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Abstract

Anomaly prediction is vital for ensuring the safe operation of pump station facilities.
However, traditional models are often hampered by spurious correlation stemming from
unobservable confounding factors, thereby degrading detection accuracy. To address this,
this paper proposes the Causal Intervention with Front-door Adjustment Model (CIFAM)
to eliminate spurious correlation in complex features. Initially, CIFAM integrates video
and signal data, utilizing graph attention networks and clustering to construct a multi-level
structural attribute graph that represents dynamic operational dependencies. The model
incorporates causal dilated convolution to capture long-term memory while preventing
information leakage, alongside a random edge dropping strategy to simulate causal inter-
vention. By applying the front-door adjustment criterion, CIFAM extracts robust interme-
diate representations to block interference paths. Furthermore, contrastive learning and
Adaptive Instance Normalization (AdaIN) are employed to decouple features, bolstering
model robustness in complex scenarios. Experimental results demonstrate that CIFAM
achieves state-of-the-art performance across multiple industrial benchmarks, specifically
reaching 91.1% accuracy and a 90.6% Micro-F1 score on the OURS dataset. The model
exhibits exceptional robustness and sample utilization efficiency. Furthermore, with mi-
nor modifications, this algorithm can be generalized to various monitoring scenarios, such
as power generator set monitoring, semiconductor production lines, and UAV-assisted
monitoring for oil pipelines or high-voltage power line maintenance.
Keywords: pump station anomaly prediction, multimodal fusion, front door adjustment
strategy, causal intervention, causal dilated convolution
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1 Introduction

The key task to ensure the safe and stable opera-
tion of systems in complex scenarios such as pump
stations and large machine rooms is to do a good
job in industrial anomaly prediction [1, 2]. With
the acceleration of the Industrial 4.0 process, the
equipment structure becomes more precise and the
mechanism more complex. Once any minor initial
anomaly occurs, it is prone to rapid spread due to
physical coupling and trigger other secondary sud-
den failures, which can easily lead to safety acci-
dents [3]. Therefore, how to use multi-sensor tech-
nology to achieve accurate fault early warning has
become a key research object in recent years to en-
sure the safe and stable operation of industrial con-
trol systems. Against this background, most of the
anomaly detection methods proposed in the early
stage are based on the physical quantity detection
of single-modal sensors. However, in the actual in-
dustrial production environment, it is difficult for a
single modality to achieve high coverage [4], and
most industrial process anomaly scenarios mainly
obtain real-time data through monitoring videos [5].
Therefore, how to combine visual, sensor infor-
mation and other channels to achieve multi-modal
early warning of industrial faults has become a hot
topic in current industrial early warning research.
Due to the extensive use of non-invasive monitor-
ing methods in actual industrial scenarios, there are
problems of ”semantic gap” between multi-modal
heterogeneous signals and very complex nonlinear
interactions and dynamic topologies in different op-
eration activities [6]. Although Spatio-Temporal
Graph Neural Networks (STGNN) have a good ef-
fect in capturing spatio-temporal dependencies [7],
there are still some fundamental problems in actual
multi-modal prediction scenarios, that is, the model
often focuses on statistical correlations rather than
causal logic in the data generation process. In the
actual industrial environment, there are many un-
observable confounding factors [8], such as sudden
changes in environmental lighting, random drift of
sensors over time, or potential arbitrary operation
methods by humans, which can lead to both the ob-
served data and the prediction target being affected
and introducing spurious correlation. If only em-
pirical risk minimization learning is adopted, the
model is prone to only capture the shortcut fea-
tures of the problem rather than finding the cause

of such results [9, 10]. That is, if it is found in
the training set samples that changes in lighting and
equipment shutdowns occur simultaneously, it may
be concluded that there is a correlation between
the strength of lighting and whether the equipment
is abnormal. In this case, the prediction accuracy
will be affected when facing new working condi-
tions and new sites, that is, it cannot robustly predict
the data in the industrial site. To solve these prob-
lems, causal reasoning provides an effective theo-
retical guidance for the model to transform from
associative logic to causal logic [11]. Under the
premise of observing a small number of confound-
ing factors, traditional backdoor adjustment rules
are difficult to adjust all factors [12]; in contrast, the
method based on frontdoor adjustment has higher
superiority by introducing intermediate variables to
block the confounding paths. Therefore, we pro-
pose the CIFAM model, which introduces a con-
trastive learning mechanism to perform frontdoor
causal intervention. In response to the characteris-
tics of asynchronous anomaly signals in pump sta-
tion working conditions, the Causal Dilated Convo-
lution module is introduced to obtain more histori-
cal state information from earlier time steps without
increasing computational complexity, thereby en-
suring that the model can truly learn the interaction
logic between nodes from the real causal sequence
and eliminate the spurious correlation caused by un-
observed interference factors from the source. By
forcing the extraction of invariant intermediate rep-
resentations under local disturbances in the dual-
view interaction, the spurious correlation caused by
unobservable confounding factors is stripped away.
At the same time, the AdaIN technology is com-
bined with the self-training fusion prior initializa-
tion method, and the distribution shift caused by the
change in working conditions is smoothed through
adaptive instance normalization, ensuring that the
model’s anomaly prediction always follows the true
logical evolution path. The main contributions of
this paper are as follows:

1. To address the issue of spurious correlations,
a multimodal causal intervention framework
based on front-door adjustment is proposed. Un-
like the back-door adjustment that relies on ob-
servable variables, this paper utilizes mediator
variables to identify the true causal effect, theo-
retically resolving the prediction bias caused by
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unobservable confounding factors.

2. To tackle signal delay and information leak-
age risks, an expanded convolution module with
causal constraints is designed. By exponen-
tially expanding the receptive field, the model
can effectively trace early operational param-
eters and enhance long-term memory capacity
while strictly adhering to the physical time se-
quence.

3. To deal with feature interference and distribution
shift, contrastive learning and AdaIN techniques
are combined. By randomly dropping edges to
simulate the intervention process, the model is
forced to extract invariant representations robust
to local perturbations, achieving a deep decou-
pling of core causal content from environmental
noise.

4. Adaptive instance normalization technology is
utilized to achieve deep decoupling of fea-
tures. Verified on a real pumping station plat-
form and multiple public datasets, the proposed
method demonstrates excellent performance in
suppressing spurious correlation and improving
prediction accuracy.

2 Related Work

To provide a comprehensive background for the
proposed CIFAM, this section reviews the exist-
ing literature from three key dimensions: industrial
anomaly prediction, the development of graph neu-
ral networks, and causal intervention and reasoning.

2.1 Research on anomaly prediction

Sensor signals in industrial scenarios are typi-
cally multimodal, such as vibration signals, current
signals, and other microscopic one-dimensional
signals related to the operation of pump stations,
as well as macroscopic two-dimensional image and
video signals representing operational and environ-
mental conditions [13]. These signals have differ-
ent semantics. Deep learning can effectively extract
global features from the data, and experiments have
shown that it can conveniently classify these het-
erogeneous data. The initial methods used convolu-
tional neural networks (CNNs) to extract local peri-
odicity from monitoring signals and spatial seman-

tics from video frames. For time series data, these
methods often generated time-frequency images to
capture underlying patterns. Meanwhile, for video
streams, they directly extracted visual features to
perform abnormal activity analysis and recognition
[14]. For example, Liu et al. [15] proposed a mul-
tivariate convolutional neural network that can ef-
fectively extract the correlation of lagged informa-
tion described in sensor signals. For non-intrusive
monitoring based on video, it uses CNN-based ob-
ject detection to identify certain behaviors or ab-
normal operations. Recurrent neural networks and
some of their variants (such as LSTM and GRU)
are designed to model temporal dependencies, and
recurrent neural network models are used to per-
form sequence regression on single-modal equip-
ment health status and predict sequences based on
the length of the time domain. Additionally, some
studies combine local Fisher discriminant methods
with other statistical methods to fuse and reduce
the dimensionality of these high-dimensional het-
erogeneous data, improving the effectiveness and
efficiency of classifiers [16]. Overall, all the above
methods extract activity features at individual time
steps separately, but they usually treat the signals
at individual time steps as independent features or
simply stack multiple time steps’ signals linearly
[17]. This approach essentially ignores the strict
process nature of pump station operations, where
different operational activities have close logical
connections rather than simple linear interactions.
However, existing fusion methods mostly use lin-
ear stacking or simple concatenation of features,
neglecting the strict process logic between oper-
ational activities during pump station operations.
This processing method cannot effectively capture
cross-stage activity-level interactions, affecting the
reliability of the model in predicting complex pro-
cess anomalies.

