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Abstract

Laser strapdown inertial measurement units (LIMUs) are critical components of au-
tonomous navigation and attitude determination systems used in mission-critical platforms
such as spacecraft. Their performance directly affects the reliability and safety of space
missions. To address the challenges posed by high-dimensional indicator sets, limited
data, and stringent interpretability requirements, this paper proposes an interpretability-
aware hierarchical Bayesian belief rule base model, termed IH-BRB, for LIMU performance
evaluation. First, a five-level hierarchical evaluation structure is developed based on the
physical architecture and error-propagation relationships of a LIMU, thereby reducing rule
base complexity and improving inference traceability. Second, an interlayer transmission
mechanism based on the expected grade scores and entropy-derived reliability is intro-
duced to preserve essential uncertainty information and dynamically adjust the attribute
weights of upper-level BRB nodes. Third, semantic consistency constraints are imposed
on the conditional probability tables and rule-consequent belief distributions to prevent
semantic drift during data-driven optimization. The proposed model is validated using
an engineering LIMU dataset with expert-defined target grades to assess its consistency
with the established grading criterion. The results show that IH-BRB maintains a competi-
tive evaluation performance while preserving physically meaningful rule semantics and
layer-wise traceability.

Keywords: laser strapdown inertial measurement unit; hierarchical belief rule base;
Bayesian inference; information entropy; interpretability optimization

1. Introduction

LIMUs offer advantages such as continuous navigation outputs, manageable man-
ufacturing costs, and a high degree of autonomy, and have therefore been widely used
in space missions involving launch vehicles and spacecraft [1-3]. However, prolonged
storage may lead to gradual degradation in the LIMU performance. Once the degradation
reaches a critical level, it may seriously compromise the safety of missions such as crewed
spaceflight and satellite launches, potentially causing substantial economic losses and en-
dangering personnel [4]. Therefore, research into LIMU performance evaluation provides a
theoretical basis for selecting the most suitable LIMU before critical space missions and is
of considerable importance for improving mission reliability.

Current approaches for the performance evaluation of complex systems can be
broadly categorized into three types: knowledge-based methods, data-driven methods,
and knowledge—data hybrid-driven methods. Among them, evaluation methods that rely
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on domain knowledge primarily depend on experts’ understanding of the system structure,
operational mechanisms, and failure patterns, and are typically implemented using tools
such as analytic hierarchy process (AHP) [5], fuzzy comprehensive evaluation [6], fault
tree analysis [7], and Bayesian networks [8] to conduct qualitative or semi-quantitative
assessments of the system performance. Such methods offer favorable interpretability and
engineering practicality, and are capable of adequately reflecting the interrelationships
among system components and the logical correlations among various indicators. However,
due to their heavy dependence on expert experience during the modeling process, these
methods are susceptible to subjective biases that may lead to deviated evaluation results,
and they also fall short in accurately characterizing the nonlinear coupling relationships
among indicators in complex systems.

Data-driven evaluation methods, in contrast, are approaches that leverage historical
samples and employ models such as machine learning [9], support vector machines [10],
random forests [11], and neural networks [12] to extract the latent mapping relationships
between the input indicators and system performance levels from data. These methods
exhibit favorable nonlinear and adaptive learning capabilities, and can achieve high eval-
uation accuracy when sufficient samples are available. However, their drawback lies in
the general requirement for a large amount of high-quality sample data to support model
training. For certain engineering problems with high costs, failure samples and degradation
samples are often difficult to obtain in adequate quantities for training purposes. Moreover,
some data-driven models possess “black-box” characteristics, which render them incapable
of explaining the rationale behind the evaluation results, thereby hampering engineering
personnel in fault tracing and decision-making analysis.

Knowledge—data hybrid-driven evaluation methods integrate the strengths of both
knowledge-driven and data-driven approaches. On one hand, they employ expert knowl-
edge to establish evaluation indicator systems, rule structures, or even prior models, thereby
endowing the evaluation process with a clear physical meaning and logical rationale; on the
other hand, they update and optimize model parameters through learning from data, thus
enhancing the model’s adaptability to actual sample distributions and complex nonlinear
relationships. Typical examples include belief rule base [13], fuzzy neural networks [14],
and Bayesian network-based evaluation models combined with data learning [15]. Com-
pared with purely knowledge-driven methods, such approaches can mitigate the influence
of subjective experience on evaluation results, while, relative to purely data-driven methods,
they are able to preserve a certain degree of interpretability and engineering traceability.

The belief rule base (BRB) model was formally proposed by Yang et al. [16] in 2006. It
can embed expert knowledge in the form of if-then rules, represent uncertainty through
consequent belief distributions, and optimize model parameters using sample data, thereby
possessing both interpretability and adaptive capability. Due to the limited sample size
and the strong requirement for engineering interpretability in LIMU performance evalua-
tion, BRB provides a suitable framework for integrating expert knowledge with observed
data. However, when a conventional BRB is directly applied to high-dimensional inputs,
the number of rules increases rapidly with the number of attributes and reference levels,
leading to rule explosion [17].

To mitigate the rule explosion problem, several approaches have been proposed.
Disjunctive BRBs avoid exhaustive combinations of attribute reference values [18], while
attribute-selection-based ensemble BRBs reduce the dimensionality of individual rule
bases [19]. Approximate BRBs further simplify the rule structure by constructing rules
from individual attributes [20]. Hierarchical and multilayer BRB models decompose a
high-dimensional problem into a set of lower-dimensional sub-BRBs, thereby reducing the
combinatorial growth of the rule base [21,22]. Despite their effectiveness in reducing model
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complexity, attribute reduction may discard useful information, simplified rule structures
may reduce the explicit representation of multi-attribute interactions, and the effectiveness
of hierarchical models depends on how the attributes are organized.

For LIMU performance evaluation, hierarchical modeling is more suitable for retaining
the complete indicator information while controlling the rule scale. However, complexity
reduction alone does not ensure model interpretability. The hierarchical structure should
have clear engineering semantics, while interlayer transmission needs to retain essential
uncertainty information without introducing excessive rule complexity. In addition, data-
driven optimization should preserve the semantic consistency of the rule base [23]. These
considerations lead to three key issues addressed in this study: hierarchical structure
interpretability, interpretable interlayer information transmission, and semantic consistency
during parameter optimization.

The remainder of this paper is organized as follows: Section 2 presents the prob-
lem description; Section 3 constructs the interpretable hierarchical Bayesian BRB model;
Section 4 designs the interpretable optimization method; Section 5 conducts experimental
verification and result analysis; and Section 6 concludes the paper.

2. Problem Formulation

The core of BRB is a set of “if-then” rules, each associated with a belief structure. For a
BRB model with d input attributes, N output evaluation levels, and R rules, the r-th rule is
generally expressed as follows:

R,: TFxjis Al,j}] A X is Azl]‘rz AN+ Axgis Adrjrd

Then {(D1,B1,1), (D2,Br2), -+, (DN, Br,N) } 1)
with Rule weight 8, and Attribute weight ¢;

where x; denotes the i-th input attribute; A;  ; is the j, ;-th reference level corresponding
to the i-th attribute; D, is the n-th output evaluation grade; and 5, denotes the degree
of support assigned by the consequent of the r-th rule to D,,. The consequent belief dis-
tribution { (D1, Bs1), .., (DN, Br,n)} allows the support of a rule to be distributed among
multiple possible output grades, thereby representing the uncertainty contained in the
rule conclusion.

Since a LIMU consists of multiple precision inertial devices, its performance evaluation
requires the consideration of multiple underlying indicators. If all these indicators are
directly used as inputs to a conventional BRB model, the numbers of rules and consequent
belief-degree parameters increase exponentially as the input dimensionality increases,
as follows: .

