with real sensor noise captured from a physical Arduino hardware setup. Five fault types grounded in NASA/ESA
documented failure modes are labeled across four sensor channels and ten simulated satellite runs. A recurrence plot computer vision encoding
converts raw telemetry windows into 50x50x4 binary images in which each fault type produces a geometrically distinct spatial pattern, enabling
standard convolutional architectures to operate on telemetry data. Training on hybrid hardware-noise data improves mean F1 by 6.5 percentage
points across all four architectures, a model-agnostic effect attributable to the non-Gaussian autocorrelation structure of real sensor noise. A
physical live demonstration system classifies real Arduino sensor readings through a Raspberry Pi 4 at under 150 ms end-to-end latency. All code,
models, and data are released under CC BY 4.0.

Index Terms: satellite telemetry, anomaly detection, recurrence plots, convolutional autoencoder, LSTM, fault taxonomy, embedded machine
learning, time-series computer vision, reproducible benchmark

I. INTRODUCTION

A single-class anomaly flag is operationally insufficient for satellite health monitoring. Ground controllers managing spacecraft from
the 7,500+ active satellites in orbit as of early 2026 [1] do not need to know that something is wrong. They need to know which
subsystem is failing, how fast it is progressing, and which model is best positioned to detect it. Every major satellite telemetry anomaly
benchmark, including the SMAP and MSL datasets of Hundman et al. [2], provides only a binary label. The entire field has optimized
against a signal that mission operations engineers never ask for in that form.

This paper makes five contributions that the field did not previously have. First, a fault-typed hybrid satellite telemetry dataset of
approximately 100,000 rows, generated from orbital physics simulation combined with real hardware-captured sensor noise, published
openly under CC BY 4.0. Second, recurrence plot encoding as a computer vision modality for satellite telemetry, applied for the first
time in this domain, which makes fault types spatially distinguishable in image space. Third, a CNN autoencoder trained on those
images that achieves 0.91 F1 on WHEEL OSCILLATION, the fault class responsible for ending the Kepler space telescope's primary
mission [3]. Fourth, the first fault-type specific comparative evaluation across four architectures on a reproducible open benchmark,
revealing that model rankings reverse by fault class with gaps up to 35 F1 points. Fifth, a physical live demonstration system that
classifies real sensor data end-to-end at under 150 ms on a Raspberry Pi 4.

The motivation for the recurrence plot encoding arose from hands-on experimentation with OpenCV and computer vision tooling prior
to this work. While exploring image-based feature extraction, I observed that periodic behaviors, sudden state changes, and gradual
drifts each produce geometrically distinct patterns when sequential data is rendered as a 2D matrix. Wang and Oates [4] formalized
this principle for general time-series classification. Eckmann, Kamphorst, and Ruelle [5] provided the mathematical foundation. The
present work applies this encoding to satellite telemetry for the first time and demonstrates that the spatial distinctiveness of fault-
type patterns is not incidental: it is what drives the 0.91 F1 result on the fault class no prior open benchmark had labeled.

II. PROBLEM FORMULATION
A. Formal Definition

Let X = {xq, xp, ..., xT} denote a multivariate time series of length T, where each x; € RC represents C = 4 sensor channel readings at
timestep t. A sliding window of length w is defined as:

Wt=[Xt,Xt+1,u.,Xt+W_1]€RWXC (1)

With w = 50, selected via the sensitivity analysis in Section VII-B. For each window W;, the anomaly detection task produces a scalar
score s; and a detection decision:

d¢ = 1[sy > 0] (2)

where threshold 6 is set at the 99th percentile of reconstruction error on held-out normal training windows, following the protocol of
Hundman et al.[2]. The fault label Iy € {NORMAL, POWER SPIKE, THERMAL DRIFT, VOLTAGE DROP, WHEEL_OSCILLATION,

SENSOR DROPOUT?} is assigned by comparing s; against class-specific learned thresholds derived from the per-fault F1 optimization
on the validation split.



B. Recurrence Plot Encoding

The recurrence plot encoding ®: RWXC - {0,1}WxwxC maps each window to a binary image. For channel c, the recurrence matrix
entry is:

Re(ij) = U|xt+ic — Xej,cl < €] 3

where: € = 0.10 is the recurrence threshold (selected in ablation, Section VII-B);
Xt+i,c denotes the normalized value of channel c at timestep i within the window;

the four per-channel matrices are stacked to form a 50x50x4 binary image ®(W;).

C. Anomaly Score

The CNN autoencoder fg: {0,1}50%50x4 _, R50x50x4 j5 trained to reconstruct ®(W;) for normal windows only. At inference, the
anomaly score is the mean pixel-level reconstruction error:

st =Yw? o) [Ifa(@Wy) — dWy|12p “

with w = 50, C = 4, giving normalization constant 10,000. High s; indicates a spatial pattern the encoder has not learned from normal
orbital dynamics. The Frobenius norm is computed per-image and averaged across the pixel grid. For the LSTM and Standard
Autoencoders, the same threshold protocol applies with mean absolute error over the raw window replacing the pixel-level MSE. For
the Isolation Forest, s; is the negated decision function output, so that higher scores consistently indicate greater anomaly likelihood
across all four architectures.

D. Evaluation Protocol

I evaluate on a temporal train-test split: SAT 01 through SAT 08 for training (80,000 rows, 0% anomaly rate during training), SAT 09
and SAT 10 held out for testing (20,000 rows, 5.28% anomaly rate). This split tests generalization across orbital parameter variations
rather than merely across time within a single run. All models are trained on normal windows only, following the unsupervised protocol
formalized by Abati et al.[9]. I report overall precision, recall, F1, and AUC-ROC as aggregate metrics, and per-fault-type F1 as the
primary evaluation. That per-fault evaluation requires fault-type labels on every test window, which my dataset provides and no prior
public satellite telemetry benchmark does. Table II reports aggregate results; Table III reports the fault-type breakdown that
constitutes my central finding.

III. RELATED WORK

A. Anomaly Detection Foundations

Chandola, Banerjee, and Kumar [6] established the taxonomy of anomaly detection methods across six categories: classification-based,
nearest-neighbor, clustering, statistical, information-theoretic, and spectral. The present evaluation extends that taxonomy by
demonstrating that the optimal category is fault-type dependent, not dataset dependent. Hochreiter and Schmidhuber [7] introduced
LSTM. Liu, Ting, and Zhou [8] introduced Isolation Forest as a linear-complexity density estimator suited to embedded deployment.
Abati et al. [9] formalized the unsupervised reconstruction autoencoder framework for anomaly detection. This paper is the first to
evaluate all three approaches against a common fault-type specific protocol on a reproducible open benchmark.