2.2 Graph neural network modeling

When dealing with spatio-temporal data in
complex scenarios such as industrial pumping sta-
tions or transportation networks, effectively cap-
turing the complex nonlinear interactions and dy-
namic topological associations among variables is
crucial for achieving accurate predictions. Early
researchers introduced Recurrent Neural Networks
(RNN) and their variants, such as Long Short-
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Term Memory networks (LSTM) and Gated Re-
current Units (GRU), to capture long-range tempo-
ral dependencies in multi-dimensional time series
[18]. Meanwhile, some scholars adopted Convo-
lutional Neural Networks (CNN) to identify spa-
tial latent correlations in grid-based systems [19].
However, to address the complex coupling relation-
ships in non-Euclidean spaces, many researchers
constructed Graph Neural Networks (GNN) to ef-
fectively extract the complex spatial correlations
among device components or sensor nodes [20].
In the field of graph convolutional modeling, Kipf
et al. [21] proposed a first-order approximation
scheme of Graph Convolutional Networks (GCN)
to achieve efficient diffusion and aggregation of sig-
nals on graph structures. Defferrard et al. [22] im-
proved spectral graph convolution by using Cheby-
shev polynomials to achieve fast local filtering of
graph signals. Additionally, Veli et al. [23] de-
signed Graph Attention Networks (GAT) to achieve
non-uniform aggregation of neighbor node infor-
mation through adaptively learned attention coeffi-
cients, thereby enhancing the model’s performance
in inductive learning tasks. To address the depen-
dence of traditional models on predefined topolog-
ical structures, Yu [6] designed Graph Adjacency
Learning Networks (GALEN) to automatically con-
struct graph structures through data-driven atten-
tion mechanisms. For the synchronous integra-
tion of spatio-temporal features, Zhao et al. [24]
combined GCN and GRU to construct the T-GCN
model, achieving synchronous capture of spatio-
temporal correlations. In the specific scenario of
abnormal prediction in pumping stations, this paper
fuses multimodal information from video and sig-
nals and uses GAT to construct a multi-level struc-
tural attribute graph, achieving a refined representa-
tion of the dynamic dependencies of pumping sta-
tion operation activities. By introducing a causal
dilated convolution module, the model further ex-
pands the receptive field exponentially and imposes
causal constraints, capturing long-term memory of
activity sequences and effectively eliminating the
risk of information leakage.

2.3 Causal intervention learning

In the process of modeling complex scenarios,
shifting deep learning models from simple statisti-
cal association learning to causal logic reasoning

has become a core path to enhance the reliabil-
ity and robustness of predictions [25]. Niu et al.
[26] utilized causal reasoning theory to transform
the problem of ”shortcut learning” that models tend
to learn, which is highly individualistic and outside
the model, into acceptable and interpretable statis-
tical associations. Liu et al. [27] used the backdoor
adjustment scheme and inverse probability weight-
ing method to approximately estimate the causal ef-
fect of the treatment variable, solving the problem
of converting the distribution of causal intervention
into the real causal intervention distribution. Liu et
al. [28] to compensate for cross-modal bias, calcu-
lated the semantic difference between images and
text based on the introduction of mutual informa-
tion theory. Li et al. [29], considering the complex
causal relationships in graph-structured data, intro-
duced a spatio-temporal prediction task to iden-
tify the true causal effect under the condition that
not all confounding factors can be observed, and
at the same time, utilized timestamp information
to mine key causal subgraphs to act as mediating
variables. Yu et al. [30] used the MI-SETC algo-
rithm to enhance a new type of causal decomposi-
tion method, successfully constructing stable causal
representation means that are insensitive to some
disturbances in the entire causal intervention pro-
cess. Additionally, Huang et al. [31] Adopted the
AdaIN technique to achieve feature decoupling, ex-
tracting the key causal content from the graph rep-
resentation from unstable statistical styles. Rele-
vant research demonstrates that causal intervention
can effectively guide models to learn the true logi-
cal evolution of a system. By doing so, the model
is forced to focus on the fundamental initial fac-
tors rather than superficial correlations, which sig-
nificantly improves its generalization performance
across different operating conditions and changing
scenes.

2.4 Summary and motivation

To sum up, although existing research has made
progress in spatio-temporal graph neural networks
and cross-modal fusion, there are still the follow-
ing logical gaps: Firstly, most methods assume
that the data follows an independent and identi-
cally distributed pattern, ignoring the unobserved
confounders that are prevalent in industrial environ-
ments. Secondly, the existing graph construction
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methods are mostly static or heuristic, making it dif-
ficult to depict the dynamic causal logic evolution
during the operation of pumping stations. Based on
this, this paper does not merely pursue an increase
in model depth but starts from the perspective of
causal intervention, aiming to re-examine the gen-
eration process of multi-modal features through the
front-door adjustment theory. This problem-driven
design approach enables the CIFAM model pro-
posed in this paper to fundamentally block spurious
correlations, thereby demonstrating stronger phys-
ical consistency when dealing with asynchronous
time-lagged signals.

3 Construction of Structural At-
tribute Graph

In response to the insufficiency of capturing the
logical flow of the pump station operation process
in the previously mentioned method, this chapter
mainly explains how the structure attribute graph in
the CIFAM model is established. By drawing on the
interpretability advantage of the attention mecha-
nism and referring to the approach in Reference [6],
this paper proposes an automatic graph construction
method based on whether there is a connection be-
tween activities. If there is a strong connection, a
link is established between the two activity points
to capture the associations among various activities
during the pump station operation process. Figure
1 illustrates the process of graph construction.

Figure 1. Graph construction process

In the data preprocessing and feature model-
ing stage, for the video stream and high-frequency
sensor signals with significant differences in sam-
pling frequencies, this paper adopts a synchroniza-
tion mechanism based on UTC timestamps [32]. By
setting a sliding window of length W and downsam-
pling the sensor data to match the video frame rate,
it ensures the precise alignment of multimodal in-
formation under a unified temporal reference. At
the feature extraction level, this paper utilizes a pre-

trained ResNet-50 network to extract the spatial se-
mantics of video frames, and employs a three-layer
1D-CNN to capture the local temporal correlations
of sensor signals. Further, by integrating temporal
action localization and change point detection algo-
rithms [33, 34], it automatically segments and de-
fines the semantic segments of operational behav-
iors in the video and the operational phases of the
signals, respectively. Ultimately, the multi-source
heterogeneous features are mapped to a unified em-
bedding space, serving as the initial node represen-
tations of the structural attribute graph. To opti-
mize the aggregation process of neighborhood in-
formation, a graph attention network (GAT) [23] is
employed to introduce an adaptive learning mecha-
nism, which enhances the accuracy of feature ex-
traction by automatically computing the attention
weights of adjacent nodes. In a given graph G(V,E)
, the attention coefficient for edge(i, j) measures the
interaction strength between nodes as:

ei j = LeakyReLU
(

a⊤ [Whi ∥Wh j]
)
, (i, j) ∈ E

(1)

Here,
−→
h i and

−→
h j represent the features of

nodes vi and v j respectively. The model uses the
weight matrix W to perform embedding mapping on
the node features and combines the attention vec-
tor −→a to evaluate the degree of correlation between
the two feature embeddings. To ensure numerical
stability and facilitate cross-node comparisons, the
model ultimately normalizes the calculated atten-
tion coefficients using the softmax function to ob-
tain the final weight distribution, as shown in the
following formula:

ai j = softmax(ei j) =
exp(ei j)

∑k∈Ni exp(ei j)
(2)

Among them, Ni = {k ∈ N : (i,k) ∈ E}∪{i} is
the self-contained adjacency set of node Vi. The
new feature

−→
h

′
i of node Vi can be aggregated in the

following way:

−→
h

′
i = σ( ∑

j∈Ni

ai jW
−→
h j) (3)

In the formula, σ(·)is processed using the ReLU
activation function. Due to the high correlation
between the topological features of the graph and
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the fault evolution pattern, strongly associated node
pairs are regarded as the basis for the existence of
edges in the graph. By sorting all attention coef-
ficients ai j in descending order and selecting the
top D×N connections with the highest scores, the
edge set E is constructed. Here, the parameter D is
used to flexibly adjust the average degree of nodes,
thereby extracting intuitive structural information S
from the activity association graph G(V,E).