Reat = H Jir Pat = RpatN 2)
i=1
where J; denotes the number of reference values for the i-th input attribute, and Rg,; and
Pga denote the total number of rules and the total number of consequent belief-degree
parameters in the conventional BRB model, respectively.

For domain experts, specifying the consequent belief degrees for every rule in such a
large-scale rule base based on expert knowledge is extremely difficult. Therefore, directly
constructing a conventional BRB model is unsuitable for interpretable LIMU performance
evaluation. To alleviate rule base and parameter explosion, this paper adopts a hierarchical
BRB modeling strategy that partitions the high-dimensional indicator set among several
low-dimensional BRB nodes according to the physical structure of the LIMU. Suppose that
the hierarchical model consists of Ng BRB nodes, where the I-th node contains d; input
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attributes and its i-th input attribute has J; ; reference levels. The total number of rules in
the hierarchical model is then given by the following:

Np d;

Rupre = Y [ [ 11 (3)
I=1i=1

Since the input dimension d; of each sub-node is much smaller than the original
input dimension d, the hierarchical structure can decompose the global high-dimensional
rule space into multiple low-dimensional local rule spaces, thereby significantly reducing
the scale of the rule base. However, the hierarchical BRB model cannot solely aim at
compressing the number of rules. For LIMU performance evaluation, hierarchical modeling
also needs to simultaneously satisfy three requirements, namely, structural interpretability,
interlayer propagation interpretability, and local inference interpretability, so as to provide
decision-makers with a traceable evaluation structure. Based on the above analysis, this
paper focuses on addressing the following three problems.

Problem 1: Physical interpretability of indicator selection and hierarchical structure.

LIMU performance evaluation involves multiple dimensions of underlying perfor-
mance indicators. The way in which hierarchical partitioning is carried out with respect to
indicator selection directly determines the engineering semantics and inference traceability
of the model. If a data-driven approach is adopted to partition the hierarchical structure, it
may result in issues such as unclear physical meanings of the nodes, ambiguous attribution
of indicators, and unexplainable inference paths. Therefore, it is necessary to select key
performance degradation indicators based on the physical composition, functional hier-
archy, and error propagation relationships of the LIMU, and to establish an interpretable
hierarchical BRB structure in which each node within every layer and the propagation
relationships between layers possess clear engineering significance, thereby ensuring the
traceability of the overall model.

Problem 2: Interpretability of interlayer information propagation.

The hierarchical BRB model needs to propagate inference results between different
layers. If the complete belief distribution is directly propagated, the uncertainty informa-
tion from the lower-level nodes can be preserved; however, this will increase the input
dimensionality of the upper-level nodes, causing the rule explosion problem to shift from
the lower layers to the upper layers. Conversely, if only a single utility value is propagated,
the credibility and uncertainty information embedded in the lower-level inference results
will be compressed and lost. Therefore, a low-dimensional interlayer transmission mech-
anism is required to retain essential performance and uncertainty information without
increasing the scale of upper-level rule bases.

Problem 3: Interpretability of local BRB optimization.

The rule consequents and optimized parameters of local BRB nodes should conform
to the degradation laws of LIMU performance. During parameter optimization, if only
fitting accuracy is taken into account, the resulting rule consequent distributions may
deviate from engineering cognition, thereby undermining the semantic consistency of the
rules. Therefore, probability validity, engineering monotonicity, and semantic consistency
constraints should be imposed during optimization to preserve the interpretability of the
optimized rule base.
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3. Interpretable Hierarchical Bayesian Belief Rule Base Model

3.1. Interpretable Hierarchical BRB Structure Design
3.1.1. LIMU Evaluation Indicator Selection

The reasonableness of the performance evaluation indicator system determines
whether the inference results of the model possess engineering significance. For the pur-
pose of interpretable performance evaluation of a LIMU, the selection of indicators needs
to satisfy three principles: (1) mechanism representativeness, meaning that the selected
indicators should be capable of representing the core error sources along the error prop-
agation chain of the inertial measurement unit and should directly reflect the degree of
performance degradation of the devices; (2) engineering measurability, meaning that these
indicators should be common assessment items in ground calibration tests and periodic
inspections, with stable and reliable measurement means available; and (3) hierarchical
partitionability, meaning that the indicator system should have a clear physical attribution
hierarchy to support the establishment of a hierarchical inference model.

In the performance testing of a LIMU, a primarily self-calibration-based approach is
generally adopted. Various parameters acquired during the testing process can reflect the
performance information of the inertial devices. Therefore, this paper selects bias stability,
scale factor stability, and installation errors to construct the underlying indicator system.
Since the laser strapdown inertial measurement unit consists of three laser gyroscopes
and three accelerometers, the three laser gyroscopes and three accelerometers are denoted
by Gy, Gy, Gz, Ax, Ay, and Az, respectively, to facilitate subsequent modeling. For each
sensitive axis, two orthogonal installation error indicators, one bias stability indicator,
and one scale factor stability indicator are selected as the performance indicators for that
axis. Consequently, the six sensitive axes constitute a 24-dimensional underlying input
vector (6 x 4 = 24):

X = {Mny’ Mze’ Mny’ MGyz’ Msz’ MGZ]/’ MAxy’ Msz’ MAyx’ MAyz’ MAzx’ MAzy’

4)
Ber BGy/ BGZ/ BAx/ BAy/ BAZrKer KGyr KGZ/ KAXI KAerAZ}

To facilitate intuitive understanding of the physical organization of the 24-dimensional
input vector, Figure 1 illustrates the correspondence between the LIMU structure, the six
sensitive axes, and the associated underlying performance indicators.

— Mg, = Mg, |- Mg, — My, — M, = M,
— Mg — Mg - MG:y — M, I M Ay - M Ay
— B, — Bs, | Bs |— B, |- By |- B,
Lk, Lk, Lk, Lk, Lk, L k,

Figure 1. Physical organization of the 24-dimensional input vector in Equation (4).

As shown in Figure 1, the 24 input indicators are organized according to the six
sensitive axes of the LIMU, with each axis corresponding to two installation error indicators,
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one bias stability indicator, and one scale factor stability indicator. Among these indicators,
the installation error M, is used to characterize the deviation of the sensitive axis from
the ideal orthogonal coordinate system. It primarily represents the axial non-orthogonality
error arising from device assembly processes and is generally expressed in arcminutes ().
The bias stability B, refers to the fluctuation of the bias over time during a single long-term
power-on cycle of the device under no external input or under a constant input. It is one of
the key parameters for characterizing the low-frequency drift properties of inertial devices.
Its unit is ° /h for gyroscopes and g for accelerometers. The scale factor stability K, is used
to describe the long-term variation characteristics of the proportional coefficient between
the input physical quantity and the output signal, and reflects the stability of the output
response gain of the device.

3.1.2. Hierarchical Structure of the LIMU

To meet the requirements of hierarchical interpretability and result traceability in
LIMU performance evaluation, this paper constructs a five-level hierarchical belief rule
base inference model for comprehensive LIMU performance assessment, following the
actual physical composition logic from the single-axis device level through the subsystem
level to the overall system level. The overall system performance is achieved by fusing the
underlying indicator information level by level. The structure and functions of each level
are defined as follows:

Level 1: Indicator input layer. This layer inputs the 24 underlying performance
indicators corresponding to the six sensitive axes of the LIMU. Serving as the foundation of
the model, it provides raw data inputs for subsequent hierarchical inference.

Level 2: Installation error inference layer. Considering that installation errors reflect
the degree of non-orthogonality of the sensitive axes, an independent installation error BRB
node is constructed for each sensitive axis. The two installation error parameters of the
corresponding axis serve as inputs, and the comprehensive installation error status of that
axis is derived accordingly.