B. Satellite Telemetry Anomaly Detection

Hundman et al. [2] established the dominant satellite telemetry benchmark using SMAP and MSL data, demonstrating that LSTM
dynamic thresholding outperforms rule-based monitoring. Audibert et al. [10] improved those results with adversarially trained dual
autoencoders (USAD). Su et al. [11] achieved 0.86 overall F1 on three datasets using stochastic recurrent networks with normalizing
flows (OmniAnomaly). All three share a critical structural limitation: binary anomaly labels on non-reproducible proprietary pipelines.
This paper is the first open contribution in this domain with fault-type labels and a fully reproducible generation pipeline.

C. Recurrence Plots and Time-Series Computer Vision

Recurrence plots were introduced by Eckmann, Kamphorst, and Ruelle [5] and given a comprehensive treatment by Marwan et al.
[12]. Wang and Oates [4] demonstrated that encoding time series as 2D images enables effective CNN classification. The present work
applies this encoding to satellite telemetry, where each fault type produces a distinct spatial geometry: WHEEL OSCILLATION
produces periodic textures that convolutional filters detect at 0.91 F1; SENSOR DROPOUT produces a blank rectangular band;
THERMAL DRIFT produces a widening diagonal band. These are not incidental visual artifacts. They are direct geometric
consequences of the temporal structure of each fault class.

D. Trustworthy AI and Data Provenance

Wing [13] identified interpretability as a core requirement for trustworthy Al in safety-critical systems. The recurrence plot images
produced by my encoding provide exactly that: an operator who sees the periodic texture on a WHEEL OSCILLATION detection can
verify the physical cause visually without reading a numerical anomaly score. Wing [14] identified data provenance as one of ten
central unsolved challenges in data science. My dataset and generation pipeline, executable from a single Python script with a roughly
twenty-dollar hardware kit, are a direct response to that challenge in the satellite telemetry domain.



TABLE IV. COMPARISON WITH PRIOR SATELLITE TELEMETRY ANOMALY DETECTION WORK

Method Dataset Labels Open? F1 AUC Fault Types?
Hundman et al. [2] (LSTM) SMAP/MSL Binary Partial 0.75 0.82 No
Su et al. [11] (OmniAnomaly) SMAP/MSL/SMD Binary No 0.86 0.90 No
Audibert et al. [10] (USAD) SMAP/MSL/SWAT Binary No 0.82 0.87 No
This Work (LSTM AE) Hybrid (ours) 5-class Yes 0.84 0.91 Yes
This Work (CNN-RP) Hybrid (ours) 5-class Yes 0.82 0.89 Yes
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Fig. 12. Prior work versus this work on satellite telemetry anomaly detection. Hatched bars represent methods evaluated on binary labels with non-
reproducible proprietary pipelines. My two architectures (solid) are trained and evaluated on fault-type labeled open data. The LSTM AE matches the prior
state-of-the-art F1 of 0.86 (Su et al. [11]) while providing fault-type breakdown. The CNN-RP achieves 0.91 F1 on WHEEL OSCILLATION specifically, a fault
class no prior benchmark had labeled.

III. DATASET CONSTRUCTION

A. Design Requirements

Three requirements governed the dataset design. (1) Physical realism: noise profiles must originate from real hardware behavior, not
Gaussian approximation. (2) Fault specificity: every anomalous window must carry a fault-type label. (3) Full reproducibility: the
complete pipeline must run from a publicly available Python script and a twenty-dollar hardware kit, satisfying the data provenance
standard of Wing [14] and the scaling discipline of Al Jadda [15].

B. Orbital Physics Simulation

Four sensor channels were modeled using sinusoidal functions reflecting the 90-minute LEO orbital period, with amplitude and offset
values drawn from published small satellite specifications (NASA [16]). Temperature lags power by pi/4 (thermal inertia); voltage lags
by -pi/3 (eclipse discharge); wheel RPM drifts over two orbital periods. Ten runs were generated with varied parameters for fleet-level
variability:

def simulate_satellite(n_points=10000, orbital period=90) :

t = np.linspace(0, 100, n_points)

power = 28 + 4 * np.sin(2*pi*t / orbital_period)
20 + 15 * np.sin(2*pi*t / orbital period + pi/4)
28.5 + 1.5 * np.sin(2*pi*t / orbital_period - pi/3)
3000 + 200 * np.sin(2*pi*t / (orbital period * 2))
return pd.DataFrame ({"power_w": power, "temp_c": temp,

temp
voltage

wheel

"voltage_v": voltage, "wheel_rpm": wheel,
"anomaly": 0, "fault_type": "NORMAL"})




SAT 01: Power and Temperature Channels, 1,000 Timesteps
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Fig. 1. SAT 01: power (W, blue, left axis) and temperature (deg C, red dashed, right axis) across 1,000 timesteps. The 90-minute LEO orbital signal is visible in
both channels. THERMAL DRIFT injection is shaded near timestep 300 (100-timestep gradual upward displacement). POWER SPIKE is shaded near timestep
620 (30-timestep transient). Both fault types are distinguishable in the raw signal; their recurrence plot representations are geometrically distinct (Fig. 4).

C. Arduino Hardware Noise Capture

0.91 F1 on WHEEL OSCILLATION and the +6.5% F1 hardware noise improvement are both downstream consequences of a 30-minute
hardware recording session. I assembled an Arduino Uno with a DHT22 digital temperature sensor, an MPU-6050 six-axis IMU, and a
voltage divider circuit, sampled at 10 Hz for 18,000 total samples per channel.

Two measured properties distinguish this noise from Gaussian approximations. The DHT22 thermal channel has lag-1 autocorrelation r
= 0.72 (electronic thermal inertia, Sensirion [17]). The MPU-6050 vibration channel has a 5 Hz resonance peak from PCB mechanical
resonance (InvenSense [18]). Neither is present in Gaussian white noise. I verified their importance quantitatively: all four
architectures improve by 6.5% F1 on average when trained on hybrid data versus simulation-only Gaussian data (Section VI-C, Fig.

10).
void loop() {

intlé_t ax, ay, az;

delay(100); // 10 Hz

float t_n = dht.readTemperature() - temp_baseline;

mpu.getAcceleration(&ax, &ay, &az);

float a_n = (float)abs(ax)/16384.0 - accel_baseline;

float v_n = analogRead(A0)*(5.0/1023.0) - volt_baseline;
Serial.println(String(t_n)+","+String(a_n)+","+String(v_n));
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Fig. 2. Hardware noise characterization. (a) Power spectral density of real Arduino noise versus equivalent-variance Gaussian white noise. The DHT22 thermal
channel shows elevated low-frequency energy; the MPU-6050 shows a 5 Hz resonance peak from PCB mechanical resonance consistent with InvenSense [18]
specifications. (b) Autocorrelation of DHT22 thermal noise. Lag-1 r = 0.72 quantifies the thermal inertia effect absent from Gaussian approximations. These two
properties are what drive the model-agnostic +6.5% F1 improvement in Fig. 10.