According to previous studies, moderately con-
tracting the receptive field of the attention mech-
anism can enhance the model's ability to capture
core dependencies. Based on this principle, the
complex pumping station activity process is divided
into K =

√
N different clusters using the K-Means

[35] algorithm. Then, within each cluster group,
the aforementioned weight calculation method is
applied to determine the connection attributes be-
tween nodes. Finally, the same association calcu-
lation is performed for the K central nodes to com-
plete the construction of the entire multi-level struc-
ture attribute graph G.

Although the multi-level structure attribute
graph G provides a foundation for representing op-
erational dependency relationships, it is still suscep-
tible to unobserved confounding factors. Therefore,
the next chapter will introduce a causal intervention
framework to further eliminate these spurious cor-
relations.

4 Multi Modal Causal Intervention

In the task of pump station anomaly prediction,
we focus on identifying the true causal effect of the
multi-modal structural attribute graph G on the final
prediction result Y , denoted as P(Y |do(G)). How-
ever, as illustrated in the structural causal model
(Figure 2), confounding factors B (e.g., erratic envi-
ronmental lighting or latent operational variances)
introduce spurious correlations that render tradi-
tional back-door adjustment inapplicable. To re-
solve this, we invoke the Front-door Criterion by
identifying a mediator variable that intercepts the
causal path from G to Y .

Figure 2. Causal structure model

Theoretical Identification: A variable Z is said
to satisfy the front-door criterion if: (i) intercepts
all directed paths from G to Y ; (ii) there is no un-
blocked back-door path from G to Z; and (iii) all
back-door paths from Z to Y are blocked by G. In
CIFAM, we treat the extracted invariant causal sub-
graph as a principled heuristic approximation of the
mediator Z. By optimizing a contrastive loss un-
der the Causal Invariance Principle, we force Z to
capture representations that remain robust across lo-
cal topological perturbations (simulated by random
edge dropping), thereby effectively blocking the in-
terference of unobserved confounders and aligning
the neural architecture with the probabilistic intent
of the front-door adjustment formula:

P(Y |do(G)) = ∑
z

P(z |G )∑
g

P(Y |g ,z)P(g) (4)

Where z represents the realizations of the medi-
ator Z, and g is a summation variable representing
the space of all possible structural graph configu-
rations G. Under the assumption that causal struc-
tures remain stable while spurious correlations are
fragile, this mechanism effectively blocks interfer-
ence from B. Specifically, the random edge drop-
ping mimics the intervention on G, ensuring that
the identified representation Z is driven by the in-
ternal structural properties of the graph rather than
being misled by unobserved confounding correla-
tions, thereby aligning with Condition (ii).

Based on the above core causal mechanism, this
paper proposes the first multimodal causal interven-
tion model CIFAM that effectively incorporates the
front-door adjustment strategy into the prediction of
pump station anomalies. The architecture diagram
of CIFAM is shown in Figure 3. Firstly, CIFAM
builds the structural attribute graphs of video and
signal using different modal information respec-
tively, and uses the graph structure information S to
enhance and simulate the causal intervention on G,
generating the augmented graph G̃. Then, through
contrastive learning, it identifies and learns the in-
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the next chapter will introduce a causal intervention
framework to further eliminate these spurious cor-
relations.

4 Multi Modal Causal Intervention

In the task of pump station anomaly prediction,
we focus on identifying the true causal effect of the
multi-modal structural attribute graph G on the final
prediction result Y , denoted as P(Y |do(G)). How-
ever, as illustrated in the structural causal model
(Figure 2), confounding factors B (e.g., erratic envi-
ronmental lighting or latent operational variances)
introduce spurious correlations that render tradi-
tional back-door adjustment inapplicable. To re-
solve this, we invoke the Front-door Criterion by
identifying a mediator variable that intercepts the
causal path from G to Y .

Figure 2. Causal structure model

Theoretical Identification: A variable Z is said
to satisfy the front-door criterion if: (i) intercepts
all directed paths from G to Y ; (ii) there is no un-
blocked back-door path from G to Z; and (iii) all
back-door paths from Z to Y are blocked by G. In
CIFAM, we treat the extracted invariant causal sub-
graph as a principled heuristic approximation of the
mediator Z. By optimizing a contrastive loss un-
der the Causal Invariance Principle, we force Z to
capture representations that remain robust across lo-
cal topological perturbations (simulated by random
edge dropping), thereby effectively blocking the in-
terference of unobserved confounders and aligning
the neural architecture with the probabilistic intent
of the front-door adjustment formula:

P(Y |do(G)) = ∑
z

P(z |G )∑
g

P(Y |g ,z)P(g) (4)

Where z represents the realizations of the medi-
ator Z, and g is a summation variable representing
the space of all possible structural graph configu-
rations G. Under the assumption that causal struc-
tures remain stable while spurious correlations are
fragile, this mechanism effectively blocks interfer-
ence from B. Specifically, the random edge drop-
ping mimics the intervention on G, ensuring that
the identified representation Z is driven by the in-
ternal structural properties of the graph rather than
being misled by unobserved confounding correla-
tions, thereby aligning with Condition (ii).

Based on the above core causal mechanism, this
paper proposes the first multimodal causal interven-
tion model CIFAM that effectively incorporates the
front-door adjustment strategy into the prediction of
pump station anomalies. The architecture diagram
of CIFAM is shown in Figure 3. Firstly, CIFAM
builds the structural attribute graphs of video and
signal using different modal information respec-
tively, and uses the graph structure information S to
enhance and simulate the causal intervention on G,
generating the augmented graph G̃. Then, through
contrastive learning, it identifies and learns the in-
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Figure 3. Architecture diagram of the CIFAM Model.

termediate representations insensitive to the inter-
vention from G and G̃, that is, the representations of
the causal subgraphs, and finally uses this interme-
diate representation to predict the abnormal result
Y .

This section will provide a detailed intro-
duction to the core mechanisms of the model,
mainly including graph structure enhancement,
multi-level representation encoding, representation
fusion based on adaptive instance normalization,
and anomaly predictor. The core innovation of this
paper lies in the first-time introduction of the front-
door adjustment idea into the pump station anomaly
prediction task, and for this purpose, a causal in-
tervention learning framework based on front-door
adjustment is designed.

4.1 Overview of data flow

The implementation of the front-door adjust-
ment in CIFAM is realized through a sequential data
flow involving four primary modules. To clarify the
correspondence between the mathematical formula-
tions and the model structure, the input-output rela-
tionships are defined as follows:

Augmented Graph Module: Takes the initial
structural attribute graph G(V,E) as input and out-
puts the augmented graph G̃(V, Ẽ) (Equation 4),
simulating the causal intervention process.

Representation Encoding Module: Inputs G and
G̃ into the causal dilated convolution and multi-
head attention to capture spatio-temporal depen-
dencies, outputting layer-wise node representations
h(l)v .

Causal Fusion Module (AdaIN): Aggregates
node features into graph-level representations Z
and Z̃, then executes the front-door adjustment via
Adaptive Instance Normalization to output the de-
confounded representation Z̄.

Prediction Module: Takes Z̄ as the input to
a Multi-Layer Perceptron to generate the final
anomaly prediction Ŷ .

This design of sequential data flow is essentially
a neural implementation of the front-door adjust-
ment criterion.

4.2 Augmented graph generation

Pump station data may be affected by various
noises and uncertainties in the real transmission
process, such as unexpected interruptions of cer-
tain activities or incomplete observations. To en-
able the model to learn representations that can re-
sist these external perturbation factors and focus on
the abnormal factors of the activities themselves,
CIFAM introduces graph structure augmentation as
an intervention measure. To simulate causal inter-
vention and identify robust activity anomaly prop-
agation paths during operation, CIFAM introduces
graph structure augmentation. Specifically, based
on the principle of causal invariance, a true causal
structure, such as a key propagation path, should
have a certain degree of robustness against random,
local perturbations in the network, while spurious
correlation often rely on specific, unstable short-
cut paths that are easily disrupted under interven-
tion. Therefore, for each input original structural
attribute graph G(V,E), CIFAM adopts a random
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edge dropping strategy to generate an augmented
view G̃(V, Ẽ). Formally, the generation process of
the augmented edge set Ẽ is defined as follows:

Ẽ = {ei j ∈ E|mi j = 1} (5)

Among them, mi j is the mask variable corre-
sponding to edge ei j, which follows a Bernoulli dis-
tribution with parameter 1− p:

mi j = Bernoulli(1-p) (6)

In this formula, p ∈ [0,1] represents the preset
dropout rate. This operation constructs counterfac-
tual samples by randomly perturbing the topologi-
cal structure while keeping the node features h0

v un-
changed. This intervention on the graph structure
can be regarded as generating counterfactual sam-
ples on the original observed data, thereby reducing
the model's over-reliance on certain specific edges
during the prediction process, preventing the model
from learning spurious correlation dominated by
only a few paths, and effectively guiding the model
to prefer learning causal relationships rather than
spurious correlation, thereby improving the model's
generalization ability. Although the random edge
deletion strategy provides effective causal interven-
tion for most industrial topological structures, its re-
liability is inherently related to the density of the
graph. In extremely sparse structures, purely ran-
dom perturbations may inadvertently remove key
causal path edges. To alleviate this failure mode,
CIFAM maintains a conservative discard rate p and
relies on a multi-view contrast mechanism to ensure
that key causal information can still be identified
even under structural perturbations.