Level 3: Axis-level performance fusion layer. This layer takes a single axis as the
basic evaluation unit. The comprehensive installation error status, together with the
bias stability B, and scale factor stability K, of that axis, is fed into the axis-level BRB
node, which performs multisource information fusion within the axis and outputs the
comprehensive performance status of the single axis, reflecting the degradation degree of
the single-axis device.

Level 4: Subsystem-level performance fusion layer. According to differences in the
types of the core sensitive devices in the LIMU, this layer further partitions the axis-level
performance statuses into the gyroscope subsystem performance status and the accelerom-
eter subsystem performance status, which respectively characterize the comprehensive
health levels of the angular motion measurement unit and the linear acceleration mea-
surement unit, thereby ensuring that the model evaluation results are consistent with the
internal functional modules of the LIMU.

Level 5: Overall system evaluation layer. This layer takes the gyroscope subsystem
performance status and the accelerometer subsystem performance status as inputs to
the top-level BRB node, performs comprehensive performance fusion inference of the
subsystems, and finally outputs the overall LIMU performance grade and its corresponding
belief distribution.

In summary, the constructed five-level hierarchical BRB inference structure is consis-
tent with the physical composition relationships of the LIMU. The inputs and outputs of
each layer in the model correspond to clear engineering objects and physical meanings. This
design not only avoids the lack of interpretability caused by directly performing black-box
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fusion on high-dimensional underlying indicators but also enables traceable analysis of the
evaluation process through layer-by-layer belief-state propagation. The specific structure is
illustrated in Figure 2.

) ) LIMU Performance
Overall System BRB donms =[PD,). P(D, )~ P(Dy )]

Gyroscope Subsystem Accelerometer Subsystem Logical
BRB Node

BRB Node A5

Fusion Layer

e 4 4 4
System
Axiagevel ¢ ¢ ¢ ¢ ¢ ¢ Level Overall

t

Performance Three Three Three Three Three Three S
Fusion Layer | Input BRB| |Input BRB| |Input BRB| Input BRB| [Input BRB) | Input BRB T
—f—%?—f—%f—f—l%fi?—ff—f—i—f—f—rf— P
t
Inséa:ﬂ%:‘mn Two | Two | Two Two | [ Two | Two | ;:; ﬂ:‘;}‘:zzl
Reasoning Input BRB|  |Input BRB| [Input BRB| Input BRB| |Input BRB| |Input BRB
Layer T T T 1 44 TT T T T Installation
65 S i i Rt A Renoning
©) Gx Gy Gz Ax Ay Az t
e Iﬂr;diczll‘;ors l&dicators Indicators ll‘r}[dicall‘;ors I[‘r/lldic?‘;ors Indicators Perf(?rmance
Input Layer B Ky Bk Bk Bk BIKY B Indicators
Laser Gyro Quartz Accelerometer
‘f — : Axial-Level Mj —» : Installation Error BRB Output ~ — : Subsystem BRB Output

| —>: Axial-Level B, Ki —>: Axial-Level Device BRB Output —> : System BRB Output

Figure 2. Hierarchical architecture of the IH-BRB model.

To further clarify the rule-building procedure of the BRB nodes shown in Figure 2,
the installation error BRB of the Gy-axis gyroscope is taken as an example. This node
contains two input attributes, Mgy, and Mgy, which represent the two orthogonal instal-
lation error components associated with the G, axis. For rule construction, each input
attribute is described by three ordered reference levels, namely Small (S), Medium (Me),
and Large (L). Therefore, the antecedent combinations are obtained from the Cartesian
product {S, Me, L} x {S, Me, L}, resulting in 3 x 3 = 9 belief rules. The complete rule base
is listed in Table 1.

Table 1. Complete rule base of the Gy-axis installation error BRB node.

Rule Mgy Mgy, Consequent Belief Distribution Rule Weight
Ry S S {(E,B11), (G, B12), (M, B13), (P, B1,4)} 61
Ry Me S {(E, B21), (G, B22), (M, Baj3), (P, Boa) } 6>
R; L S {(E,B3,1),(G,B32), (M, B33), (P, B34) } 03
Ry S Me {(E, Ba1), (G, Ba2), (M, Bag), (P, Baa)} 04
Rs Me Me {(E,Bs51), (G, Bs2), (M, B53), (P, Bs54) } 05
Re L Me  {(E Be1), (G, Be2), (M, Bes), (P, Pos)}t 06
Ry S L {(E,B71),(G,B72),(M,B73),(P,Br4)} 07
Rg Me L {(E,Bs1),(G,Bs2), (M, Bs3), (P, Bga)} Os
Ry L L {(E, Bo,1), (G, Bo2), (M, Bos), (P, Boa)} B9

In Table 1, E, G, M, and P denote the four output performance grades, and S,
represents the belief degree assigned by the r-th rule to the n-th output grade. The two
input attributes are associated with attribute weights 6; and d,, respectively, while each
rule is assigned a rule weight 6,. Thus, the antecedent part of the rule base is completely
determined by the Cartesian combinations of the input reference levels. In the proposed
IH-BRB, the consequent belief degrees are not independently assigned to each rule; instead,
they are generated from the output-grade prior probabilities and attribute conditional
probabilities through the Bayesian rule-generation mechanism described in Section 3.2.1.
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The remaining local BRB nodes in the hierarchical model are constructed following the
same principle.

3.2. IH-BRB Model Inference

Building upon the constructed five-level hierarchical structure of the LIMU, this paper
further establishes a complete inference process that integrates rule base generation based
on Bayesian inference, local node BRB reasoning, and interlayer propagation based on
utility values and information entropy reliability.

3.2.1. Rule Base Generation Based on Bayesian Inference

The rule base serves as the primary knowledge source for inference and decision-
making in the BRB model. The information contained therein—namely, the correspon-
dence between the states of input attributes and the associated output evaluation grades—
determines the model’s knowledge representation capability and inference credibility.
Moreover, the number of parameters in the model affects the complexity and consistency
of expert knowledge embedding, as well as the ex ante interpretability of the model [24].
To address this, the present study employs a Bayesian inference-based approach to generate
the rule consequents. By mapping expert knowledge through the prior probabilities of
output grades and the conditional probability tables of input attributes, the proposed
approach obtains the consequent belief distribution for each rule, thereby reducing the
number of parameters to be specified and alleviating the difficulty of rule base construction.

Consider an arbitrary BRB node with d input attributes. The reference-level set of the
i-th attribute is denoted by {A;1, Ai, ..., A Ji }, and the output performance-grade set is
denoted by {Dl, Dy,...,D N}- To generate the rule consequent belief degrees, the output
prior probability 7, = P(Dj) is defined as the prior probability that the output grade is
Dy,. The set of prior probabilities reflects the overall distribution of the output grades and
satisfies Y'_; 71, = 1 and 71, > 0. The input conditional probability p](,/ir)l = P(A;; | Dn)
denotes the probability that the i-th input attribute falls into the j-th reference level A;
given the output performance grade D,. It reflects the association between the input
reference levels and the output performance grades, and satisfies Z]Iizl p](,ir)l =1land pj(?l > 0.
Consequently, the probability table for this BRB node can be obtained as shown in Table 2.

Table 2. Probability parameter table for a BRB node.