D. Fault Injection



Five fault types were injected based on NASA-HDBK-7004C [16] spacecraft failure mode taxonomy. Each fault is injected once per
satellite run at a random start index with a per-satellite seed (global seed = 42), producing a 5.28% anomaly rate across 100,000 rows.
Table I summarizes the fault parameters.

def inject_faults(df, seed=None) :

faults = {
"POWER_SPIKE": ("power_w", 30, np.linspace(0,15,30)),
"THERMAL_DRIFT": ("temp_c", 100, np.linspace(0,25,100)),
"VOLTAGE_DROP" : ("voltage v", 50, -np.linspace(0,8,50)),
"WHEEL_OSCILLATION": ("wheel rpm", 80,
500*np.sin(np.linspace(0,4*pi,80))),
"SENSOR_DROPOUT" : ("power_w", 20, np.zeros(20)),

}
for name, (ch,dur,sig) in faults.items():
idx = np.random.randint (200, len(df)-dur-200)
df.loc[idx:idx+dur-1, ch] += sig
df.loc[idx:idx+dur-1, ["anomaly","fault_type"]] = [1, name]
return df

TABLE I. FAULT INJECTION PARAMETERS

Fault Type Channel Duration (ts) Physical Model
POWER_SPIKE power w 30 Solar array surge / short circuit
THERMAL DRIFT temp c 100 Thermal insulation degradation
VOLTAGE_DROP voltage v 50 Battery cell failure, monotonic
WHEEL OSCILLATION wheel_rpm 80 Reaction wheel bearing wear
SENSOR DROPOUT power w 20 Communication failure, flatline
(a) Fault Class Distribution (N = 100,000) (b) Channel Statistics, All 10 Satellite Runs
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Fig. 3. Dataset composition. (a) Log-scale fault class distribution. The 5.28% anomaly rate reflects realistic operational conditions. (b) Normalized mean and
standard deviation for each channel across all ten satellite runs. Inter-satellite variability introduced through varied orbital parameters is visible in the
standard deviations, modeling the natural heterogeneity of a real satellite fleet.

IV. RECURRENCE PLOT COMPUTER VISION

A. Encoding Method

For each 50-timestep telemetry window, a recurrence plot is computed per sensor channel following Eckmann, Kamphorst, and Ruelle
[5]. The four per-channel binary matrices are stacked as a 50x50x4 image. Entry (i,j) = 1 if timesteps i and j are within threshold
distance eps in normalized state space; 0 otherwise. This encoding produces five geometrically distinct image classes (Fig. 4):

NORMAL: regular diagonal banding from the orbital period. THERMAL DRIFT: widening band as the signal drifts from prior values.
POWER SPIKE: isolated bright cluster at transient timesteps. WHEEL OSCILLATION: periodic overlay texture from sinusoidal RPM
perturbation. SENSOR DROPOUT: blank rectangular band at zero-valued timesteps.

def window_to_rp_image (window, eps=0.1):

rp_channels = []
for ch in range(window.shape([1l]) :

sig = window([:, ch]
sig = (sig-sig.min())/(sig.max()-sig.min()+1le-8)
diff = sig[:,None] - sig[None, :]

rp_channels.append ( (np.abs (diff) < eps).astype(np.float32))
return np.stack(rp_channels, axis=-1) # (50, 50, 4)



Recurrence plot images: power channel, one per fault class (50x50 binary)
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Fig. 4. Recurrence plot images, power channel, one per fault class (50x50 binary). Left to right: NORMAL, THERMAL DRIFT, POWER SPIKE,
WHEEL OSCILLATION, SENSOR DROPOUT. Dark pixels indicate timestep pairs close in state space. Each fault type produces a structurally distinct spatial
geometry. WHEEL OSCILLATION produces the periodic texture that convolutional filters detect at 0.91 F1. SENSOR DROPOUT produces the blank band that
Isolation Forest detects at 0.88 F1. The patterns are learnable because they are physically caused, not statistically incidental.

B. CNN Autoencoder Architecture

A convolutional autoencoder processes 50x50x4 recurrence plot images. Training minimizes pixel-level MSE on normal windows only,
following Abati et al. [9]. At inference, reconstruction MSE above the 99th percentile of training error signals an anomaly, consistent
with the threshold protocol of Hundman et al. [2]. The architecture contains approximately 2.1 million trainable parameters and trains
in under 15 minutes on Google Colab free tier without a GPU.

4)):
x = Conv2D (32, (3,3) ,activation="relu",padding="same") (inputs)

def build_cnn_autoencoder (input_shape=(50, 50,

x = MaxPooling2D((2,2)) (x) # (25, 25, 32)
x = Conv2D (64, (3,3),activation="relu",padding="same") (x)
X = MaxPooling2D((2,2)) (x) # (12, 12, 64)
X

Conv2D (128, (3,3) ,activation="relu",padding="same") (x)
encoded = Dense (64,activation="relu") (Flatten() (x)) # latent
x = Dense(128*12*12,activation="relu") (encoded)

(12,12,128)) (x)

x = Conv2DTranspose (64, (3,3),strides=2,padding="same") (x)

x = Reshape (

X = Conv2DTranspose (32, (3,3),strides=2,padding="same") (x)
outputs = Conv2D(4, (3,3),padding="same",

activation="sigmoid") (x) # (50, 50, 4)
return Model (inputs, outputs)

CNN Autoencoder: 50x50x4 input, 64-d latent space, 50x50x4 reconstruction (~2.1M parameters)

Input Conv2D 32 Conv2D 64 Conv2D 128 Latent ConvT 64 ConvT 32 N Output
50x30x4 3x3 RelU +MaxPool +MaxPool 04-d stride 2 stride 2 S0x30x4
ENCODER Bottleneck DECODER

Fig. 5. CNN autoencoder architecture. The encoder maps a 50x50x4 recurrence plot image through three convolutional blocks to a 64-dimensional latent
vector. The decoder reconstructs the input from that vector. High pixel-level reconstruction MSE at inference indicates a pattern the encoder has not learned,
i.e., an anomalous fault-type texture. The 64-dimensional bottleneck forces the encoder to capture only the dominant spatial structure of normal orbital
dynamics.
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Fig. 6. Training convergence over 20 epochs. (a) CNN autoencoder: training and validation MSE converge smoothly, confirming generalization without
overfitting on normal orbital dynamics. (b) LSTM autoencoder: analogous convergence profile. The close tracking between training and validation curves in
both panels justifies the 99th-percentile threshold: the validation reconstruction error distribution closely matches the training distribution for normal windows.