Meanwhile, CIFAM adopts a contrastive learn-
ing framework, which forces the model to focus
on the more essential structures that exist in both
views, learning a representation that is invariant to
perturbations rather than relying on a few edges
that may be randomly dropped. Additionally, for
the same structural attribute graph throughout the
training process, the augmented views generated in
each iteration are different. By training under a
large number of random perturbations, the model
can statistically learn which structures persist and
which occur by chance. This effectively mitigates
the problem of real correlation loss that may be
caused by random edge dropping.

To learn how information affects the most ab-
normal prediction results from the complex pump
station activity structure and temporal dynamic,
and to effectively integrate information from the
original structure attribute graph G and the aug-
mented structure attribute graph G̃, CIFAM designs
a mechanism that includes multi-layer representa-
tion encoding and cross-graph representation fu-
sion. This mechanism first independently gener-
ates graph-level representations for G and G̃, and
then fuses them through adaptive instance normal-
ization.

For a given structure, the node representation is
learned through a recursive, layer-by-layer aggrega-
tion of neighbor information process. Let h(l)v rep-
resent the representation of node v at layer l. The
initial representation of the node is composed of its
inherent sequence embedding:

h0
v = NodeEmbed(v) (7)

Among them, NodeEmbed is a learnable node
embedding lookup function. Subsequently, at each
layer l, the representation h(l)v of node v is up-
dated and aggregated based on its own representa-
tion h(l−1)

v in the previous layer and the information
of its temporal neighbor node set N(v, t j), where
N(v, t j) is the set of neighbor nodes of v before the
current observation cutoff time t j < to.

4.3 Causal dilated convolution

Before applying the graph attention mechanism
for spatial topological aggregation, CIFAM deeply
models the temporal features of nodes and their
neighbors through the causal dilated convolution
module. The core purpose of introducing the causal
dilated convolution module is to capture the long-
term memory of the activity sequence by obtaining
an exponentially expanded receptive field, while en-
suring that the model does not rely on future mo-
ment data through causal constraints, thereby elim-
inating the risk of “information leakage”. For the
neighbor node set N(v, t j) of node v before the ob-
servation moment t j, its representation sequence at
the l −1 layer is denoted as:

Xv = {h(l−1)
u1 ,h(l−1)

u2 , . . . ,h(l−1)
un } (8)
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In this formula, p ∈ [0,1] represents the preset
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cal structure while keeping the node features h0

v un-
changed. This intervention on the graph structure
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ples on the original observed data, thereby reducing
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deletion strategy provides effective causal interven-
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CIFAM maintains a conservative discard rate p and
relies on a multi-view contrast mechanism to ensure
that key causal information can still be identified
even under structural perturbations.

Meanwhile, CIFAM adopts a contrastive learn-
ing framework, which forces the model to focus
on the more essential structures that exist in both
views, learning a representation that is invariant to
perturbations rather than relying on a few edges
that may be randomly dropped. Additionally, for
the same structural attribute graph throughout the
training process, the augmented views generated in
each iteration are different. By training under a
large number of random perturbations, the model
can statistically learn which structures persist and
which occur by chance. This effectively mitigates
the problem of real correlation loss that may be
caused by random edge dropping.

To learn how information affects the most ab-
normal prediction results from the complex pump
station activity structure and temporal dynamic,
and to effectively integrate information from the
original structure attribute graph G and the aug-
mented structure attribute graph G̃, CIFAM designs
a mechanism that includes multi-layer representa-
tion encoding and cross-graph representation fu-
sion. This mechanism first independently gener-
ates graph-level representations for G and G̃, and
then fuses them through adaptive instance normal-
ization.

For a given structure, the node representation is
learned through a recursive, layer-by-layer aggrega-
tion of neighbor information process. Let h(l)v rep-
resent the representation of node v at layer l. The
initial representation of the node is composed of its
inherent sequence embedding:

h0
v = NodeEmbed(v) (7)

Among them, NodeEmbed is a learnable node
embedding lookup function. Subsequently, at each
layer l, the representation h(l)v of node v is up-
dated and aggregated based on its own representa-
tion h(l−1)

v in the previous layer and the information
of its temporal neighbor node set N(v, t j), where
N(v, t j) is the set of neighbor nodes of v before the
current observation cutoff time t j < to.

4.3 Causal dilated convolution

Before applying the graph attention mechanism
for spatial topological aggregation, CIFAM deeply
models the temporal features of nodes and their
neighbors through the causal dilated convolution
module. The core purpose of introducing the causal
dilated convolution module is to capture the long-
term memory of the activity sequence by obtaining
an exponentially expanded receptive field, while en-
suring that the model does not rely on future mo-
ment data through causal constraints, thereby elim-
inating the risk of “information leakage”. For the
neighbor node set N(v, t j) of node v before the ob-
servation moment t j, its representation sequence at
the l −1 layer is denoted as:

Xv = {h(l−1)
u1 ,h(l−1)

u2 , . . . ,h(l−1)
un } (8)
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The enhancement process of the time series fea-
tures by using the filter f : {0, . . . ,k− 1} → R and
the dilated causal convolution operator ⊗d is de-
fined as follows:

ĥ(l)u (s) = (Xv ⊗d)(s) =
k−1

∑
i=0

f (i)Xvs−di (9)

Among them, d is the dilation coefficient,
which allows the model to obtain historical infor-
mation over a longer time step without significantly
increasing the computational cost during the expo-
nential growth process with the network depth. k
represents the size of the convolution kernel, char-
acterizing the width of the window for local feature
extraction. vs − di embodies the causal constraint,
by padding zero elements at the front end of the se-
quence and restricting the convolution index, ensur-
ing that the output at time S is calculated only using
the current and historical states, strictly preventing
the leakage of future information to the past.

The causal dilated convolution module plays a
crucial role in preprocessing and feature enhance-
ment in the model proposed in this paper. In com-
plex pumping station operating conditions, abnor-
mal signals often have significant time lags. The
large receptive field of the causal dilated convo-
lution module enables the model to trace back to
the operation parameters at earlier times and extract
more representative evolution features. Moreover,
by eliminating information leakage, the model can
learn the interaction logic between nodes based on
the true causal order, thereby reducing the spurious
correlation caused by unobservable variables.

4.4 Graph fusion learning

After processing through the causal dilated con-
volution module, the information representation
passed from neighbor u to v is used as the k(l)vu key
and v(l)vu value in the attention mechanism, which
can be concatenated as follows:

k(l)vu = v(l)vu = Concat(ĥ(l)u ,EEvu,TE∆t) (10)

EEvu = edgeEmbed(evu) (11)

∆t = t j − tvu (12)

TE∆t = TimeEncoder(∆t) (13)

Here, EEvu represents the type embedding of
edge evu, and edgeEmbed(·)is the type embedding
function. ∆t denotes the difference between the
current observation time t j and the historical in-
teraction time tvu between nodes v and u. Af-
ter encoding through the time encoding function
TimeEncoder(·), the relative time difference en-
coding TE∆t is obtained. Concat indicates the con-
catenation operation.

The central node v generates the corresponding
query vector q(l)v at the l layer, whose construction
method is similar to that of keys and values, usu-
ally composed of its representation from the previ-
ous layer and its time information:

q(l)v = Concat(ĥ(l−1)
v ,EEv,TE∆t=0) (14)

Here, EEv represents a placeholder edge em-
bedding designed for the center node v itself, which
is a special, learnable vector and will be learned
and updated like other edge embeddings during the
training process. TE∆t=0 represents the zero-time-
difference time encoding, which is a tensor of all
zeros. The key k(l)vu , value v(l)vu , and query vector q(l)v

are input into the multi-head attention module to-
gether and fused with the node representation of the
previous layer to generate the representation ĥ(l)v of
the l layer:

Aggre(l)v = Multi(q(l)v ,{k(l)vu },{v(l)vu }),u ∈ N(v, t)
(15)

ĥ(l)v = Merge(Aggre(l)v , ĥ(l−1)
v ) (16)

Here, Multi(·)represents the multi-head attention
module, and Merge(·)is the concatenation layer.
The two node representation vectors are concate-
nated and then sent into a Multi-Layer Perceptron,
(MLP) for nonlinear transformation, ultimately ob-
taining the representation h(l)v of the l layer.

