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Abstract. Mathematical models for anomaly detection (AD) in dynamic
systems have demonstrated high performance, particularly diagnostic ob-
server models. Deep learning (DL) models are also effective, but they
often require complex architectures, large training datasets and costly fine-
tuning to achieve generalization across diverse time series (TS) types. This
paper introduces a DL AD model based on the algebraic design of a di-
agnostic observer, marking its first adaptation for TS data. Experiments
on large TS benchmark datasets demonstrate its superiority over various
recent DL models.

1 Introduction

Time series (TS) are widely monitored across various applications, such as
weather forecasting and fault detection tasks. Anomaly detection (AD) in TS
data helps identify issues in advance, supporting decision-making processes such
as preventing cyberattacks and enabling predictive maintenance in industrial
machinery [1]. Machine learning (ML) models are widely used for AD due to
their ability to differentiate between anomalous and normal samples [2]. Deep
learning (DL) models, on the other hand, embed complex TS data into suitable
representations for AD while effectively capturing sequential dependencies. The
majority of DL AD models are designed to generate anomaly-free data [3, 4, 5]
or predict future steps based on historical data [6]. For the most recent advance-
ments, foundation models have been developed using large language models for
TS forecasting and subsequent AD [7, 8]. In all cases, an anomaly is detected
when the reconstruction error (anomaly score) between the predicted sample and
the real one exceeds predefined levels. The main drawback of these DL models
is their need for per-dataset tuning, large training datasets, or data generation.

Before the rise of DL models, various mathematical frameworks were devel-
oped for AD in dynamic systems. One such example is the diagnostic observer
(DO) [9]. A DO estimates the system’s output and computes a residual error
between this output and the real output as illustrated in Fig. 1. The residual
is then used as an anomaly score. A DO requires both the system input and
output, and also a mathematical model of the system. To design a DO, the
most commonly adopted approach is the algebraic formulation introduced by
[10]. This paper introduces the first DL-based DO (DL DO) that leverages its
algebraic design for AD in univariate TS. Specifically, system modeling is by-
passed by learning specific DO’s parameters. Finally, since we are working in
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Fig. 1: A dynamical diagnostic observer for fault modeling.

a data-driven scenario where only the TS output of a system is available, we
estimate the unknown system input using DL learnable layers.

2 Preliminaries

2.1 Anomaly detection in TS

A TS data y is a finite ordered sequence of l observations: y(1), y(2), . . . , y(l).
AD methods compute an anomaly score for each y(k). If the score exceeds
a certain threshold, the observation is labeled as an anomaly; otherwise, it is
considered normal. Therefore, AD models aim to find a reliable anomaly score
through various approaches.

2.2 Discrete State Space Model

State Space Models (SSMs) in DL have been recently investigated to map an
input TS u ∈ Rl to an output TS y ∈ Rl through a latent variable x ∈ Rn×l,
enabling the modeling of long temporal dependencies. The discrete mapping is
denoted as y(k) = SSMA,B,C,D(u(k)) and described as:

SSMA,B,C,D =

{
x(k) = Ax(k − 1) +Bu(k)

y(k) = Cx(k) +Du(k)
(1)

where A ∈ Rn×n, B ∈ Rn×1, C ∈ R1×n, and D ∈ R. This SSM can be efficiently
implemented in a DL framework as in [11].

2.3 Diagnostic Observer

A Diagnostic Observer (DO) maps a pair input-output (u(k), y(k)) to a latent
state space z(k) ∈ Rs of order s, to estimate a residual r(k) ∈ R through [10]:

z(k + 1) = Gz(k) +Hu(k) + Ly(k)

r(k) = vy(k)− wz(k)− qu(k),
(2)

where v ∈ R, w ∈ R1×s, q ∈ R, G ∈ Rs×s, H ∈ Rs×1 and L ∈ Rs×1. When y(k)
is contaminated by a fault from the system, a spike at r(k) appears indicating
the presence of an anomaly [12].
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2.4 DO’s Algebraic Design

The algebraic design for the DO introduced in [10] relies on a parity vector
p ∈ Rs to define the matrices (G, H, L) and vectors (v, w, q). For instance,
H is defined as Hi,j = fH(p, i, j) where fH is a function that describes how
the values of p are distributed across rows and columns. A similar procedure is
applied to obtain L, v and q. This design assumes that the dynamic system is
given by an SSM, i.e., y(k) = SSMA,B,C,D(u(k)) with A,B,C,D known. The
parity vector p is computed as a null space as follows:

p


C
CA
...

CA
s

 = 0, with p =
[
p0 p1 · · · ps

]
and pi ∈ R. (3)

The DO offers a mathematical foundation for fault modeling, but requires
system modeling and accessible input. Our proposal addresses these challenges.

3 Proposal

We implement the DO in (2) in a DL framework to serve as an anomaly detector,
as illustrated in Fig. 2. This framework comprises three main components: (i) an
input definition plus a patching block that enable the definition of the unknown
input u, (ii) the initialization of the unknown matrices A,B,C,D to produce
p and (iii) the parametrization of the DO model via the algebraic design. In
training, the model learns the optimal parameters of the DO and the most
accurate reconstruction of the input u. This is accomplished by minimizing the
residual to zero using anomaly-free training data. At inference, the absolute
value of the residual serves as an anomaly score that depicts high values when
anomalies are present.

