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Abstract
Constructing agricultural multimedia knowledge
bases is complicated by heterogeneous evidence,
noisy crowdsourced annotations, variations in
sample difficulty, and inadequate integration
of multisource information. Using tomato
disease and pest data, this study proposes a
unified framework comprising Multi-evidence
Reliability-Aware Active Crowdsourcing (MRAC)
and Ontology-Constrained Multi-Evidence
Clustering and Refinement (OMCR). MRAC
jointly models annotator reliability, sample
difficulty, content-evidence quality, and evidence
availability. It selects sample-annotator pairs
according to the expected information gain
per unit cost and produces calibrated soft-label
posteriors. OMCR integrates frozen visual features,
crowdsourcing posteriors, and agricultural ontology
constraints, and uses class prototypes, pairwise
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constraints, and risk scores for sample clustering,
mislabeled-instance detection, and label refinement.
Under 30% synthetic annotation noise, MRAC
achieved an Accuracy of 0.9732 and a Macro-F1
of 0.9676. MRAC-EIG achieved the highest mean
Macro-F1 (0.9631) and the lowest mean relative
annotation cost (1.0080) among the evaluated
policies. The completeOMCRmodel achievedACC,
NMI, and ARI values of 0.9708, 0.9293, and 0.9500,
respectively. The unified framework achieved
Precision@5, Precision@10, and nDCG@10 values of
0.9251, 0.9223, and 0.9233, respectively, with a 14.97%
relative improvement in nDCG@10 over visual-only
retrieval. These results show that the proposed
framework improves noisy-label aggregation,
multi-evidence knowledge organization, and
retrieval ranking while controlling annotation costs,
offering a practical route to reliable agricultural
multimedia knowledge-base construction.

Keywords: agricultural multimedia knowledge
construction, tomato diseases and pests, active
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1 Introduction
The increasing adoption of intelligent sensing and
agricultural information technologies has generated
large volumes of multimedia data from diverse
sources throughout agricultural production [1].
These data contain valuable knowledge concerning
crop growth and the occurrence and progression of
diseases and pests [2]. Effective knowledge-oriented
organization of such data is fundamental to
improving intelligent agricultural diagnosis and
decision support [3, 4]. Existing studies have
primarily established task-specific mappings between
visual features and predefined categories [5],
with limited modeling of cross-modal semantic
associations. As multimodal intelligence becomes
increasingly integrated with knowledge engineering,
agricultural intelligence is expanding from visual
recognition alone to visual question answering,
diagnosis with multimodal large models, and
knowledge services driven by knowledge graphs [6].
Converting distributed, modality-heterogeneous,
and variable-quality agricultural multimedia data
into semantically consistent, explicitly related, and
trustworthy structured knowledge has therefore
become a critical challenge at the intersection of
agricultural knowledge engineering and multimodal
intelligence.

The complexity of agricultural multimedia data
arises not only from their structure but also from
differences in how agricultural knowledge is expressed
across media types. The objective of agricultural
multimedia analysis is shifting from visual category
recognition toward content understanding and
the construction of semantic relationships among
symptoms, crops, pathogens, and disease concepts.
To address the limited ability of image classification
to represent specialized knowledge, Agri-LLaVA
incorporates knowledge of agricultural diseases and
pests to improve visual question answering and
domain-specific explanations [7]. CDDM combines
crop-disease images with diagnostic question-answer
pairs, extending the task from category recognition
to symptom description and diagnostic reasoning [8].
AgriDoctor further adopts a modular framework
that coordinates classification, detection, retrieval,
and large models [9], using vision-language models
and domain knowledge to improve agricultural
content understanding. The crop-specific TomaMMU
benchmark likewise shows that agricultural datasets
are evolving from single-label annotations toward
visual question answering and domain-knowledge

comprehension [10]. Nevertheless, existing studies
largely depend on static image-text data and curated
high-quality labels, with insufficient attention to
temporal information in videos or to the conversion
of raw multimedia data into trustworthy knowledge.
Reliable annotation at a reasonable cost is therefore the
first challenge in agricultural multimedia knowledge
construction.