In CIFAM, the above layer-by-layer node repre-
sentation learning process is respectively applied to
G and G̃. Next, for each graph, the model performs
layer-by-layer aggregation on the source node and
target node lists, thereby obtaining node representa-
tions of different depths. During the layer-by-layer
fusion, since the node representations of the first
layer undergo a single neighbor aggregation, they
mainly capture the local, fine-grained structural fea-
tures of the structural attribute graph, such as direct
activity dependencies and early anomaly propaga-
tion patterns. In contrast, the node representations
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of the last layer undergo multiple neighbor aggre-
gations, and the receptive field of the nodes has ex-
panded to the entire observed graph. Therefore, the
representations of this layer can capture the global,
high-order topological structure of the structural at-
tribute graph. Thus, CIFAM chooses to fuse the
node representations of the first layer and the last
layer to generate the graph-level intermediate rep-
resentation:

U (l) = Merge(Pool(H(l)
v∈S),Pool(H(l)

v∈T )) (17)

Here, l ∈ {0,−1} represents the layer number,
which can be either the first layer or the last layer.
H(l)

v∈S and H(l)
v∈T respectively denote the source node

and target node representations of a specific layer,
and Pool(·)represents the pooling operation. By
fusing these two representations at different scales,
CIFAM can simultaneously utilize micro and macro
structures for prediction, which helps prevent the
common “over-smoothing” problem in deep graph
neural networks, where deep node representations
tend to homogenize, leading to the loss of local
information and thus retaining the multi-scale fea-
tures crucial for anomaly prediction.

For each fused intermediate graph represen-
tation H(l)

v∈T , the model calculates its importance
weight a(l) through an affine transformation and a
Softmax function, and then performs a weighted
sum to obtain the pooling vector of this fused in-
termediate graph representation:

a(l) = Softmax(Affine(U (l))) (18)

û(l) = ∑
nodes

(U (l),a(l)) (19)

Ultimately, all the selected and weighted pooled
graph representations are collected and weighted
summed through a learnable layer weight vector
wlayer to obtain the final causal intervention graph
representation Z:

Z = ∑
i

wlayer · û(l) (20)

After obtaining the graph-level representations
of the original graph Z and the augmented graph Z̃
after cross-modal fusion, to integrate the learned in-
formation from the two views and generate a more

robust final representation that can suppress spu-
rious correlation related to partial and confusing
factors, the model introduces an Adaptive Instance
Normalization (AdaIN) [31] module for feature fu-
sion:

Z̄ = AdaIN(Z, Z̃) = µ(Z̃)+σ(Z̃)
Z −µ(Z)

σ(Z)
(21)

Here, µ(·)and σ(·)respectively represent the mean
and standard deviation, both of which are calcu-
lated along the feature dimension. The core design
principle lies in decoupling the graph representation
into two parts: ”true factors” and ”confounding fac-
tors”. In this task, true factors can be understood as
the stable, causal core structure that is robust in the
process of causal intervention. This is the part that
the model is expected to learn and use for predic-
tion. Confounding factors can be regarded as unsta-
ble statistical features brought about by random dis-
turbances in complex scenarios, non-critical edges,
etc., and this part is very likely to contain spurious
correlations.

AdaIN achieves feature transformation by
aligning the real factors of Z with the confounding
factors of Z̃. Here, CIFAM assumes that the statis-
tical features of Z̃, after graph augmentation inter-
vention, become more robust due to the disruption
of some fragile connections, thus retaining the con-
tent of the original structural attribute graph repre-
sentation Z while replacing its confounding factors
with the real factors of Z̃.

This operation can be regarded as a kind of de-
noising of the original graph representation, aiming
to eliminate its potentially unstable statistical char-
acteristics caused by spurious correlation, thereby
extracting a final representation Z̃ that is closer to
the causal essence. Mathematically, the optimiza-
tion of the contrastive loss serves as the numerical
engine for identifying the mediator Z required by
the front-door criterion. By maximizing the mu-
tual information between the treatment G and its
augmented view G̃, the contrastive objective forces
Z to capture representations that remain invariant
across local topological perturbations. In the con-
text of the front-door adjustment, this process en-
sures the identifiability of the conditional probabil-
ity P(z|do(G)), while the AdaIN based feature de-
coupling effectively approximates the summation
over the state space of G in Equation (4). Con-
sequently, the minimization of the contrastive loss
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the model is expected to learn and use for predic-
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etc., and this part is very likely to contain spurious
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aligning the real factors of Z with the confounding
factors of Z̃. Here, CIFAM assumes that the statis-
tical features of Z̃, after graph augmentation inter-
vention, become more robust due to the disruption
of some fragile connections, thus retaining the con-
tent of the original structural attribute graph repre-
sentation Z while replacing its confounding factors
with the real factors of Z̃.

This operation can be regarded as a kind of de-
noising of the original graph representation, aiming
to eliminate its potentially unstable statistical char-
acteristics caused by spurious correlation, thereby
extracting a final representation Z̃ that is closer to
the causal essence. Mathematically, the optimiza-
tion of the contrastive loss serves as the numerical
engine for identifying the mediator Z required by
the front-door criterion. By maximizing the mu-
tual information between the treatment G and its
augmented view G̃, the contrastive objective forces
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drives the neural architecture to converge toward
the theoretical solution of the front-door formula,
ensuring that the model's predictions are rooted in
stable causal logic rather than transient shortcut fea-
tures. Ultimately, the graph representation Z̄ ob-
tained through AdaIN fusion is sent to a predictor
for the final abnormal activity prediction.

4.5 Anomaly predictor

The predictor employs a Multi-Layer Percep-
tron (MLP) composed of two fully connected layers
(with ReLU activation functions) to map the fused
graph representation to the predicted value Ŷ :

Ŷ =MLP(Z̄) (22)

The training objective of the model is to mini-
mize the deviation between the predicted value and
the true value. To alleviate the common confu-
sion factors in the labels of real pumping station
anomaly detection and enhance learning stability,
the model does not directly predict the abnormal
value ∆Y , but rather its logarithmically transformed
value Ŷ . The preprocessing process is defined as
follows:

Ỹ = log2(∆Y +1) (23)

The model employs mean squared error and hy-
perparameters as the loss function:

Loss =
λ
N

N

∑
i=1

(Ŷi − Ỹi)
2 (24)

Here, N represents the batch size, and param-
eter λ ∈ [0,1] is the causal intervention degree ad-
justment factor introduced in this paper. By min-
imizing this loss function, the model continuously
optimizes its parameters, thereby enhancing the ac-
curacy of anomaly prediction.

5 Experiment and Performance
Analysis

This section conducts a systematic experimen-
tal evaluation of the proposed CIFAM model's ef-
fectiveness and robustness in complex industrial en-
vironments. By analyzing key performance indi-
cators, it demonstrates the model's effectiveness in
capturing real causal logic and suppressing spurious
correlation in various non-steady-state scenarios.

5.1 Dataset and methodology

To further demonstrate the effectiveness and
generalization ability of the CIFAM model pro-
posed in this paper for non-intrusive anomaly de-
tection, verification was conducted using five com-
mon public benchmark datasets from the indus-
trial field and a self-made actual pump station non-
intrusive monitoring dataset. The public datasets in-
clude MVTecAD, Real-IAD, MulSen-AD, MPDD,
and CAD-SD, covering various complex indus-
trial manufacturing and detection scenarios, which
can better provide standardized evaluation refer-
ences for model performance. Meanwhile, We
have constructed a multimodal real-world dataset
for non-intrusive monitoring of pumping stations
(our dataset), which was collected during the opera-
tion of a real pumping station. This dataset includes
real-time images from 1148 video streams as well
as various operational conditions such as current,
vibration, temperature, and noise. The eight differ-
ent clusters mentioned in the experimental analysis
correspond to specific physical states: (1) normal
operation, (2) impeller blockage, (3) bearing wear,
(4) cavitation, (5) seal leakage, (6) motor over-
load, (7) misalignment, and (8) lubrication failure.
The real anomaly labels were generated through
a strict semi-automatic process; initially, the ini-
tial anomaly boundaries were marked using preset
hardware thresholds, followed by manual verifica-
tion and semantic annotation to ensure that the la-
bels were consistent with actual operational events,
the final dataset presents a balanced distribution.
The sampling rate of the vibration sensor is 10 kHz,
the sampling rate of the current and noise sensors is
1 kHz, and the frame rate of the 1080p video stream
is 25 frames per second. All modalities are aligned
using UTC.