Indicator X1 X2 oo X4

Reference {A1,1, A1, ..., A} {A21, Az, ..., Ay} -+ {Ad vAa - Agg )
D s "/p§11)1 ey {m DD
Dy {piapsa - pih {Plzfpzz)r- Y ST 1) Z/Pzdz)f---rpf,)z}

)

2
2 2) 2 } {plN/pZN""/p]dN}

) (1
Dy {pg,l)\l'pé,l)\lf""ph N AP PoNs PN

For a rule R, = {Al,janZ,jr,zr ...,
tributes are conditionally independent given the output grade, the consequent belief degree

Agj, .}, under the assumption that the input at-

of this rule assigned to the output grade Dj, is given by Bayes’ theorem as follows:

d d
PO T P4y, 1Dy mdlpf),
b 1 ___ = ©)
le(DM) I_Il P(Ai/jr‘,i | Dm) Zl Ttm 111 pjri/m
- i= m= = ’
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From Equation (5), it can be seen that the consequent belief degree B, , of rule R; is
expressed as a posterior probability jointly derived from the output prior probabilities
and the conditional probabilities of the input attributes, representing the support of the
rule for output grade Dj,. The initial prior probabilities and conditional probability tables
are specified by multiple domain experts based on engineering experience. Consequently,
experts are only required to specify these probabilistic parameters, without the need to
assign consequent belief degrees to each output grade for every rule individually. Accord-
ingly, the number of consequent parameters is reduced from Rg,; X N in the conventional
form to the following;:

d
N+) LN (6)
i—1

Therefore, this method transforms the rule-level consequent parameters into attribute-
level probabilistic parameters, thereby significantly reducing the cost of expert knowledge
embedding and improving the reliability of the initial knowledge.

3.2.2. BRB Node Inference

To match continuous inputs with discrete rule antecedents, the original indicators
are first mapped to the preset reference levels. Suppose that the input x; lies between
EUH). A triangular linear membership function is

employed to calculate the matching degrees with respect to the reference levels as follows:

the adjacent reference values A? and A

A’.’H—xi .
A;+1*Aiv ] =0
Xl'—A? .
W= aa 7O ?)
0 i=L2,...,];
j# v 0+1

where a; ; is the matching degree of the i-th indicator with respect to the j-th reference value;
J; represents the number of reference values for the i-th indicator. The above mapping
allows a smooth transition of continuous inputs from one level to another.

Upon obtaining the matching degrees of all input attributes, the activation weight of
each rule is calculated by incorporating the rule weights, attribute weights, and antecedent
matching degrees. The activation weight of the r-th rule, which represents the degree to
which the rule supports the current sample, can be expressed as follows:

~ g 5 6 Wy
Wy = QrE ("‘l)]},i) , 0= maxs(3s)’ wr = % - 8)
- w
s=1 ’

Subsequently, the evidential reasoning (ER) algorithm is adopted to fuse the conse-
quent belief distributions of all activated rules. First, the activation weight and consequent
belief degrees of the r-th rule are transformed into basic probability masses as follows:

My n = Wr,Br,n/ n=12,---,N

N N
mr,Dzlf Y mpy=1—w, Y, ,Br,n
n=1 n=1

©)

where m; , denotes the basic probability mass assigned to the evaluation grade D,, by the r-
th rule and m, p denotes the global ignorance probability mass not assigned to any specific
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evaluation grade. For multiple activated rules, an iterative fusion formula is employed to
combine them:

My br(r) = Mor(r) [mn,br(rq)mr,n + My e (r—1)Mr,D + mD,br(rfl)mr,n}

MD br(r) = Mbr(r) "D pr(r—1)Mr,D 1 10)

Mor(r) = [1 - Zg:él My b (r—1) Mt
n

where m,, 1., () denotes the basic probability mass after fusing the first r rules, and Ay, () is
the normalization coefficient that ensures the fused results satisfy the constraint that the
sum of probabilities equals 1. After the fusion of all R rules, the final belief degree of each
performance grade is given by the following:

N m,bR
,anl n,br(R)

—n=12,...,N (11)
= MDp pr(R)

Therefore, the output belief distribution of the local BRB node is given by the following:

y = {(D1,B1), (D2,B2),...,(Dn, )} (12)

To obtain a scalar result that facilitates interlayer propagation and quantitative com-
parison, let the utility of performance grade D, be denoted by u(D,,). The overall utility of
the node output is then expressed as follows:

u(y) =} u(Dn)pn (13)

where u(y) denotes the quantitative utility value of the overall system performance ob-
tained through inference.

3.2.3. Interlayer Propagation Mechanism Based on Information Entropy Reliability and
Utility Values

The way in which information propagates among different layers in a hierarchical
structure is another important issue affecting the model performance and interpretability.
The majority of previous works use utility values to represent the information transferred
between layers. Although such compression of the input dimensionality reduces the model
complexity, it does so at the cost of losing the uncertainty information contained in the
lower-level inference results. For example, suppose that the utilities of the evaluation
grades are set to [1,2, 3,4]. The two belief distributions [0.1,0.3,0.3,0.3] and [0,0.2,0.8, 0]
have the same expected utility value (i.e., 2.8), while their concentrations and uncertainties
differ greatly. Thus, using utility values to propagate information makes it impossible for
the upper-level nodes to distinguish whether a utility value corresponds to high confidence
or high ambiguity, which undermines the rationality and reliability of interlayer fusion.
On the other hand, if we directly propagate the complete output belief distribution of
a lower-level node to the upper layer, most of the uncertainty information contained in
the inference result can be preserved. However, this will dramatically increase the input
dimensionality of the upper-level node, resulting in exponential growth in the number
of rule combinations and thereby transferring the rule explosion problem from the lower
layers to the upper ones.

In order to solve these aforementioned problems, we propose in this paper an interlayer
propagation mechanism that is based on utility values and entropy-derived reliability. We
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use the utility value to represent the performance level of the lower-level node and reliability
to quantify the credibility of its inference results, thereby reducing the dimensionality of
interlayer transmission while preserving sufficient uncertainty information.

Suppose that the output belief distribution of a given BRB node is denoted by
B ={B1, B2 ..., Bn}. To measure the degree of uncertainty embedded in the output belief
distribution, this paper adopts the normalized Shannon entropy, defined as follows:

N
HB) = g 2 fuin() 1)

where N is the number of evaluation grades and In N serves as the normalization factor
to constrain the information entropy #(f) within the range of [0,1]. When £, = 0, it is
stipulated that §, In f, = 0. On this basis, an entropy-derived relative reliability coefficient
for the node output is defined as follows:

1

o= — L _ (15)
1+7(B)

Because the normalized information entropy satisfies H(B) € [0,1], the reliability
coefficient is bounded within 0.5 < p < 1 and decreases monotonically as the normalized
information entropy increases. When the output belief distribution is fully concentrated
on a single evaluation grade, the normalized information entropy approaches 0 and p
approaches 1, indicating that the node provides a relatively definite grade-oriented in-
ference result. Conversely, when the output belief distribution approaches a uniform
distribution, the normalized information entropy approaches 1 and p reaches its lower
bound of 0.5, indicating substantial ambiguity among the evaluation grades. Nevertheless,
the lower-level output is attenuated rather than completely discarded during interlayer
propagation, because its expected utility still retains aggregated information about the
overall performance position.

To incorporate the entropy-derived reliability coefficient into the upper-level BRB
inference process, this paper constructs a sample-adaptive dynamic attribute-weight mech-
anism. Suppose that the i-th input attribute of an upper-level node corresponds to the
output of a lower-level node, with a static attribute weight J; and a reliability coefficient
p;- The dynamic attribute weight of the i-th input under the current sample is defined
as follows:

7 9ii

5= i 16
maxs (Js0s) (16)

According to Equation (16), the effective attribute weight of the parent node depends
jointly on the static importance ¢; learned during training and the sample-dependent
reliability coefficient p; of the corresponding child node. When the child-node output is rel-
atively dispersed, its entropy is higher and its reliability coefficient is correspondingly lower.
Therefore, its relative influence on the parent-node inference is attenuated. Conversely,
when the child-node output is more concentrated, its reliability coefficient is higher and the
corresponding child node exerts a stronger relative influence on the parent-node inference.