Agricultural multimedia knowledge construction
depends on manual annotation. However, domain
experts are scarce and costly, whereas nonexpert
annotators may produce noisy labels because of
differences in expertise. Crowdsourcing can increase
the scale of data production, but annotation efficiency
and result reliability must be considered jointly. Zhang
et al. [11] proposed an active crowdsourcing method
that iteratively queries noisy labels from crowd
workers to reduce redundant annotation and improve
multilabel classification. Crowd-Certain estimates
annotator reliability from response consistency and
aggregates multiple labels using reliability-based
weights [12]. ActiveLab actively chooses between
annotating new samples and relabeling existing ones,
directing a limited budget toward highly uncertain
data [13]. These studies improve crowdsourcing
by reducing per-task cost, limiting the influence of
low-quality labels, or optimizing budget allocation.
However, existing methods commonly represent
annotator competence with a global weight and
treat sample selection, task assignment, and label
aggregation as separate processes. This design is
poorly suited to the domain specificity of agricultural
categories and the heterogeneous difficulty of
multimedia samples.

Multimedia content, annotation results, and
agricultural ontologies must subsequently be
integrated to support unified knowledge organization,
denoising, and refinement. Multiview clustering
research has begun to distinguish information shared
across modalities from modality-specific information.
MFLVC establishes cross-view consistency at multiple
levels, including low-level features, high-level
semantics, and cluster assignments, thereby reducing
interference caused by the direct fusion of view-specific
noise [14]. ICMVC uses high-confidence guidance
and attention-based fusion to address missing views
and incomplete representations [15]. Multimedia
aggregation has therefore progressed beyond feature
concatenation toward learning unified cross-modal
semantic structures through contrastive learning,
attention weighting, and confidence guidance. In
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Figure 1. Composition and data sources of the agricultural multimedia knowledge corpus.

parallel, in the agricultural domain, ontology-guided
knowledge graph approaches integrate named entity
recognition and structured relation extraction to
organize domain-specific knowledge, as exemplified
by the tomato leaf pest and disease knowledge
graph [16], whereas CropDP-KG provides a
domain-knowledge foundation for organizing
concepts, attributes, and relations associated with crop
diseases andpests inChina [17]. However, multimedia
clustering and knowledge-graph research remain
largely disconnected and cannot simultaneously refine
known class structures and correct noisy labels in
raw multimedia data. Crowdsourcing confidence and
agricultural ontology constraints have not yet been
incorporated into a unified clustering process, limiting
the semantic consistency and reliability of knowledge
aggregation.

To address these limitations, this study develops
a unified workflow for processing agricultural
multimedia knowledge. First, a reliability-aware active
crowdsourcing method jointly selects informative
samples and suitable annotators to obtain aggregated
labels with probabilistic confidence. Second, an
ontology-guided multi-evidence clustering method
integrates visual content features, crowdsourced
soft-label posteriors, and agricultural ontology
constraints, and uses agricultural concept hierarchies
and relational constraints to identify and correct noisy
labels. Finally, the proposed methods are evaluated

on multimedia data for tomato diseases and pests.
The principal contributions are as follows:

(1) A reliability-aware active crowdsourcing
method is proposed. It jointly considers
sample information value and annotator
reliability, actively matches informative
samples with suitable annotators, and produces
confidence-aware aggregated labels.

(2) An ontology-constrained multi-evidence
clustering and refinement method is developed.
Content features, crowdsourced soft-label
posteriors, and agricultural ontology constraints
are represented as complementary evidence
views. Class prototypes and ontology-derived
pairwise constraints are then used for sample
clustering, noise detection, and label refinement.

(3) A unified workflow is established for agricultural
multimedia knowledge construction. Using
tomato disease and pest data, the workflow
connects crowdsourced annotation, clustering
refinement, and knowledge organization,
providing methodological support for converting
heterogeneous agricultural data into structured
and trustworthy knowledge.
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Figure 2. Architecture of the proposed MRAC framework for reliability-aware active annotation of agricultural
multimedia data.