Baseline models and the CIFAM model output
the accuracy and Micro-F1 score of the next mo-
ment in the test set. All models were trained using
the Adam optimizer with a learning rate of 0.001.
60% of the nodes were used as the training set, and
the remaining 20% of the data were respectively
used as the validation set and the test set. When
the dynamic graph structure changes, the baseline
models cannot update the model based on the graph
topology structure. Therefore, in the baseline meth-
ods, the input is the node features at the current mo-
ment and the graph structure information at the ini-
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tial moment; in the CIFAM model, the input is the
information at the current moment.

In terms of experimental setup, this paper
conducts semi-supervised node anomaly detection
tasks on all the aforementioned datasets. The main
baseline models examined in the experiments are:,
EGNN [36], AGP [37], DySAT [38], EvolveGCN
[39], SEIGN [40], ContinualGNN [41], SDGNN
[42] and SpikeNet [43]. To highlight the advan-
tages of causal reasoning, we added two state-of-
the-art causal baseline models: CIGNN[4], which
utilizes causal intervention for industrial fault diag-
nosis, and CUBE [44], a framework based on coun-
terfactual explanations to mitigate spurious corre-
lations. During the model training phase, only the
activity data under normal operating conditions are
used to construct the initial graph structure, aiming
to capture the normal spatiotemporal evolution pat-
terns through an adaptive dynamic graph learning
mechanism, thereby effectively identifying abnor-
mal activity nodes that deviate from the center of
the normal distribution in the testing phase.

5.2 Evaluation indicators

To verify the effectiveness and stability of the
proposed CIFAM for the task of lossless anomaly
detection, node classification Accuracy and Micro-
F1 score are adopted for comparative analysis here.
Accuracy is a commonly used intuitive evaluation
metric that can measure whether the model cor-
rectly classifies all nodes of normal and abnormal
activities. The calculation formula is shown in
Equation (25).

Accuracy =
T P+T N

T P+T N +FP+FN
(25)

Among them, T P represents the number of abnor-
mal nodes correctly identified, T N represents the
number of normal nodes correctly identified, FP
represents the number of normal nodes wrongly
identified as abnormal, and FN represents the num-
ber of abnormal nodes wrongly identified as nor-
mal. Due to the possible imbalance in sample dis-
tribution in industrial anomaly detection scenarios,
the simple accuracy rate may not fully reflect the
model performance. This paper adopts the Micro-
F1 score to comprehensively measure the Preci-
sion and Recall of the model. Micro-F1 calculates
the global indicator by summarizing the total true

positives, false positives, and false negatives of all
categories, and is particularly suitable for multi-
classification problems. First, calculate the global
precision Micro−P and global recall Micro−P as
shown in formulas (26) - (27).

Micro−P =
∑N

i=1 T Pi

∑N
i=1 (T Pi +FPi)

(26)

Micro−R =
∑N

i=1 T Pi

∑N
i=1 (T Pi +FNi)

(27)

Among them, N represents the total number of
categories (corresponding to the 14 activity types
defined in this article), and T Pi, FP, and FNi re-
spectively represent the number of true positives,
false positives, and false negatives of the second
category. The calculation formula for the Micro-F1
score is.

Micro−F1 =
2 ·Micro−P ·Micro−R
Micro−P+Micro−R

(28)

5.3 Abnormal prediction result

From the Micro-F1 values of different meth-
ods in Figure 4, it can be seen that the CIFAM
proposed in this paper has certain advantages over
competing models. By comparing the data in Fig-
ure 4, it can be observed that CIFAM has achieved
the best prediction results, with significant improve-
ments in the Micro-F1 metric compared to tradi-
tional topological models such as Graph SAGE and
DySAT, as well as recent causal diagnosis frame-
works like CUBE and CIGNN. In terms of gen-
eralization ability, CIFAM demonstrates excellent
performance across various types of datasets, espe-
cially with a prediction accuracy of 91.1% on the
OURS dataset. This is due to its stronger abil-
ity to integrate multimodal heterogeneous signals
and identify true causal evolution paths. As ex-
pected, the causal-based baselines demonstrate su-
perior performance compared to non-causal mod-
els, validating the importance of causal reasoning
in industrial scenarios. In contrast, although the
overall prediction scores of the CAD-SD dataset
are lower than other benchmarks due to its extreme
noise, CIFAM still achieves the highest Micro-F1
score (59.7%) among all tested models.
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Figure 4. Comparison of Accuracy by different methods

5.4 Convergence and stability analysis of
multi-class models

To comprehensively evaluate the learning ef-
ficiency and numerical stability of the CIFAM
model in multi-objective optimization, this sec-
tion compares the training convergence curves of
CIFAM with three representative baseline mod-
els on the OURS dataset. SpikeNet repre-
senting high-performance deep feature extrac-
tion; EvolveGCN representing mainstream spatio-
temporal evolution modeling; DySAT represent-
ing complex self-attention-based dynamic graph
architectures; CIGNN representing state-of-the-art
causal intervention logic. The comparison mod-
els include high-performance feature extraction
model SpikeNet, mainstream spatio-temporal mod-
els EvolveGCN and DySAT, and the state-of-the-art
causal model CIGNN.

As shown in Figure 5, in terms of convergence
speed and quality, all models can rapidly converge
to relatively low loss values in the initial stage.
However, due to their inability to capture complex
nonlinear spatio-temporal dependencies or causal

relationships, they eventually get stuck at a rela-
tively high loss value, that is, they fall into local
optima. In terms of training stability, DySAT expe-
riences some fluctuations during training due to the
use of a complex self-attention mechanism. In con-
trast, although CIFAM's learning curve is slightly
delayed in the early stage due to the addition of
causal intervention, it can still maintain a relatively
smooth state in the middle and later stages, and
CIFAM can achieve the lowest loss value through-
out the entire training process among all models,
indicating that it does not sacrifice convergence for
accuracy. Meanwhile, by filtering out some noise
through the front-door adjustment method, the fea-
tures learned by CIFAM can more directionally
capture the incremental gains brought by the causal
mechanism, thereby also giving it better training
stability than traditional dynamic graph models.



410 R. Zhang, X. Fang, K. Lu

Figure 5. Training convergence and stability

5.5 Ablation study

To verify the role of each important module of
the CIFAM model in enhancing the performance of
anomaly detection and to explore whether the per-
formance gains are truly due to causal factors, ab-
lation experiments were conducted on four repre-
sentative datasets: Real-IAD, MulSen-AD, MPDD,
and Ours. Different variant models were compared,
and the performance results of these variants were
used to determine whether the causal step, sequence
modeling, and feature fusion modules could be con-
firmed to have a significant impact on the model's
predictive ability.

Removing the causal dilated convolution mod-
ule (w/o Convolution): This variant removed the
causal dilated convolution module mentioned above
and used either ordinary convolution or directly
used the original time series features for spatial
topology aggregation. Due to the loss of the advan-
tage of exponentially expanding the receptive field
through the dilation coefficient, it was unable to ef-
fectively track the operation parameters and states
at earlier time points when dealing with pump sta-
tion anomaly signals with strong time lags.

Removing the attention module (w/o Atten-
tion): The attention module was removed and re-
placed with simple mean pooling to determine its
role in aggregating neighbor information and select-
ing key nodes.

Removing causal intervention (w/o Interven-
tion): The graph data augmentation module was re-
moved, which means the core causal intervention
method was abandoned. At this point, the model
degraded to a simple supervised learning approach,
only able to learn some related factors from the

observed data but unable to clearly distinguish be-
tween cause and confusion.

Removing causal fusion (w/o Fusion): This
variant deleted the AdaIN fusion module. Since
the model did not align or fuse the representations
learned before and after the intervention causally,
after removing causal fusion, the model also lacked
the ability to filter and retain invariant features un-
der interference.