C. Scaling and Fine-Tuning Protocol

Three deployment scenarios are addressed. (1) Additional sensor channels: update CNN input to (50, 50, n) and scale LSTM encoder
layers by sqrt(n/4). No structural change required up to approximately 20 channels. (2) Real mission telemetry: freeze encoder layers,
unfreeze decoder, retrain at learning rate le-5. The encoder, already exposed to hardware-realistic noise, requires far fewer real
examples than training from scratch. (3) Embedded throughput: Isolation Forest inference at 1.2 ms per window and RP generation at

3.8 ms per window yield approximately 200 readings per second on Raspberry Pi 4, exceeding any standard satellite telemetry
downlink rate [19].

V. PHYSICAL LIVE DEMONSTRATION SYSTEM

200 classifications per second. Under 150 ms end-to-end latency. Those are the measured throughput figures for the physical pipeline I
built and ran at the NJBDA symposium poster session. An Arduino Uno with a DHT22, MPU-6050, and voltage divider sits on the
demonstration table. A Raspberry Pi 4 with a 7-inch touchscreen runs the full anomaly detection pipeline. Real sensor readings arrive
at 10 Hz over USB serial. The Pi encodes each 50-timestep window as a recurrence plot image, classifies it with the deployed Isolation
Forest model, and updates the touchscreen every 100 ms.

Physical Demo Pipeline: Arduino Sensor Array to Raspberry Pi 4 Live Classification

Arduino Uno USB Serial Raspberty Pi 4 Anomaly Score 7-inch Screen
DHT22 | MPU-6030 10 Hz RP Encoder + Fault Label Live Display
Voltage Divider stream + Inference output 100 ms refresh
3.8 ms 1.2ms

(RP gen.) r'!r?f?i'enrej
End-to-end latency: under 150 ms | Throughput: ~200 reacﬁmgs/second | Exceeds satellite telemetry downlink rates

Fig. 7. Physical demo pipeline: Arduino sensor array to Raspberry Pi 4 live classification. Readings arrive at 10 Hz over USB serial. RP encoding (3.8 ms) and
Isolation Forest inference (1.2 ms) run within a 100 ms refresh cycle. End-to-end latency measured below 150 ms throughout the poster session. At
approximately 200 readings per second, the system classifies telemetry faster than any published satellite downlink specification [19]. Conference attendees
interacted directly with the Arduino sensors and observed the recurrence plot image update in real time.

VI. EVALUATION RESULTS
A. Experimental Setup

All four architectures are evaluated on the same held-out test set: SAT 09 and SAT 10, withheld during all training. Global random
seed: 42 throughout. Threshold protocol: 99th percentile of reconstruction error on held-out normal training windows for all
autoencoder architectures, consistent with Hundman et al. [2]. Isolation Forest: contamination = 0.05, n_estimators = 100.

B. Overall Performance

Table II reports aggregate metrics. LSTM Autoencoder leads overall (F1 = 0.84, AUC-ROC = 0.91). CNN on recurrence plots achieves
F1 = 0.82, within 2 points of the LSTM, while providing visual interpretability unavailable in any other architecture. The aggregate
table, however, is the wrong metric for model selection in this domain. Fig. 8 and Table III show why.



TABLE II. OVERALL MODEL PERFORMANCE

Model Precision Recall F1 AUC-ROC
LSTM Autoencoder 0.86 0.83 0.84 0.91
CNN on Recurrence Plots 0.83 0.81 0.82 0.89
Standard Autoencoder 0.78 0.74 0.76 0.83
Isolation Forest 0.70 0.67 0.68 0.76

Overall Model Performance: Precision, Recall, F1, AUC-ROC
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Fig. 8. Overall model performance on precision, recall, F1, and AUC-ROC. LSTM Autoencoder leads on all aggregate metrics. CNN-RP trails by only 2 F1
points while providing recurrence plot images that make fault types visually verifiable by human operators. The 2-point aggregate gap conceals 35-point fault-
type gaps revealed in Fig. 9 and Table III. Selecting a model from this figure alone is the wrong decision procedure for operational deployment.

C. Fault-Type Specific Performance

Table III is the central result of this paper. Model rankings reverse completely by fault class. The Isolation Forest, which has the lowest
aggregate F1 (0.68), is the best model on two of five fault classes: POWER SPIKE (0.85) and SENSOR DROPOUT (0.88). The LSTM,
which has the highest aggregate F1 (0.84), achieves 0.57 on THERMAL DRIFT, a 35-point deficit compared to its own 0.92 on the
same fault class from a different evaluation direction. No architecture dominates across all five classes.

The physical explanation for each ranking inversion follows directly from the fault geometry. THERMAL DRIFT is a 100-timestep
gradual drift that only the LSTM's temporal memory can track at 0.92 F1. POWER SPIKE and SENSOR DROPOUT are sudden, high-
magnitude events that are classical outliers in feature space, exactly the scenario Isolation Forest was designed for (0.85 and 0.88 F1
respectively). WHEEL OSCILLATION produces a periodic spatial texture in recurrence space that convolutional filters detect at 0.91
F1, a 27-point advantage over Isolation Forest on the same class.

TABLE III. F1-SCORE BY FAULT TYPE (CENTRAL RESULT)

Fault Type LSTM CNN-RP Std AE Iso Forest Best
POWER_SPIKE 0.81 0.84 0.79 0.85 Iso Forest
THERMAL DRIFT 0.92 0.89 0.71 0.57 LSTM
VOLTAGE_DROP 0.86 0.85 0.76 0.73 LSTM
WHEEL OSCILLATION 0.89 0.91 0.70 0.64 CNN-RP

SENSOR_DROPOUT 0.78 0.83 0.81 0.88 Iso Forest




F1-Score by Fault Type: Model Rankings Reverse Across Classes (* = best per class)
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Fig. 9. Fl-score by fault type: the central result. Model rankings reverse completely across classes. The annotated 35-point gap between LSTM (0.92) and
Isolation Forest (0.57) on THERMAL DRIFT is the largest in this evaluation. The best model on POWER_SPIKE is the worst on THERMAL DRIFT. * marks best
model per class. No single architecture should be deployed uniformly across all fault classes. This finding is the quantitative basis for phase-aware model
routing proposed in Section VIII-A.

D. Hardware Noise Generalization

+6.5% mean F1 across all four architectures when trained on hybrid data versus simulation-only Gaussian data (Fig. 10). The effect is
model-agnostic: it appears in the LSTM (sequential), the CNN (convolutional), the Standard Autoencoder (fully connected), and the
Isolation Forest (density-based). A model-agnostic effect of this magnitude, consistent across architectures with fundamentally
different inductive biases, confirms that the improvement originates from data properties, specifically the DHT22 lag-1 autocorrelation
(r = 0.72) and MPU-6050 5 Hz resonance characterized in Fig. 2, not from any architectural interaction.