When the lower-level output approaches a uniform belief distribution, its reliability
coefficient decreases to 0.5 rather than zero. Consequently, the corresponding input retains
part of its contribution to the upper-level inference instead of being completely eliminated.
This bounded reliability mapping avoids the zero-weight problem caused by maximum-
entropy outputs and maintains the continuity of the interlayer inference process.

Therefore, the proposed interlayer mechanism does not transmit only a scalar utility
value. Instead, the utility value represents the expected performance location of the lower-
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level output, while the entropy-derived reliability coefficient provides a low-dimensional
description of its distribution concentration. The two quantities are jointly incorporated
into the upper-level inference through the dynamic attribute weights. In this way, the model
retains part of the uncertainty-related information of the lower-level output without in-
creasing the number of upper-level rules. The inference process of the proposed IH-BRB
model is shown in Figure 3.

Expert knowledge parameters Bayesian Rule Consequent Generation
Expert t o . .
Kknowled d prior probability: P(D) Knowledge-driven Based on Bayesian Formula
s e i S D Rule Construction | te Rule C t Belief
rule generation conditional probability: P(4, ,|D,) ompute Rule Consequent Belief 5, ,
i Form the BRB Rule Base
v
BRB reasoning of a Single Node
Input Rule Activation ER Fusion - ] Reliability
Single-node Transformation Activated Rule ER Utility Calculation Caleul alﬁ 0
. Compute Activation FusionSiNode _ -
reasoning Calculate the a;; Weight o, Belict 8 U= ZM(D” )3, P To 7 (ﬂ)
(Node ouput {,U, 0}
¥
Inter-layer Inter-layer Transmission Based On Utility and Reliability
. . . Upper-layer Node ) ! (.
transmission | | Lower-layer Node Output Dynamic Attribute 5 i H Receives the : High — Stronger Influence
mechanism Utility U,, Reliability p, Weight Adjustment ~* bt Adiusted Inputs : Low — Weakened Influence
v
Upper-layer node reasoning
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mode X st ScivanoubeFRlsion®
rEASOMINg | Layer-by-layer Recursion: Installtion Ermor Layer —Axiab-lvel Layer —~ Subsystem Layer ~Overall Decision-mking Layer

Global Evaluation Result

Overall

Final Output Overall Belief .
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Logic Chain Reliability-adjusted Weights — Upper-layer Fusion — Global Evaluation Result

Figure 3. IH-BRB inference framework.

4. Optimization of IH-BRB Considering Interpretability
4.1. Interpretability Constraints for Optimization

The initial IH-BRB model depends on expert knowledge, which makes it highly
interpretable. However, the interpretability of this model may be compromised when
optimization is performed via algorithms with stochastic search properties [25]. The
consequent belief degrees represent the support of a rule for different output grades
and are derived from the prior probabilities and conditional probabilities according to
Equation (5). When the resulting belief degrees do not follow a reasonable belief distribution
through optimization, the interpretability of the model could be affected. In general, there
exist some typical belief distributions, including monotonically increasing, monotonically
decreasing, and unimodal, while U-shaped and multimodal distributions are considered
unreasonable, as shown in Figure 4.
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Figure 4. Different types of belief distributions.

To address this issue, this paper imposes semantic consistency constraints at two levels,
namely, the conditional probability tables of the input attributes and the rule consequent
belief distributions, so as to avoid semantic conflicts in which the same indicator state or the
same rule implies both superior and inferior performance. First, as described in Section 3.2,
the conditional probability table of the i-th input attribute is given by the following;:

Pl = P(A;

Jm

P(i) - {p](fl’z} ]iXNI

Dy) (17)

The column direction in the conditional probability table shows the likelihood distribu-
tion of each input reference level when a certain output performance grade occurs. The row
direction reflects the association between a specific input reference level and various output
performance grades. According to the engineering law of continuous performance degra-
dation of a LIMU, we assume that the grade whose semantics are closest to the current
state has a higher probability and that the probability gradually decreases as the semantic
distance increases. Suppose that the semantic centers of the n-th column and the k-th row
are denoted by c; , and g, respectively. The row and column directions must satisfy the

following constraints:

p]@l,n - r)]“,l (j+05—¢ci,) <0, j=1,...,i—1 s
p](‘2+1 - P](,lii (”+0-5—11i,j) <0, n=1,...,N—1

Furthermore, to ensure that the probability peak shifts along the correct direction with
performance degradation, the row and column semantic centers should also satisfy the

following constraints:
ci1<cip<---<cinN, 9i0 < gip < < g5 (19)

These constraints imply that, as the output performance degrades from superior to
inferior, the corresponding input probability peak should not shift backward toward a better
reference level. Similarly, as the input indicator state gradually deteriorates, the output
performance grades it primarily supports should not shift toward a better direction.

Secondly; at the rule consequent level, the consequent belief distributions generated by the
Bayesian formulation should also satisfy generalized monotonicity constraints [26], namely,

(1405 —1)(Brns1 — Prn) <0, n=1,2,---,N—1 (20)

From Equation (20), it can be seen that, when x, = 1, the consequent belief distri-
bution is monotonically decreasing; when x, = N, it is monotonically increasing; and,
in other cases, the consequent belief distribution exhibits a unimodal pattern. Through
the joint effect of the monotonicity constraints on the probability table degradation and
the monotonic or unimodal constraints on the rule consequents, semantic drift of rules
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during optimization can be avoided, ensuring that the local BRB inference results remain
consistent with engineering cognition.

4.2. Optimization Model with Interpretability Constraints

In the hierarchical model, each BRB node is interrelated with one another. Variations
in the parameters of the lower-level nodes will affect the overall system evaluation results
through interlayer propagation. Therefore, it is necessary to perform joint optimization
of the parameters across all nodes. Let the parameter set of the /-th node be denoted
as follows:

. Np
q)l = {91,7’1 5l,i/ nl/nr p](,lr)l’l}/ b = U Ql (21)

where 0, ,, 6 ;, 77 ,, and p](,ir)l/l denote the rule weight, attribute weight, output prior probabil-
ity, and attribute conditional probability, respectively. Taking the cross-entropy between
the top-level output belief distribution and the target labels as the objective function,

the interpretability-constrained optimization model is formulated as follows:

h=1n=1 , n=ny

H N R 0, n#mny,
ngn L(P ZZ logzﬁlfZ whereyf;—{l

s.t. (P]+1n1 Pm,) j+05—¢1;,) <0,
(P)sy =) (n+05—aq) <0, @)

g < - < cning in < < qige (Birns1 = Brea) (n+05 —x;,) <0,

N . Ji .
0<0,<1,0<0,;<1,0<m, Y mu=10<p, Y pl) =1
=1

where H represents the number of samples; B represents the belief degree assigned to the
n-th evaluation grade for the h-th sample; 11, denotes the target performance-grade index of
the h-th sample; and «; , represents the semantic center of the rule’s consequent. The above
constraints ensure that both the rows and columns of the probability table and the rule
consequents exhibit generalized monotonic distributions, and that the probability peaks
shift in an orderly manner with performance degradation, thereby restricting the parameter
search within a semantically feasible region consistent with LIMU engineering cognition.

Parameter optimization of the BRB model exhibits high-dimensional, nonlinear,
and non-convex characteristics. Conventional gradient-based optimization methods are
susceptible to initial values and prone to getting trapped in local optima. Recent studies
have demonstrated that the projection covariance matrix adaptation evolution strategy
(P-CMA-ES) can effectively solve such constrained parameter optimization problems [27].
This algorithm employs covariance matrix adaptation to learn the correlation structure and
favorable search directions among parameters, and utilizes projection operators to map
candidate solutions onto the feasible region, thereby balancing global search capability and
constraint-handling efficiency. Therefore, this paper adopts the P-CMA-ES to optimize the
parameters of the hierarchical BRB model.