As shown in Table 1, in the w/o Convolution
variant, the model degrades to a simple convolution
or direct spatial aggregation of the original time se-
ries information. Due to the loss of the ability to
exponentially increase the receptive field through
the expansion coefficient, the model is unable to ef-
fectively trace back the operation parameters at dis-
tant times for the significant time-lagged character-
istics of the pump station's abnormal signals. On the
Ours dataset, the performance drops from 91.1%
to 87.6%. By removing the w/o Attention model
and replacing the attention mechanism with simple
mean pooling, we aim to demonstrate the model's
effectiveness in aggregating neighbor information
and identifying key nodes. The results show that
non-adaptive weight allocation leads to the model's
inability to accurately model the correlations be-
tween complex activities. After removing the w/o
Intervention module, the model reverts to a tradi-
tional supervised learning mode. In this case, the
model directly learns statistical correlations from
the observed data rather than causal or confound-
ing factors, making it difficult to prevent “spurious
correlation” caused by environmental noise. Af-
ter removing the AdaIN fusion module, although
the model performs intervention, it fails to align
the representations before and after the interven-
tion. As a result, the model cannot extract the core
causal content with strong robustness from the dis-
turbances and cannot achieve feature decoupling.

From the experimental data, it is evident that
causal dilated convolution has the most significant
impact on the model's performance. In the Ours
pump station dataset, it causes the most severe
performance degradation, indicating that in actual
complex industrial time series scenarios, only by
establishing long-term temporal dependencies can
accurate predictions be made. Moreover, com-
bining causal intervention and fusion mechanisms
can probabilistically enhance the model's robust-
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Table 1. Ablation experiments on four datasets

Data Set/Module Real-IAD MulSen-AD MPDD Ours

w/o Convolution 69.7/66.4 67.4/62.1 76.7/71.5 87.6/83.8
w/o Attention 71.2/71.9 67.8/64.7 77.2/73.5 88.9/88.3
w/o Intervention 73.8/73.3 69.5/67.8 83.1/82.3 90.3/89.8
w/o Fusion 73.8/73.3 69.5/67.8 82.3/78.6 90.3/89.8
CIFAM 74.7/74.2 70.8/69.1 83.8/82.4 91.1/90.6

ness to unseen confounding factors and ensure that
the model's predictions are based on physically re-
alistic logic rather than shortcut learning.

5.6 Parameter sensitivity analysis

The sensitivity of the CIFAM model to key hy-
perparameters and its stability in actual training
were analyzed in this paper. The intervention inten-
sity λ and the causal edge dropping probability p
were set as the main factors affecting CIFAM. Mul-
tiple rounds of experiments were conducted here
for verification. For all parameter configurations
set, the model was run five times on the OURS
dataset separately, and the mean and variance of the
Micro-F1 metric in each experiment were recorded.
The experimental results are detailed in Figure 6,
where the solid line represents the average of the
five experiments, and the shaded area represents the
variance range. The causal intervention intensity λ
determines the degree of attention the model pays
to the extraction of causal mediator representations
during the training process. Figure 6(a) shows that
as λ gradually increases, the average value of the
model first rises and then falls; when λ = 0.5, the
model's prediction effect is the best and the vari-
ance range is the narrowest, indicating that imple-
menting causal intervention at λ = 0.5 can avoid in-
terference factors to the greatest extent. Addition-
ally, When the value of A is too high or too low,
the range of variation will increase, indicating that
maintaining a specific balance is crucial for ensur-
ing the stability of the model. The causal edge drop-
ping probability p is used in the training stage to
represent invisible environmental disturbances by
randomly deleting graph edges. The results shown
in Figure 6(b) indicate that when p is in the range
of [0.2, 0.4], the model's performance is stable and
the fluctuation range is small, suggesting that the
front-door optimization method, by randomly delet-

ing edges to simulate environmental disturbances,
enables the model to learn causal mediator repre-
sentations that are less sensitive to local topologi-
cal perturbations. Although CIFAM performs sta-
bly within the range of p in [0.2, 0.4], its perfor-
mance drops significantly when p exceeds 0.5. This
trend is further clarified at the boundary of the high-
performance platform in the heatmap. This perfor-
mance decline is mainly due to the excessive dele-
tion of sparse causal edges. In some pump station
sections, operational activities are strictly sequen-
tial and without redundancy, and excessive inter-
vention intensity can disrupt the critical causal logic
flow. Therefore, the determined optimal parameter
range reflects a balance between effectively block-
ing confounding paths and preserving the key struc-
tural backbone.

In addition to the single-parameter cross-
experiment exploring the co-evolution of causal in-
tervention intensity λ and intervention probabil-
ity p, in this section, we also conducted a two-
parameter cross-experiment based on the OURS
dataset, with different value ranges of parameters
λ and p. We performed a grid search with λ and
p taking values in the intervals [0.1, 0.9] and [0.1,
0.8] respectively, and recorded the corresponding
Micro-F1 values for each pair of different values.
The heat map is shown in Figure 7. As shown in
Figure 7, when λ is within the range of [0.4, 0.6]
and p is within [0.2, 0.4], the model has a high-
performance plateau region, indicated by the dark
area, where the Micro-F1 is all above 90%. At
this point, it is a better choice to provide sufficient
perturbation samples for the front-door adjustment
by setting a reasonable intervention probability and
to cooperate with a certain intensity of causal con-
straint conditions to exert a greater extraction ef-
fect of the mediating effect. If both are at a high or
low level, it indicates that too many loss features or
there is a large statistical deviation, and there will
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Figure 6. Results of hyperparameter sensitivity analysis

be a situation where one of them increases and the
other necessarily decreases. Besides finding the op-
timal parameters of the model, it also proves the sta-
ble performance of the CIFAM model under differ-
ent parameter couplings.

Figure 7. Heatmap of interactions among
hyperparameters

5.7 Effectiveness analysis of causal repre-
sentation

To qualitatively evaluate how the causal in-
tervention mechanism suppresses spurious correla-
tions and enhances the interpretability of the model,
this section provides a centralized analysis by inte-
grating t-SNE visualizations and multimodal corre-
lation heatmaps.

Feature Decoupling Analysis via t-SNE, Figure
8 illustrates the two-dimensional distribution of the
8 typical abnormal activity features in the OURS
dataset. While the raw data and baseline models

exhibit chaotic overlap (Figures 8 a-e) due to the in-
terference of unobserved confounders, the features
extracted by CIFAM (Figure 8 f) achieve a “clear
decoupling” with compact clusters and significant
inter-class physical distances. This transition quali-
tatively proves that by blocking confounding paths,
CIFAM successfully separates core causal elements
from unstable environmental background noise.

Cross-modal Deconfounding via Heatmaps,
Figure 9 further characterizes the impact of the
front-door adjustment strategy on feature correla-
tions. In real ump station scenarios, mixed en-
vironmental noise artificially creates strong spuri-
ous correlations across different modalities (Fig-
ure 9a). After implementing CIFAM's causal inter-
vention and contrastive constraints, the cross-modal
correlation coefficients decrease significantly while
intra-modal consistency is preserved (Figure 9b).
This change indicates that the model effectively
eliminates redundant background information and
extracts independent feature representations that
capture the stable causal essence of abnormal
events, ensuring that the predictor follows physi-
cally realistic logic rather than statistical shortcuts.

5.8 Sample efficiency analysis

In the actual industrial scenario of pump sta-
tion monitoring, high-quality anomaly-labeled data
is often scarce, making a model's ability to lever-
age limited data a crucial criterion for its engineer-
ing value. In this section, we evaluate CIFAM
against five representative baselines: the spatio-
temporal models EvolveGCN and DySAT, the high-
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Figure 8. Comparison of t-SNE visualizations by different methods

Figure 9. Heatmap of multimodal feature correlations before and after causal intervention
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performance feature extraction model SpikeNet,
and the recent causal-based frameworks CUBE and
CIGNN.

As illustrated in Figure 10, all models exhibit
a performance decline as the training data ratio
decreases. However, traditional spatio-temporal
models (EvolveGCN and DySAT) and the feature-
driven SpikeNet suffer significantly from shortcut
learning in low-data regimes, with their Micro-F1
scores dropping to approximately 66%-71% at the
10% training ratio. In contrast, causal-based meth-
ods demonstrate superior stability. CUBE, which
utilizes counterfactual explanations, maintains an
accuracy of approximately 74.5% under the 10%
setting. Notably, CIFAM significantly outperforms
all baselines, achieving a Micro-F1 of 78.5% even
with minimal labeled data.

The superior sample efficiency of CIFAM is
attributed to its front-door adjustment mechanism,
which enables the model to identify the true causal
mediator Z and block the interference of unob-
served confounders prevalent in small datasets.
While SpikeNet relies on massive samples to
learn complex features, CIFAM's structural at-
tribute graph and causal dilated convolution allow
it to capture the underlying physical laws of pump
station operations more directly. Consequently,
CIFAM reaches performance saturation (around
88.4%) with only 40% of labeled data, demonstrat-
ing strong practical utility in data-scarce industrial
environments.