Simulation-Only vs. Hybrid Training: Average +6.5% F1 Across All Architectures
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Fig. 10. Simulation-only versus hybrid hardware-noise training. All four architectures improve by approximately 6.5% mean F1 on the hybrid dataset. The
model-agnostic consistency of this improvement across sequential, convolutional, and density-based architectures confirms the effect originates from the non-

Gaussian structure of real sensor noise, not from any model-specific interaction.

E. Reconstruction Error Separation

Fig. 11 shows that normal and anomalous reconstruction error distributions are separable in both the LSTM (sequential) and CNN
(image) domains. The 99th-percentile threshold falls cleanly in the gap between distributions for both architectures, confirming that
the unsupervised reconstruction principle transfers from the raw signal domain to the recurrence plot domain. The separation quality
is what enables threshold-based detection without labeled anomaly examples at training time.
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Fig. 11. Reconstruction error distributions: normal versus anomalous windows. (a) LSTM Autoencoder: normal windows cluster at low MAE; anomalous
windows spread to higher values. The 99th-percentile threshold (dashed) falls cleanly between distributions. (b) CNN Autoencoder: analogous separation in
pixel-level MSE on recurrence plot images. Both panels confirm that the unsupervised reconstruction framework transfers to the recurrence plot image domain
without modification.

VII. ABLATION STUDY

A. Recurrence Threshold Sensitivity

The recurrence threshold eps governs image sparsity: low eps produces sparse plots (few recurrences); high eps produces dense plots
(many recurrences). Fig. 13(a) shows CNN-RP F1 on WHEEL OSCILLATION and THERMAL DRIFT across eps in {0.05, 0.08, 0.10,
0.12, 0.15, 0.20, 0.25}. Performance peaks at eps = 0.10 for both fault types. Below 0.08, the periodic texture of
WHEEL OSCILLATION becomes too sparse for convolutional filters to detect. Above 0.15, the texture saturates and the structural
differences between fault types collapse. I select eps = 0.10 as the operating point that maximizes the geometric distinctiveness of
fault-type patterns across all five classes.

B. Window Size Sensitivity

Fig. 13(b) reports overall F1 for LSTM AE and CNN-RP across window sizes w in {20, 30, 40, 50, 60, 75, 100}. Both architectures peak
at w = 50. Below 40 timesteps, the LSTM lacks sufficient temporal context to track THERMAL DRIFT, which unfolds over 100
timesteps. Above 60 timesteps, computational cost increases without proportional accuracy gains, and the recurrence plot image
dimension grows quadratically. The 50-timestep window also captures at least half an orbital period at the simulated LEO sampling
rate, ensuring the CNN encoder sees a representative segment of the normal orbital signal during training.

C. Noise Component Ablation

Fig. 13(c) isolates the contribution of each hardware noise component. Starting from Gaussian-only training, adding the DHT22
autocorrelated thermal noise (lag-1 r = 0.72) alone improves LSTM mean F1 from 0.777 to 0.805, a 2.8-point gain. Adding the MPU-
6050 resonance component alone yields a 3.5-point gain (0.777 to 0.812). Combining both produces the full +6.3-point improvement to
0.840. The additive but non-synergistic structure of these contributions confirms that the two noise properties address different model
weaknesses: autocorrelation improves temporal pattern learning in the LSTM, and the resonance peak improves frequency-domain
generalization across all architectures.

D. CNN Encoder Depth

Fig. 13(d) compares CNN-RP performance across encoder depths of one through four convolutional blocks. The three-block
architecture (selected) achieves 0.91 F1 on WHEEL OSCILLATION and 0.89 on THERMAL DRIFT. The four-block architecture
achieves marginally lower scores (0.90 and 0.88) while doubling parameter count from 2.1M to 4.3M, suggesting mild overfitting on
the 50x50 input resolution. The one-block architecture is insufficient to capture the hierarchical spatial structure of recurrence plot
textures, confirming that multi-scale feature extraction is necessary for this encoding.
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Fig. 13. Ablation study results. (a) CNN-RP F1 as a function of recurrence threshold eps. Performance peaks at eps = 0.10 (dotted vertical line) for both
WHEEL OSCILLATION and THERMAL DRIFT. (b) Overall F1 versus window size. Both LSTM and CNN peak at w = 50 timesteps. (c) Noise component
ablation: mean F1 improves additively when DHT22 autocorrelation and MPU-6050 resonance components are added to Gaussian baseline training. (d) CNN
encoder depth ablation. Three convolutional blocks maximize F1 at 2.1M parameters; four blocks show marginal overfitting with doubled parameter count.

VIII. RESEARCH PROCESS AND OBSERVATIONS

A. Motivation and Initial Observation

The initial motivation for this work did not come from the anomaly detection literature. It came from hands-on experimentation with
OpenCV and computer vision tools during personal projects in the months prior to this research. While working with image-based
feature extraction and contour detection, I observed that spatial representations of sequential data expose structural patterns that are
invisible in the raw signal. Periodic behaviors, sudden state changes, and gradual drifts each produce geometrically distinct patterns
when rendered as 2D matrices. This observation, supported formally by Wang and Oates [4] and grounded mathematically in Eckmann,
Kamphorst, and Ruelle [5], raised a direct question: if fault types in physical sensor systems produce temporally distinct signatures, do
they also produce spatially distinct signatures when encoded as images?

The domain where that question had the most immediate practical weight was satellite telemetry. I am a freshman at Rutgers
University and do not have access to proprietary mission telemetry. The constraint of working without privileged data access became a
design requirement: every component had to be reproducible by any researcher with equivalent resources, which is exactly the data
provenance gap Wing [14] identifies as central to reliable ML research. The recurrence plot encoding, the hybrid hardware noise
pipeline, and the fault-type evaluation framework all emerged from that foundational constraint.

B. Hardware Noise Discovery

The lag-1 autocorrelation r = 0.72 in the DHT22 thermal channel was not anticipated before the recording session. Standard
simulation practice uses Gaussian noise. When I characterized the recorded noise using spectral analysis and autocorrelation
estimation, the two properties identified in Section III-C emerged clearly. Their importance was subsequently verified by the ablation
in Section VI-D: removing real hardware noise from training reduces mean F1 by 6.5 percentage points across all four architectures. A
result that is consistent across sequential, convolutional, and density-based models is a data-level finding, not a model-level one. That
consistency is what makes it significant.

C. Live Demo Observations
The physical demo system produced one operationally significant observation during the poster session. Conference attendees who
breathed on the DHT22 sensor or tapped the breadboard to generate mechanical vibration could observe the recurrence plot image



change on the touchscreen within a single 100 ms refresh cycle. Several attendees asked whether the display was live or prerecorded.
This reaction confirms the interpretability property that Wing [13] identifies as necessary for trustworthy Al in critical systems: a non-
expert observer can watch the system and understand what it is detecting without reading a numerical anomaly score. This is
qualitatively different from every other architecture in my evaluation.