In summary, the overall framework of the proposed interpretable hierarchical belief
rule base based LIMU performance evaluation model is illustrated in Figure 5 below.
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Figure 5. Overall framework of the IH-BRB based LIMU performance evaluation model.

5. Experiments and Validation
5.1. Experimental Background

Six sets of LIMUs of the same model are taken as experimental subjects for data ac-
quisition in this study. The experimental data were derived from monthly inspections,
yielding a total of 720 valid samples. Each sample contains 24 underlying performance
indicators, including bias stability, scale factor stability, and two orthogonal installation
errors for each of the three-axis laser gyroscopes and three-axis quartz accelerometers.
Data acquisition was conducted under ambient conditions at 24 &= 2 °C, with calibration
performed using both rate turntable calibration and static calibration methods. Through
consultation with domain experts and consideration of the application requirements of
LIMUs in practical navigation scenarios, the overall LIMU performance was divided into
four grades: Excellent (E), Good (G), Medium (M), and Poor (P), with corresponding
quantitative utility values of 1, 2, 3, and 4, respectively. A smaller utility value indicates
better LIMU performance, whereas a larger value indicates a higher degree of performance
degradation. The target performance grade of each sample was independently assessed by
five domain experts with experience in LIMU testing and performance evaluation. Each
expert evaluated the samples according to the historical distributions of the 24 underlying
performance indicators, equipment-use specifications, and engineering experience. Expert
qualification scores were determined based on relevant working experience, performance-
testing experience, and evaluation experience, and were normalized to obtain the expert
weights. The four performance grades E, G, M, and P were assigned utility values of 1, 2, 3,
and 4, respectively. The individual assessments were aggregated using a weighted utility
score, and the final target grade was determined according to the corresponding grade
intervals. The resulting expert-defined grades were used as the target labels for model train-
ing and evaluation. The final dataset contained 223 Excellent samples, 191 Good samples,
159 Medium samples, and 147 Poor samples. The subsequent evaluation therefore focuses
on the consistency between the model outputs and the expert grading criterion (Figure 6).
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Figure 6. Raw data of the Gx gyroscope.

To quantitatively evaluate this consistency, the mean squared error (MSE) and mean
absolute error (MAE) are adopted as evaluation metrics, which are calculated as follows:
1 H

N 2 1 &
MSE_ESZZI(US—US), MAE_ﬁ;|US—us| (23)

where H denotes the number of test samples; Uy represents the predicted utility value; and
U; represents the target utility value. The MSE measures the squared deviation between the
predicted and target utility values, and is more sensitive to relatively large prediction errors.
The MAE measures the mean absolute deviation between the predicted and target utility
values. Smaller MSE and MAE values indicate a higher degree of agreement between the
model outputs and the target performance grades.

5.2. Initial IH-BRB Model and Optimization

The initial hierarchical model is constructed according to the five-level physical struc-
ture established in Section 3. Taking the Gy-axis laser gyroscope as an example, its underly-
ing inputs include bias stability B, scale factor stability K, and two installation errors M.
Each input attribute is assigned three reference levels, namely Small (S), Medium (Me),
and Large (L), with the reference values determined by domain experts based on historical
experience, as shown in Table 3.

Table 3. Performance indicator grades and reference values of inertial instruments.

Inertial Instrument Indicator Reference Level Reference Value
B (S, Me, L) (1.0,4.5,8.0) x 1073°/h
Laser gyroscope K (S,Me, L) (0.6,3.4,6.2) x 107°
M (S,Me, L) (1.0,3.0,5.0)’
B (S, Me, L) (0.8,4.0,7.2) x 1077 go
Quartz accelerometer K (S, Me, L) (0,1.0,20) x 107 ¢/g
M (S,Me, L) (1.0,3.0,5.0)’

Taking the performance BRB of the Gy-axis laser gyroscope as a representative exam-
ple, the node contains three input attributes, namely, the bias stability B¢ , the scale factor
stability K;_, and the installation error evaluation result D(Mg, ). The model parameters
are initialized based on expert knowledge. The rule weights and static attribute weights
are uniformly initialized as 1, while the prior probabilities of the four output performance
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grades are initialized as (0.25,0.25,0.25,0.25). The initial conditional probability tables
are specified by multiple domain experts according to engineering experience, as listed in
Table 4. According to the Bayesian rule-generation mechanism in Equation (5), the con-
sequent belief distribution of each rule is generated from the prior probabilities and the
corresponding conditional probabilities rather than being independently assigned.

Table 4. Initial conditional probability table for the Gy-axis laser gyroscope performance BRB.

Grade Bg, = {S,Me,L} K¢, = {S,Me,L} D(Mg,) = {E,G,M, P}
E (0.80, 0.20, 0.00) (0.80, 0.20, 0.00) (0.80, 0.20, 0.00, 0.00)
G (0.50, 0.40, 0.10) (0.50, 0.40, 0.10) (0.30, 0.50, 0.20, 0.00)
M (0.20, 0.50, 0.30) (0.20, 0.50, 0.30) (0.10, 0.20, 0.50, 0.20)
P (0.10, 0.30, 0.60) (0.10, 0.30, 0.60) (0.00, 0.10, 0.30, 0.60)

The experiments were conducted using leave-one-unit-out (LOUO) validation. In each
fold, all 120 samples from one LIMU were used as the test set, while the 600 samples
from the remaining five LIMUs were used for model training and parameter optimization.
The procedure was repeated six times so that each LIMU served once as the test unit, and the
model parameters were independently re-optimized using only the corresponding training
data in each fold. Taking the Gy-axis laser gyroscope performance BRB as an example,
the optimized prior probability distribution was (0.33,0.30,0.18,0.19). The optimized
attribute conditional probability table is shown in Table 5. The complete optimized rule
base is presented in Table 6 and the LOUO evaluation results of the optimized IH-BRB
model are shown in Figure 7.

Table 5. Optimized conditional probability table for the Gy-axis laser gyroscope performance BRB.

Grade Bg, = {S,Me,L} Kg, = {S,Me,L} D(Mg,) = {E,G,M,P}
E (0.74,0.21, 0.05) (0.68, 0.25, 0.07) (0.65, 0.30, 0.04, 0.01)
G (0.38, 0.52, 0.10) (0.36, 0.52, 0.12) (0.21, 0.46, 0.30, 0.03)
M (0.13, 0.42, 0.45) (0.20, 0.46, 0.34) (0.04, 0.34, 0.4, 0.18)
P (0.09, 0.28, 0.63) (0.07,0.22, 0.71) (0.01, 0.07, 0.25, 0.67)