Figure 10. Sample efficiency analysis under
different proportions of training data

5.9 A comparative analysis of methods
for constructing structural attribute
graphs

To verify the effectiveness of the multi-level
structure attribute graph method in representing the
dynamic dependency relationships of pump station
operation activities, this section conducts a com-
parative analysis of the anomaly prediction perfor-
mance of graph construction methods with differ-
ent representation approaches. Four different graph
construction strategies are selected: (1) Fully con-
nected graph, which assumes that all pairs of modal
features are related, resulting in a large number of
redundancies in the graph; (2) K-nearest neighbor
graph, which determines the adjacency relationship
in the graph based on the similarity of dataset fea-
tures, and only calculates the association between
some feature pairs based on their similarity; (3)
Static correlation graph, which sets the weights of
the edges in the graph based on the Pearson correla-
tion coefficient; (4) The multi-level structure graph
proposed in this paper, which integrates video and
signal features and realizes multi-level evolutionary
structural associations through graph attention net-
works and dynamic clustering.

Figure 11. Performance comparison of different
graph construction methods

As can be seen from Figure 11, when using a
fully connected graph as the model input, the per-
formance is poor, with a Micro-F1 of only 76.5%.
This is because the false interaction between irrel-
evant nodes can introduce a large amount of noise.
KNN graphs and correlation graphs can better re-
move redundancies, but since the graph structure is
fixed or quasi-fixed, they cannot fully capture the
various complex nonlinear dynamic evolution pro-
cesses of the pumping station during operation. The
graph construction strategy proposed in this paper
is optimal in all indicators, with a Micro-F1 of up
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redundancies in the graph; (2) K-nearest neighbor
graph, which determines the adjacency relationship
in the graph based on the similarity of dataset fea-
tures, and only calculates the association between
some feature pairs based on their similarity; (3)
Static correlation graph, which sets the weights of
the edges in the graph based on the Pearson correla-
tion coefficient; (4) The multi-level structure graph
proposed in this paper, which integrates video and
signal features and realizes multi-level evolutionary
structural associations through graph attention net-
works and dynamic clustering.

Figure 11. Performance comparison of different
graph construction methods

As can be seen from Figure 11, when using a
fully connected graph as the model input, the per-
formance is poor, with a Micro-F1 of only 76.5%.
This is because the false interaction between irrel-
evant nodes can introduce a large amount of noise.
KNN graphs and correlation graphs can better re-
move redundancies, but since the graph structure is
fixed or quasi-fixed, they cannot fully capture the
various complex nonlinear dynamic evolution pro-
cesses of the pumping station during operation. The
graph construction strategy proposed in this paper
is optimal in all indicators, with a Micro-F1 of up
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to 91.1%. This is because the multi-level cluster-
ing used to generate the structural graph more ac-
curately restores the causal evolution path of the
multimodal signals and removes some spatial re-
dundancies through the structural graph, providing
a better structural basis for subsequent causal inter-
vention.

In the process of constructing a multi-layer
structural attribute graph, the K value determines
the abstraction granularity and topological com-
plexity of the graph structure. To evaluate the
model's ability to capture the dynamic dependen-
cies of multimodal data, we conducted comparative
experiments on the OURS dataset by setting K to
2, 4, 8, 16, 32, and 64 respectively. The results are
shown in Figure 12.

Figure 12. Sensitivity analysis of the number of
clusters on model prediction performance

Experiments show that the model performance
with respect to the K value follows a pattern of ”first
increase then decrease”. When K is too small, the
graph structure is too coarse to finely distinguish
the fine-grained causal interaction relationships be-
tween molecular nodes, and it cannot effectively
capture abnormal evolution paths. When K = 8,
the model achieves the maximum values in Micro-
F1 and Accuracy metrics, which is highly consis-
tent with the eight types of abnormal activities and
the physical state space set in this paper, indicat-
ing that this granularity strikes a balance between
the representativeness of features and the simplicity
of the structure. Beyond this point, although more
clusters can increase the number of similar nodes
within each cluster, it inevitably leads to overly fine
clusters. Such overly fine clustering can cause frag-
mentation of the graph due to an excessive number
of categories, introducing a large amount of topo-
logical noise and increasing the difficulty of graph
attention calculation, without further improving the

prediction accuracy. From the above experiments, it
can be concluded that setting the clustering granu-
larity reasonably is the basis for establishing a good
structure-attribute graph and enabling causal inter-
vention to take effect.

5.10 Efficiency and Complexity Analysis

To provide a quantitative evaluation of the
model’s practical utility, this section analyzes the
computational complexity and inference efficiency
of CIFAM compared to mainstream baselines on
the OURS dataset. The key metrics include pa-
rameter count (Params), floating-point operations
(FLOPs), and average inference latency per sample.

Table 2. Comparison of Computational
Complexity and Inference Efficiency

Model Params
(M)

FLOPs
(G)

Latency
(ms)

Training
Time (s)

EvolveGCN 1.42 2.54 12.4 45.2
DySAT 1.85 3.12 15.6 58.7
SpikeNet 1.25 1.98 8.2 32.5
CUBE 2.1 4.05 22.1 75.4
CIFAM 1.38 2.21 9.5 38.6

As shown in the Table 2, CIFAM maintains a
highly competitive computational profile. Despite
the inclusion of front-door adjustment and causal
dilated convolution, its inference latency (9.5 ms)
is significantly lower than that of complex self-
attention models like DySAT and counterfactual
models like CUBE.

The efficiency of CIFAM stems from the design
of the Causal Dilated Convolution module. Un-
like traditional RNNs or deep CNNs that require
massive layers to capture long-range dependencies,
dilated convolution expands the receptive field ex-
ponentially with network depth. This allows the
model to trace back to early operational parame-
ters in time-lagged pump station signals without a
linear increase in FLOPs. Furthermore, the Front-
door Adjustment is implemented via a lightweight
contrastive learning objective and AdaIN fusion,
which primarily operates on graph-level represen-
tations rather than dense node-wise matrices, en-
suring that the causal intervention does not affect
real-time monitoring performance.
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Conclusion

This paper addresses the issue that anomaly
prediction models in complex industrial scenar-
ios such as pump stations are easily disturbed by
unobservable confounding factors. It proposes
and implements a multimodal causal intervention
model based on the front-door adjustment strat-
egy. By deeply integrating causal inference theory
with deep learning techniques, this study achieves a
transformation from statistical association to causal
logical reasoning and constructs a multi-level struc-
tural attribute graph representation model. By inte-
grating video dynamic features and sensor time se-
ries signals, it utilizes graph attention networks and
clustering algorithms to capture the spatio-temporal
evolution dependencies among multimodal data. A
causal intervention and feature decoupling mech-
anism based on the front-door adjustment is pro-
posed. In the case of unobservable confounding
factors, random edge dropping is used to simu-
late the intervention process, and robust interme-
diate representations are extracted based on the
front-door criterion. By combining causal dilated
convolution and AdaIN techniques, it achieves a
deep decoupling of core causal content and non-
causal noise, blocking the propagation path of spu-
rious correlations both theoretically and in model
structure. Extensive experiments have verified the
model's outstanding performance and generaliza-
tion ability. On the self-built multimodal dataset
of pump stations (OURS), the prediction accuracy
of the CIFAM model reached 91.1%, significantly
outperforming mainstream dynamic models and re-
cent causal diagnosis frameworks such as CIGNN.
Particularly in the sample efficiency experiment,
the model maintained an accuracy of 78.5% even
when only 10% of the labeled data was used. Ad-
ditionally, through t-SNE visualization and correla-
tion heatmaps, it qualitatively proves that the model
successfully achieves redundancy removal between
modalities, significantly enhancing the prediction
stability under complex non-steady-state working
conditions.

The CIFAM model proposed in this paper effec-
tively eliminates spurious correlations in industrial
scenarios through a front-door adjustment strategy,
thereby enhancing the accuracy of anomaly predic-
tion. In future work, we will further explore the
universality of this model in more fields. Due to

its core causal intervention mechanism and multi-
modal fusion framework, which are highly portable,
this method is not limited to pump station moni-
toring but can also be widely extended to the op-
eration status monitoring of generator sets, the fine
quality control of semiconductor production lines,
and even the inspection and maintenance moni-
toring of long-distance infrastructure such as oil
pipelines and high-voltage transmission lines us-
ing unmanned aerial vehicle-mounted multi-sensor
equipment.
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