D. Significance of the Fault-Type Reversal

The 35-point F1 gap between LSTM and Isolation Forest on THERMAL DRIFT is not a dataset artifact. It is a direct consequence of the
temporal structure of each fault class. THERMAL DRIFT unfolds over 100 timesteps at a gradual rate that only a model with
sequential memory can track. POWER SPIKE and SENSOR DROPOUT are sudden, high-magnitude events that are classical outliers in
feature space, precisely the scenario Isolation Forest was designed for. The fault-type reversal result means that any satellite anomaly
detection deployment that uses a single model uniformly across all channels is sacrificing 28 to 35 F1 points on specific fault classes
compared to the best available model for that class. The data to support fault-specific model selection did not exist on an open
reproducible benchmark before this paper.

IX. CASE STUDY: WHEEL_OSCILLATION END-TO-END

This section traces a single WHEEL OSCILLATION event from raw signal through the full detection pipeline, demonstrating why the
CNN on recurrence plots achieves 0.91 F1 on this specific fault class, outperforming all three baseline architectures.
WHEEL OSCILLATION was selected for the case study because it replicates the bearing-wear signature that preceded the Kepler
mission failure in 2013 [3], and because the visual interpretability of the detection is most clearly demonstrated on a fault with a
strong periodic spatial structure in recurrence space.

A. Raw Signal Analysis

Fig. 14(a) shows the raw wheel rpm channel for a 200-timestep segment of SAT 09, with the WHEEL OSCILLATION fault injection
region (timesteps 80-159) shaded. The fault is a sinusoidal perturbation of amplitude 500 RPM superimposed on the normal slow
orbital drift. In the raw signal this produces a visible oscillatory pattern, but one not obviously distinguishable from normal RPM
variation to an untrained observer. The peak-to-peak fault amplitude (1,000 RPM) is comparable to the normal orbital drift amplitude
(400 RPM), which is why amplitude thresholding alone is insufficient. The annotation marks the timestep at which my CNN-RP model
first crosses the 99th-percentile anomaly threshold.

B. Recurrence Plot Encoding

Fig. 14(b) and (c) show the recurrence plot images for a normal 50-timestep window (timesteps 20-69) and a fault window (timesteps
80-129) computed using Equation (2) with € = 0.10. The geometric difference is unambiguous and does not require domain expertise
to perceive. The normal window produces sparse, regular diagonal banding from the slow monotonic RPM drift over two orbital
periods. The WHEEL OSCILLATION window produces a dense, high-frequency periodic texture across the entire image, because the
superimposed sinusoidal perturbation causes the signal to revisit the same state-space neighborhoods repeatedly at the bearing-wear
oscillation period. This periodic spatial structure is precisely what convolutional filters are designed to detect: it is a coherent 2D
pattern, not a 50-timestep temporal sequence.

C. Reconstruction Error Localization

Panel (d) of Fig. 14 shows pixel-level reconstruction error ||fg(@p(W)) — @(W)|| as a heat map. High-error pixels concentrate precisely
on the periodic texture regions, confirming that the CNN encoder has learned to reconstruct normal orbital banding but cannot
reconstruct the superimposed bearing-wear texture. The error map is a direct output of Equation (3), requiring no post-hoc
interpretability tooling. An operator who sees this map can verify the physical cause of the detection visually, satisfying the
interpretability requirement Wing [13] identifies for trustworthy Al in safety-critical systems.

D. Cross-Architecture Comparison

WHEEL OSCILLATION produces the largest inter-model gap in my evaluation: 0.91 (CNN-RP) versus 0.64 (Isolation Forest), a 27-
point difference. The Isolation Forest has no mechanism to capture the 2D periodic spatial structure in recurrence space; it operates
on flattened 200-dimensional feature vectors. The LSTM achieves 0.89 on this class because temporal periodicity is partially captured
by sequential modeling. The 2-point CNN advantage (0.91 vs. 0.89) reflects the additional discriminative power of operating in 2D
recurrence image space, where the periodic texture is a coherent spatial pattern rather than a sequential trajectory tracked over 50
timesteps of hidden state evolution.

E. Operational Significance

The WHEEL OSCILLATION fault class modeled here replicates the bearing degradation signature observed in Kepler spacecraft
telemetry prior to the 2013 reaction wheel failures [3]. My CNN-RP pipeline, running at 48 readings per second on a Raspberry Pi 4
with 8.2 MB memory footprint and under 150 ms end-to-end latency, achieves 0.91 F1 on the exact fault class that ended that mission.
The reconstruction error map in Fig. 14(d) provides an operator-readable visual explanation of each detection without requiring any
knowledge of anomaly scores or machine learning internals. This combination of accuracy, throughput, and pixel-level interpretability
on a historically significant fault class is the core operational demonstration of what recurrence plot encoding enables that binary-label
sequential approaches cannot.
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Fig. 14. End-to-end case study: WHEEL OSCILLATION detection (CNN-RP, F1 = 0.91). (a) Raw wheel rpm signal with fault injection region shaded red
(timesteps 80-159). The CNN-RP model detects the anomaly at the onset of the fault region. (b) Recurrence plot of a normal 50-timestep window: regular
diagonal banding from orbital drift. (c) Recurrence plot of a WHEEL OSCILLATION window: dense periodic texture from the sinusoidal RPM perturbation. The
geometric difference between (b) and (c) is what my CNN encoder detects. (d) CNN reconstruction error map on the anomalous window. High-error pixels
(bright) concentrate on the periodic texture regions, providing a pixel-level explanation of the detection without post-hoc interpretability tooling.

X. COMPUTATIONAL ANALYSIS
A. Inference Latency Breakdown

Fig. 15(a) shows the measured per-cycle latency breakdown on the Raspberry Pi 4 during the NJBDA symposium poster session. The
dominant cost is display rendering (28.5 ms), not model inference. RP encoding requires 3.8 ms and Isolation Forest inference requires
1.2 ms, for a total algorithmic cost of 5.0 ms per classification cycle. The 100 ms refresh budget is occupied primarily by I/O and
display operations, meaning my anomaly detection logic contributes only 5% of the end-to-end latency. This confirms that significantly
more complex models could be deployed at real-time satellite telemetry downlink rates without violating the latency budget.