Input u. In a dynamical context, y is a linear transformation of u as in (1).
Motivated by the inversion of this SSM, we aim to recover the input u directly
from y through another linear transformation. To achieve this, we first enrich the
feature representation of y by applying a Fast Fourier Transform (FFT), allowing
the model to adaptively emphasize the most informative frequency components.
Next, the FFT is passed through a block of two linear layers followed by a GELU
activation and produces the inversion in the frequency domain. The resulting
inversion is then modulated by a learnable complex-valued weight. An inverse
FFT (IFFT) is applied to bring the signal back to the time domain. Finally,
to enable the model to memorize the TS sequence, the signal with window size
l is divided into M patches {S1, S2, . . . , SM}. Each patch Si corresponds to a
segment of the TS with a predefined patch size m. This yields a patch-based
representation of the TS in RM×m. Each patch is then embedded into another
dimension with a linear layer to model temporal dependencies, flattened, and
followed by another linear layer to restore the sequence to its original length l,
resulting in the desired u ready to be sent to the DO.
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Fig. 2: Our proposed DL DO: two DL blocks reconstruct the input u. The pair
(u, y) is then processed by a DO block initialized using the algebraic design.
Both block parameters are learned in a DL framework.

Initialization. We randomly initialize the system matrices A,B,C,D to define
the prior system. Then we compute the initialization of p as a null space as in
(3) using a Singular Value Decomposition (SVD). Following this initialization,
p is then set as a learnable parameter.

DL Algebraic Design. We compute G,H,L, v, w, q using p as it follows:
G =

[
G0 g

]
,

G0 =


0 0 · · · 0
1 0 · · · 0
...

. . .
. . .

...
0 · · · 1 0
0 · · · 0 1

 and L = −


p0
p1
...

ps−1

− gps, (4)

where G0 ∈ Rs×(s−1) and g ∈ Rs×1 is a user-initialized learnable column vector
that yields the system stable. Then, H, q, v, and w are obtained as follows:
w =

[
0 · · · 0 1

]
, v = ps and

[
H
q

]
=


p0 + g1ps p1 · · · ps−1 ps
p1 + g2ps p2 · · · ps 0

...
...

. . .
...

...
ps−1 + gsps ps · · · 0 0

ps 0 · · · 0 0





D
CB
CAB

...

CA
s−2

B

CA
s−1

B


. (5)

Finally, after computing the DO’s matrices and vectors, the residual r is used
as the loss to optimize p via backpropagation, enabling the model to converge
from the initial conditions specified by the algebraic design.
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DL DO MOMENT0 MOMENTLP GPT4TS TimesNet CrossAD Anomaly Transformer DGHL k-NN
Mean 0.776 0.670 0.684 0.611 0.679 0.750 0.661 0.646 0.706
Median 0.767 0.677 0.692 0.615 0.692 0.765 0.658 0.635 0.727
Std. 0.142 0.133 0.146 0.114 0.141 0.158 0.147 0.137 0.155

Table 1: VUS-ROC averaged over 248 TS from the UCR Anomaly Archive, best
performance in bold and second best in italics.

DL DO CrossAD MOMENT

Total Param. 262,869 673,315 53,009,160
Total Size (MB) 5.79 30.55 793.27

Table 2: Efficiency analysis for top
three best AD models.

DL DO w/o FFT w/o Patching

Mean 0.776 0.757 0.741
Median 0.767 0.751 0.742
Std. 0.142 0.145 0.141

Table 3: Ablation study results for
the layers in the block Input u.

4 Experiments

Datasets. We use the UCR Anomaly Archive [13], which contains 248 curated
TS datasets from a wide range of domains, including medicine, meteorology, and
industry.

Baselines. We primarily compare our model with DL architectures like Anomaly
Transformer [3], TimesNet [6], DGHL [5], and CrossAD [4]. Additionally, we
include pretrained foundation models such as GPT4TS [8], Moment0 [7], and
MomentLP [7]. Lastly, we also consider k-NN, a classic ML model for AD [2].

Experimental Settings. For fair comparison, we follow [7] data train-test split
strategy, which downsamples all TS longer than 2560 timesteps by a factor of
10 to speed up the training. Each TS is windowed with a fixed length (l = 512).
We define our DO model with s = 5, n = 40, g = −0.1× 1T

s , m = 1. We train it
for 120 epochs using the AdamW optimizer with a learning rate of 10−3.

Evaluation metrics. We evaluate our model with the recently proposed Vol-
ume Under the Surface (VUS-ROC). The VUS-ROC is parameter-free, threshold-
independent, and robust to lags, and noise [14]. It is regarded as one of the
most reliable accuracy measures for evaluating both point-based and range-based
anomalies.

Results. Experiments demonstrate that our model surpasses the baseline mod-
els. It consistently ranks first in both mean and median values across the 248
datasets, as given in Table 1. Moreover, efficiency analysis of the top three mod-
els reveals that our model outperforms the others in terms of parameters, with
a significantly small model size, as given in Table 2.

Ablation Study. We analyze the contributions of the components in our
model’s architecture by: i) performing inversion in the frequency domain, which
is the proposed method (denoted DL DO), ii) removing the FFT (denoted w/o
FFT) and iii) removing the patching block (denoted w/o Patching). The ab-
lation study given in Table 3 demonstrates the significance of both frequency
domain inversion and the patching block for effective AD.
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5 Conclusion

This paper introduces DL DO, the first DL approach of a DO for TS AD. We
propose an input reconstruction and design parameters that lead to an accurate
AD model. Our DL DO outperforms state-of-the-art models in univariate TS
AD, demonstrating superior efficiency in model size and parameters. Future
work will focus on scaling this approach to multivariate TS, designing deeper
DO architectures, and exploring alternative parameter designs.
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The code is available at https://github.com/AssmaaSamadi/TSDLAD.
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