Figure 7a compares the target utility values with the predictions of the initial and
optimized IH-BRB models on the test set. The black hollow circles represent the target
utility values, while the blue squares and orange triangles denote the predictions of the
initial and optimized models, respectively. It can be observed that the predictions of
the initial model show relatively large deviations from the target values for a number
of samples, particularly for samples located near different performance-grade regions.
After optimization, the predicted utility values are generally closer to the corresponding
target values, indicating an improved agreement between the model outputs and the target
performance grades. Specifically, the MSE decreases from 0.1473 to 0.0626, corresponding
to a reduction of approximately 57.5%, while the MAE decreases from 0.3254 to 0.1410,
representing a reduction of approximately 56.7%. These results indicate that the parameter
optimization process improves the agreement between the IH-BRB outputs and the target
performance grades.
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Table 6. Complete optimized rule base of the Gy-axis laser gyroscope performance BRB.
Rule Bg, Kg, D(Mg,) 0, (B, Br,Gs Br,m, Br,p)
Ry S S E 0.8403  (0.9245, 0.0738, 0.0016, 0.0001)
R; S S G 0.9054  (0.7079, 0.2683, 0.0226, 0.0012)
R3 S S M 0.9070  (0.3117, 0.5777, 0.0966, 0.0140)
Ry S S p 09662  (0.3661, 0.2714, 0.1857, 0.1768)
Rs S Me E 0.8374  (0.7544, 0.2367, 0.0082, 0.0007)
Re S Me G 0.8580  (0.3699, 0.5509, 0.0739, 0.0053)
Ry S Me M 0.9222  (0.0943, 0.6866, 0.1828, 0.0363)
Rs S Me p 0.9146  (0.0892, 0.2597, 0.2830, 0.3681)
Ry S L E 0.9532  (0.7703, 0.1992, 0.0221, 0.0084)
Ripo S L G 0.9131 (0.3424, 0.4203, 0.1806, 0.0567)
Rn S L M 0.9442  (0.0604, 0.3625, 0.3091, 0.2680)
Rqp S L p 0.9506  (0.0168, 0.0404, 0.1411, 0.8017)
Ri3 Me S E 0.9477  (0.7113, 0.2738, 0.0140, 0.0009)
Ry Me S G 0.9197  (0.3116, 0.5694, 0.1133, 0.0057)
Ris Me S M 0.8608  (0.0716, 0.6402, 0.2528, 0.0354)
Ris Me S p 0.9244  (0.0639, 0.2285, 0.3692, 0.3384)
Ry7 Me Me E 0.8388  (0.3778, 0.5716, 0.0467, 0.0039)
Rqg Me Me G 0.9588  (0.0942, 0.6765, 0.2144, 0.0149)
Ry Me Me M 0.8964  (0.0160, 0.5627, 0.3537, 0.0676)
Rap Me Me p 0.9585  (0.0104, 0.1457, 0.3746, 0.4693)
Ry Me L E 09365  (0.3714, 0.4630, 0.1211, 0.0445)
Ra Me L G 0.9355  (0.0678, 0.4015, 0.4074, 0.1233)
Ros Me L M 0.8557  (0.0073, 0.2114, 0.4258, 0.3555)
R4 Me L p 0.8628  (0.0016, 0.0184, 0.1515, 0.8285)
Ros L S E 0.9866  (0.7086, 0.2203, 0.0630, 0.0081)
Rog L S G 0.9780  (0.2333, 0.3443, 0.3817, 0.0407)
Ry7 L S M 0.9569  (0.0348, 0.2509, 0.5521, 0.1622)
Ros L S p 0.9899  (0.0125, 0.0361, 0.3252, 0.6262)
Ry L Me E 0.9073  (0.3477, 0.4248, 0.1933, 0.0342)
R3p L Me G 0.8330  (0.0540, 0.3130, 0.5526, 0.0804)
Rz L Me M 0.8779  (0.0059, 0.1682, 0.5893, 0.2366)
Rz L Me p 0.9148  (0.0017, 0.0188, 0.2698, 0.7097)
Rs33 L L E 0.8697  (0.2171, 0.2186, 0.3185, 0.2458)
R34 L L G 0.8978  (0.0200, 0.0956, 0.5408, 0.3436)
R35 L L M 0.9690  (0.0013, 0.0313, 0.3513, 0.6161)
R3g L L p 0.9397  (0.0002, 0.0017, 0.0799, 0.9182)
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Figure 7. Comparison of test results of the IH-BRB model before and after optimization; (a) test set

utility comparison: (b) test set absolute error.

Figure 7b further presents the sample-wise absolute errors before and after optimiza-

tion. The blue squares and orange triangles represent the absolute errors of the initial and

optimized models, respectively, while the blue dashed line and orange solid line denote
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their moving-average errors with a window size of 9. Compared with the initial model,
the absolute errors of the optimized model are more concentrated in the lower-error region,
and its moving-average error remains below that of the initial model for most test samples.
Although several samples still exhibit relatively large errors, the overall error level and
local error fluctuations are reduced after optimization, further confirming the effectiveness
of the parameter optimization process.

5.3. Interpretability Analysis of the Model
5.3.1. Interpretability Analysis of the Hierarchical Structure

To illustrate the interpretability of the hierarchical structure by intuitively demonstrat-
ing the layer-wise inference mechanism of the model, a sample is randomly selected from
the sample set for a complete inference analysis. The overall inference process is shown in
Figure 8.
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Figure 8. Schematic diagram of single-sample inference.

As shown in Figure 8, each local node can provide a performance state with clear
physical meaning. At the installation error layer, evident state differences can already be
observed among different sensitive axes. Taking the Mg _node as an example, its belief
distribution is [0.50,0.24,0.17,0.09], with a utility value of 1.85 and an output reliability
of only 0.535. Although the maximum belief degree corresponds to the Excellent grade,
the relatively dispersed belief distribution indicates that the node still contains consid-
erable uncertainty across multiple performance grades. Therefore, relying only on the
grade associated with the maximum belief degree cannot fully characterize the node state.
Introducing output reliability together with the utility value during interlayer propagation
can further reflect the certainty of the lower-layer inference result, which also provides the
basis for dynamically adjusting the effective attribute weights of the upper-layer nodes
according to reliability.

At the axial-level comprehensive layer, the output of each installation error BRB is
combined with the bias stability and scale factor stability of the corresponding axis to
obtain the comprehensive performance evaluation result of each sensitive axis. As shown
in Figure 8, the G, and Ay axes provide relatively high support for the Medium grade,
with maximum belief degrees of 0.85 and 0.65, respectively. Their corresponding utility
values are 2.85 and 2.51, indicating that these two sensitive axes exhibit relatively weaker
performance, whereas the evaluation results of the remaining axes are generally closer to
the Good grade.
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As the axis-level information is further propagated upward, the output belief dis-
tribution of the gyroscope subsystem is [0.02,0.16,0.77,0.05], with a utility value of 2.85,
indicating that its evaluation result is mainly concentrated on the Medium grade. In com-
parison, the accelerometer subsystem yields a belief distribution of [0.14, 0.80, 0.06, 0.00]
and a utility value of 1.92, with its performance state mainly concentrated on the Good
grade. This indicates that, for the current sample, the overall performance of the gyroscope
subsystem is relatively weaker than that of the accelerometer subsystem. After further
fusing the states of the two subsystems at the overall decision-making layer, the final LIMU
belief distribution is obtained as [0.00,0.07,0.90, 0.03], with a utility value of 2.96, and the
final evaluation result is therefore clearly concentrated on the Medium grade.

This result, to a certain extent, demonstrates the rationality of the hierarchical fusion
mechanism of the IH-BRB model and provides a basis for layer-by-layer interpretation and
traceability of the final system-level evaluation result.

5.3.2. Local Semantic Interpretability Analysis

To examine the semantic validity of local rules, the BRB node corresponding to the
installation error performance state of the Gx axis is selected as an example. The rule
consequent belief distributions obtained from the traditional unconstrained optimization
model and the proposed constrained optimization model are compared. Both models
adopt the same initial parameters, training data, and optimization iterations, with the
sole difference being that the proposed model imposes interpretability constraints on the
conditional probability tables and rule consequents. The rule consequent belief distributions
of the BRB node for the Gx installation error performance state are shown in Figure 9.
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Figure 9. Comparison of rule consequent belief distributions.

From Figure 9, it can be observed that, as the two installation error stability indi-
cators Mgy, and Mgy, gradually deteriorate from S to Me and L, the consequent belief
distributions of the IH-BRB exhibit an overall orderly transition from E toward G, M,
and P. When either installation error indicator is fixed, the probability mass of the rule
consequent generally shifts toward poorer performance grades as the other indicator de-
teriorates. This indicates that the interpretability constraints are capable of maintaining
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semantic consistency between the antecedent states and the corresponding consequent
performance grades.