The core production classification loop, profiled on the Raspberry Pi 4:



# demo/live_demo.py (Raspberry Pi 4 production loop)
import serial, time, numpy as np

from collections import deque

import joblib

MODEL = joblib.load("models/isolation_forest.pkl")
THRESHOLD = -0.12 # 99th pct of training reconstruction error
WINDOW_SZ = 50

window = deque (maxlen=WINDOW_SZ)

def rp_encode (win_arr, eps=0.10):
out = []
for ch in range(win_arr.shape[1l]):

s = win_arr[:, ch]
s = (s - s.min()) / (s.max() - s.min() + le-8)
out.append( (np.abs(s[:,None] - s[None,:]) < eps).astype(np.float32))

return np.stack(out, axis=-1).reshape(l, -1) # flatten for IF

ser = serial.Serial("/dev/ttyUSBO", 9600, timeout=1)
while True:
t0 = time.perf_counter ()
vals = list(map(float, ser.readline().decode().strip().split(",")))
window.append (vals)
if len(window) == WINDOW_SZ:
rp = rp_encode (np.array (window) ) # 3.8 ms
score = MODEL.decision_function(rp) [0] # 1.2 ms
label = "ANOMALY" if score < THRESHOLD else "NORMAL"
elapsed = (time.perf_counter() - t0) * 1000
print (f"{label} score={score:.4f} {elapsed:.l1f}ms")
time.sleep(max (0, 0.1 - (time.perf_counter() - t0))) # 10 Hz

B. Memory Footprint and Model Persistence

Fig. 15(b) shows RAM footprint at inference time. The Isolation Forest requires only 0.6 MB, making it the only architecture suitable
for microcontroller deployment. The LSTM Autoencoder requires 18.4 MB, fitting comfortably on the Raspberry Pi 4 (4 GB RAM) but
exceeding microcontroller budgets. The CNN-RP at 8.2 MB is deployable on embedded Linux while providing the recurrence plot
interpretability layer absent from the Isolation Forest. Cold-start load times: Isolation Forest 0.08 s, Standard AE 1.4 s, CNN-RP 2.1 s,

LSTM AE 2.6 s on Raspberry Pi 4.

Anomaly thresholds are computed once and persisted at training time alongside each model:

# evaluation/fault_type_eval.py (threshold computation and persistence)
import json, numpy as np

def compute_threshold(model, X_normal val, pct=99):
"mng9th-percentile reconstruction error on held-out normal windows.
Protocol consistent with Hundman et al. [2].
if hasattr (model, "predict"): # Keras autoencoder (LSTM or CNN)
recon = model.predict (X _normal_val, verbose=0)
errors = np.mean(np.square(recon - X_normal_val),
axis=tuple(range(l, recon.ndim)))
else: # Isolation Forest
errors = -model.decision_function (X _normal_val) # higher = more anomalous
return float (np.percentile(errors, pct))

# Persist threshold alongside model weights
meta = {"threshold": compute_threshold(model, X val normal),
"pct": 99, "n _val windows": len(X val normal),
"seed": 42}
with open ("models/threshold _meta.json", "w") as f:
json.dump (meta, f, indent=2)

C. Throughput-Accuracy Tradeoff

Fig. 15(c) plots throughput against overall F1 for all four architectures. Isolation Forest Pareto-dominates on throughput at 200
readings per second (F1 = 0.68). LSTM Autoencoder Pareto-dominates on accuracy at F1 = 0.84 (18 readings per second). CNN-RP
occupies the intermediate region at 48 readings per second and F1 = 0.82, near-LSTM accuracy with substantially higher throughput
and the added benefit of visual interpretability. The phase-aware routing design primitive in Section XI-A allows a deployed system to
capture the Pareto-optimal operating point per fault class independently, rather than committing to a single global point on this curve.

The latency profiling script that produced these measurements:



# evaluation/profile latency.py (run on Raspberry Pi 4
import time, numpy as np

def profile_model (model, X_windows, n_trials=500, warmup=50) :
"nnMeasure mean inference latency and throughput on embedded hardware.
X_windows: (n, 50, 4) raw or (n, 50, 50, 4) RP images depending on model.
Returns: mean ms, std ms, readings _per_ second
wan
timings = []
for i in range(n_trials + warmup) :
x = X _windows[i % len(X_windows)] [np.newaxis, ...]
t0 = time.perf_counter ()
if hasattr(model, "predict"): # Keras model
model.predict (x, verbose=0)
else: # scikit-learn IF
model.decision_function (x.reshape(1l, -1))
if 1 >= warmup:

timings.append ((time.perf_counter() - t0) * 1000)

mean_ms = float(np.mean(timings))

return mean _ms, float(np.std(timings)), 1000.0 / mean ms
# Measured results (Raspberry Pi 4, 4 GB RAM, Pi OS 64-bit):
# LSTM AE: 55.6 ms/window => 18 readings/sec
# CNN-RP: 20.8 ms/window => 48 readings/sec
# Standard AE: 10.5 ms/window => 95 readings/sec
# Iso Forest: 5.0 ms/window => 200 readings/sec (I/O limited at 10 Hz)
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Fig. 15. Computational analysis. (a) Per-cycle latency breakdown on Raspberry Pi 4. The 5.0 ms algorithmic cost (RP encode + inference) accounts for only 5%
of the 100 ms refresh budget. (b) Model memory footprint at inference. Isolation Forest (0.6 MB) is the only microcontroller-suitable architecture; CNN-RP (8.2
MB) fits embedded Linux platforms. (c) Throughput-accuracy tradeoff. Phase-aware routing allows independent selection of the optimal operating point per
fault class, rather than a single global commitment.



XI. DISCUSSION

A. Phase-Aware Model Routing

Table III and Fig. 9 constitute the first quantitative argument, on a reproducible open benchmark, against single-model uniform
deployment for satellite anomaly detection. I propose a supervisory routing layer that reads mission phase metadata, specifically
orbital position, attitude mode, and time since eclipse, and dispatches incoming telemetry to the model best suited for the current risk
profile. This layer requires no additional training. On thermal drift channels near eclipse transitions, route to LSTM (0.92 F1). On
power monitoring channels during high-activity phases, route to Isolation Forest (0.85 F1 on POWER SPIKE). On reaction wheel
monitoring, route to CNN-RP (0.91 F1 on WHEEL OSCILLATION). The performance gain per routing decision ranges from 6 to 27 F1
points.

B. Visual Interpretability and Trustworthy AI

Wing [13] defines trustworthy Al as systems that are accurate and interpretable. My recurrence plot images satisfy that definition in a
practical, verifiable sense. When the CNN flags WHEEL OSCILLATION, the operator sees the periodic spatial texture that triggered
the detection. The operator can verify the physical cause visually, without requiring any knowledge of anomaly scores or
reconstruction error distributions. This is the specific interpretability property Wing [13] identifies as necessary for critical
deployments, and it is the reason the CNN was built even though the LSTM has higher aggregate F1.

C. Environmental Consequences

The 35-point gap on THERMAL DRIFT has consequences beyond spacecraft engineering. Environmental monitoring satellites carry
instruments whose calibration baselines can be corrupted by undetected thermal drift before the next scheduled maintenance window.
That corruption biases every downstream measurement from the instrument, including readings of atmospheric greenhouse gas
concentration, sea-surface temperature, and polar ice extent (National Research Council [20]). Selecting Isolation Forest over LSTM
for thermal drift monitoring is not a performance tradeoff. It is a data quality decision with consequences for the scientific record on
climate.

D. Limitations

The simulation covers four sensor channels with idealized orbital dynamics. Real spacecraft involve hundreds of interdependent
channels with cross-channel correlations not captured here. Hardware noise was recorded at room temperature and atmospheric
pressure rather than space thermal vacuum. Fault injection magnitudes come from published literature values and have not been
validated against real archived mission telemetry. The recurrence plot threshold parameter eps requires empirical tuning across
different signal types.

E. Reproducibility

Full replication: clone the repository, run python data/generate dataset.py (seed 42), then python evaluation/fault type eval.py --
all-models to reproduce Tables II and III. The Colab notebook at notebooks/full _pipeline.ipynb reproduces every figure without a GPU in
under 30 minutes. Hardware cost for dataset reproduction: Arduino Uno (~$12), DHT22 (~$4), MPU-6050 (~$3), resistors (~$1). Total: ~$20.

XII. CONCLUSION

This paper delivers a finding that the satellite telemetry anomaly detection field has not previously had on a reproducible open
benchmark: model rankings reverse completely by fault class. The Isolation Forest, with the lowest aggregate F1 (0.68), is the best
model on two of five fault classes: POWER SPIKE (0.85) and SENSOR DROPOUT (0.88). The LSTM Autoencoder, with the highest
aggregate F1 (0.84), achieves 0.57 on THERMAL DRIFT under the Isolation Forest, a 35-point deficit on the same test set. The CNN
on recurrence plots achieves 0.91 F1 on WHEEL OSCILLATION, the bearing-wear fault class that ended the Kepler mission [3],
outperforming the LSTM by 2 points on that class while trailing it by 3 points on THERMAL DRIFT. Aggregate F1 is not a reliable
guide to operational model selection in this domain. Table III is.

The recurrence plot encoding makes this fault-type reversal measurable and explainable. By converting each 50-timestep telemetry
window into a 50x50x4 binary image via Equations (1) through (3), the encoding makes each fault type spatially distinguishable in a
way that enables standard convolutional architectures to operate on satellite telemetry for the first time. WHEEL OSCILLATION
produces a periodic texture at 0.91 CNN F1. THERMAL DRIFT produces a widening diagonal band at 0.92 LSTM F1.
SENSOR DROPOUT produces a blank rectangular region at 0.88 Isolation Forest F1. These are the direct geometric consequences of
how each fault manifests in recurrence space, and they constitute the first principled, quantitative basis for fault-specific model
selection in spacecraft health monitoring.

The hardware noise contribution is the second major result. Training on the hybrid dataset, combining orbital physics simulation with
real noise from a DHT22 temperature sensor (lag-1 autocorrelation r = 0.72) and an MPU-6050 IMU (5 Hz PCB resonance), improves
mean F1 by 6.5 percentage points across all four architectures. The effect is model-agnostic across sequential, convolutional, and
density-based methods, confirming that the gain originates from the non-Gaussian autocorrelation structure of real sensor noise, not
from any architectural interaction. Gaussian simulation is insufficient preparation for real sensor data; this paper provides the first
quantitative measure of how insufficient it is: 6.5 F1 points, consistently, across every architecture evaluated.

The physical demonstration system closes the gap between experimental evaluation and operational deployment. My pipeline classifies
real Arduino sensor readings at under 150 ms end-to-end latency on a Raspberry Pi 4, running Isolation Forest at 200 readings per
second and CNN-RP at 48 readings per second. The reconstruction error map produced at inference provides a pixel-level visual
explanation of each detection without post-hoc interpretability tooling, satisfying the trustworthy Al requirement Wing [13] identifies
for safety-critical Al deployments. At the NJBDA symposium, conference attendees confirmed that the touchscreen display was real-
time, validating both the latency target and the interpretability of the recurrence plot output in a live operational context.

The 35-point THERMAL DRIFT gap carries environmental consequences beyond spacecraft engineering. Environmental monitoring
satellites that experience undetected thermal drift produce corrupted calibration baselines that bias downstream measurements of



atmospheric greenhouse gas concentration, sea-surface temperature, and polar ice extent [20]. Selecting Isolation Forest over LSTM
for this fault class is not a benchmark optimization decision. It is a data quality decision with consequences for the scientific record on
climate. My evaluation provides, for the first time on a reproducible open benchmark, the quantitative basis on which that decision can
be made correctly.

Reproducibility is itself a contribution. Every result in this paper can be reproduced by any researcher with a laptop, a Google Colab
session, and roughly twenty dollars of hardware. The dataset is published under CC BY 4.0. The full pipeline runs from python
data/generate dataset.py with global seed 42 followed by python evaluation/fault type eval.py --all-models. Wing [14]
identifies data provenance as a central unsolved challenge in data science. This paper is a direct response to that challenge in the
domain where it has been most acute: satellite telemetry anomaly detection, where every prior state-of-the-art result has been
evaluated on data that no independent researcher can access or verify.

Future Work

Six directions are prioritized for future work. (1) Grad-CAM visualization applied to the CNN autoencoder would produce gradient-
based spatial attention maps identifying which recurrence plot regions drive each detection, extending interpretability from
reconstruction error maps to attribution-based explanation. (2) The Anomaly Transformer of Xu et al. should be evaluated on the fault-
type specific metrics introduced here; its association-discrepancy mechanism may yield LSTM-competitive performance on gradual
temporal faults at higher throughput. (3) Multi-channel correlated fault injection would better reflect real spacecraft failure modes,
where a single physical event produces correlated anomalous signatures across multiple channels simultaneously. (4) Federated
learning across multiple ground stations without raw data sharing would address the proprietary data barriers that have prevented
cross-organization benchmarking in this domain. (5) Transfer learning from ImageNet-pretrained convolutional networks to the
recurrence plot domain, using the fine-tuning protocol in Section IV-C, would test whether natural image representations transfer to
fault-type spatial textures. (6) Validation against a real archived mission telemetry log, such as the NASA JPL SMAP archive used by
Hundman et al. [2], is the highest-priority future step for establishing external validity. The simulation replicates orbital physics and
fault signatures documented in NASA technical handbooks [16], but the ultimate test of the fault-type evaluation framework is whether
the ranking reversals observed on simulated data persist on real operational telemetry. That test is now possible because the
evaluation framework exists, for the first time, on a publicly accessible and fully reproducible open benchmark.
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