For Rules 1 and 9, the dominant semantic centers of the two models are largely
consistent, mainly supporting E and P, respectively, indicating that the interpretability
constraints do not unnecessarily modify boundary rules that are already consistent with
engineering cognition. Rules 2, 4, and 7 still distribute their belief degrees mainly over
adjacent performance grades, showing that the constrained model preserves the capability
of BRB to represent uncertainty in grade-transition regions.

For Rule 6, the unconstrained model assigns relatively large belief degrees to both G
and P, while the belief degree assigned to the intermediate grade M is considerably lower,
resulting in a non-adjacent multimodal distribution. After the interpretability constraints
are imposed, the probability mass is redistributed and mainly concentrated on M, while
decreasing smoothly toward the adjacent grades G and P, thereby eliminating the local
semantic conflict.

In summary, the interpretability constraints preserve the uncertainty representation of
BRB while eliminating unreasonable consequent distributions, thereby maintaining seman-
tically consistent degradation trends and improving the interpretability of the optimized
rule base.

5.4. Comparative Experiments

The IH-BRB is an interpretable evaluation model constructed by introducing a hier-
archical structure, interpretability constraints, and an interlayer reliability propagation
mechanism into the traditional BRB framework. The interpretability constraints restrict
the feasible region of model parameters and may affect the fitting flexibility of the model.
To evaluate the model performance and examine the influence of these constraints, compar-
ative experiments were conducted using the proposed interpretable hierarchical Bayesian
belief rule base (IH-BRB), hierarchical Bayesian belief rule base without interpretability
constraints (H-BRB), disjunctive belief rule base (D-BRB), K-nearest neighbors (KNN),
support vector machine (SVM), random forest (RF), and backpropagation neural network
(BPNN). All models were evaluated using the same six-fold leave-one-unit-out validation
scheme. In each fold, one LIMU was used as the test unit and the remaining five LIMUs
were used for model training. Model parameters were independently trained or optimized
using only the corresponding training data. H-BRB retains the same hierarchical structure
and inference mechanism as IH-BRB but removes the interpretability constraints, providing
a direct comparison for examining their influence. The mean and standard deviation of
the evaluation metrics across the six held-out LIMUs were used for model comparison.
The experimental results are presented in Figure 10.

As shown in Figure 10, the seven models were evaluated using six-fold LOUO val-
idation. The IH-BRB model achieves an average MSE of 0.0635 + 0.0063 and an average
MAE of 0.1255 £ 0.0140. Among all the compared methods, H-BRB obtains the lowest
average MSE and MAE, with values of 0.0503 & 0.0118 and 0.1039 & 0.0181, respectively.
The corresponding MAE and MSE results for each fold are presented in Figure 10a and
Figure 10b, respectively, and the average results with standard deviations are summarized
in Figure 10c.

Compared with IH-BRB, H-BRB achieves lower MSE and MAE under the current exper-
imental setting, indicating higher evaluation accuracy. This difference is consistent with the
greater fitting flexibility of H-BRB, whereas the interpretability constraints imposed in IH-
BRB restrict the feasible parameter space during optimization. Meanwhile, these constraints
preserve the semantic consistency of the optimized parameters and rule consequents, re-
flecting a trade-off between the evaluation performance and engineering interpretability.
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Figure 10. Comparison of experimental results among different evaluation models: (a) MAE across
rounds; (b) MSE across rounds; (c) the mean and standard deviation of MSE and MAE.

Compared with D-BRB, IH-BRB reduces the average MSE from 0.2604 to 0.0635 and the
average MAE from 0.3617 to 0.1255, corresponding to reductions of approximately 75.6%
and 65.3%, respectively. The considerably larger errors of D-BRB indicate that, under the
current dataset and parameter settings, the hierarchical representation adopted by IH-BRB
is more effective in organizing the multi-source performance information of the LIMU.

Compared with the data-driven methods, IH-BRB achieves lower average MSE values
than KNN, SVM, RF, and BPNN, with reductions of approximately 8.1%, 61.8%, 10.6%,
and 25.6%, respectively. In terms of MAE, IH-BRB achieves lower values than SVM, RF,
and BPNN, with reductions of approximately 42.6%, 30.9%, and 32.1%, respectively, while
its MAE is close to that of KNN. In addition to evaluation performance, IH-BRB provides
layer-wise explanatory information through rule activation, belief distributions, utility
values, and reliability coefficients, enabling the final evaluation result to be traced back to
the subsystem, sensitive axis, and underlying indicator levels.

Overall, IH-BRB preserves rule-semantic consistency and hierarchical traceability while
maintaining a competitive evaluation performance, indicating that the proposed model achieves
a reasonable balance between the evaluation performance and engineering interpretability.
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6. Conclusions

This paper proposes a hierarchical interpretable Bayesian belief rule base perfor-
mance evaluation model for LIMU to address the challenges of small sample sizes, high-
dimensional indicators, state uncertainty, and difficulty in interpreting evaluation results
during long-term storage and service. The main contributions are summarized as follows:

(1) A five-level hierarchical evaluation model consistent with the physical structure of
the LIMU is constructed. Based on the physical composition and error propagation paths
of the LIMU, the 24 underlying indicators are organized into a five-level structure, namely,
“indicator input—installation error—single-axis performance—device subsystem—overall
system performance,” such that each node at every level corresponds to a clear engineering
entity, thereby reducing the rule scale while enabling layer-by-layer traceability of the
evaluation process.

(2) An interlayer propagation mechanism that balances information compression and
uncertainty preservation is designed. The model employs utility values to represent the
performance level of lower-level nodes, constructs reliability measures using normalized
information entropy, and dynamically adjusts the upper-level attribute weights accordingly,
thus achieving a trade-off between information compression and uncertainty retention.

(3) Interpretability constraints for optimization are established. Semantic consistency
constraints are imposed at two levels, namely, the attribute conditional probability tables
and the rule consequent belief distributions, and the P-CMA-ES algorithm is employed
for joint optimization of model parameters to suppress multimodal distributions, grade
reversals, and rule semantic drift.

Nevertheless, the following limitations still exist in this study:

(1) The current validation uses expert-defined target grades derived from the
24 performance indicators, and the reported errors therefore characterize consistency with
the expert grading criterion. Future work will extend the validation using independently
obtained performance or degradation information.

(2) The Bayesian rule consequent generation in Equation (5) assumes conditional
independence among antecedent attributes within each local BRB node given the output
grade. This approximation reduces parameterization complexity without implying global
independence, as cross-axis and subsystem coupling is represented by the hierarchical
structure. Residual within-node dependence remains a limitation and will be addressed
using joint conditional or other dependence models in future work.

(3) The current model employs a triangular linear membership function for mapping
continuous indicators to reference levels, which assumes a fixed linear transition between
adjacent reference levels. To a certain extent, this approach does not account for the non-
uniform distribution of indicator samples or the influence of measurement noise and other
uncertain factors on grade boundaries, which may cause the matching degrees of certain
indicators to deviate from the actual data distribution.
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Abbreviations

The following abbreviations are used in this manuscript:

AHP Analytic hierarchy process

BPNN Backpropagation neural network

BRB Belief rule base

D-BRB Disjunctive belief rule base

E/G/M/P  Excellent/Good/Medium/Poor

ER Evidential reasoning

H-BRB Hierarchical belief rule base without interpretability constraints
IH-BRB Interpretable hierarchical Bayesian belief rule base

KNN K-nearest neighbors

LIMU Laser strapdown inertial measurement unit

MAE Mean absolute error

MSE Mean squared error

P-CMA-ES Projection covariance matrix adaptation evolution strategy
RF Random forest

S/Me/L Small/Medium/Large

SVM Support vector machine

LOUO leave-one-unit-out
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