2 Materials and Methods
2.1 Data collection
This study considers multimedia knowledge
construction for tomato diseases and pests. The
data sources include tomato leaf images from
PlantVillage [18], tomato leaf condition data,
long-tailed images of tomato pests, videos, open-access
articles from PubMed Central (PMC), candidate
terms from AGROVOC, the Plant Ontology [19],
the Trait Ontology, and CropDP-KG [17]. These
data were used for visual representation learning,
open-set evaluation, exploratory video analysis,
textual knowledge extraction, and ontology-constraint
construction.

As illustrated in Figure 1, the dataset comprised
42,775 files with a total size of approximately 1.47 GB.
The PlantVillage subset contained 16,011 tomato leaf
images, including 12,803 images in the original training
set and 3,208 in the test set. After a validation set
was separated from the original training data, the
final training, validation, and test sets used for model
development contained 10,882, 1,921, and 3,208 images,
respectively. No duplicate images were found across
the three sets.

2.2 Frozen visual representations and baselines
To ensure that MRAC and OMCR use a consistent
source of underlying visual evidence, a frozen
ResNet-18 encoder [20] pretrained on ImageNet was
used to extract 512-dimensional visual features from
the global average-pooling layer, followed by L2

normalization. A multinomial logistic-regression
classification head was then fitted to the PlantVillage
training set only, and its regularization parameter
Creg was selected from {0.1, 1, 10} on the validation
set; the test set was not used for parameter selection.
The resulting class probabilities and visual features
were used in the subsequent MRAC and OMCR
experiments.

In addition to this visual-prior model, a ResNet-18
model with a fine-tuned layer4 block was trained
for an independent analysis of visual classification
performance. Training used only the PlantVillage
training set, and the best checkpoint was selected
according to the validation-set Macro-F1.

To calibrate the class probabilities, temperature
scaling [21] was applied to the validation-set logits.
The temperature-scaled class probabilities and the
optimal temperature parameter T ∗ were defined as
follows:

T ∗ = arg min
T>0

− 1

Nv

Nv∑
i=1

log pT (yi | xi),

pT (y | x) = softmax
(
f(x)/T

)
,

(1)

where Nv denotes the number of validation
samples, f(x) is the uncalibrated logit vector,
and pT (y | x) denotes the temperature-scaled class
probabilities. After model selection and probability
calibration, the classification-head parameters and
temperature parameter were fixed. The calibrated
logistic-regression visual prior based on frozen
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features subsequently provided shared content
features and class priors for MRAC and OMCR.

2.3 Multi-evidence reliability-aware active
crowdsourcing

This study proposes the Multi-evidence
Reliability-Aware Active Crowdsourcing method
illustrated in Figure 2. Under a constrained annotation
budget, MRAC jointly models the sample-specific
content prior, annotator reliability, sample difficulty,
modality quality, and annotation cost, and produces
calibrated soft-label posteriors. Unlike conventional
majority voting or aggregation based solely
on annotator competence, MRAC incorporates
multimodal evidence quality and differences among
annotators into posterior inference. During task
selection, MRAC selects informative sample-annotator
pairs according to the expected information gain
per unit cost, improving label aggregation while
controlling annotation expenditure. Samples that do
not satisfy the predefined confidence criteria within
the available budget are designated high-risk instances
and referred for expert review.

2.3.1 Hierarchical posterior model
For the ith sample, let xmi denote the observed content
of modality m ∈ {img, txt, vid}, Mm

i ∈ {0, 1}
indicate whether that modality is present, and smi
denote the quality measure for modality m. Let yi
represent the latent true class, zij denote the label
assigned by annotator j to sample i, and Zi denote
all crowdsourced labels collected for sample i. The
MRAC posterior is defined as:

p(yi | xi, Zi, G) ∝ pφ(yi | xi)ψG(yi)

×
∏
j∈Ai

p(zij | yi,Θj , di, ri), (2)

where G denotes the agricultural ontology; pφ(yi |
xi) is the content prior, with parameters φ, obtained
by combining the frozen visual prior with available
textual and video evidence; ψG(yi) is the soft
compatibility factor supplied by the agricultural
ontology; Θj is the confusion matrix of annotator
j; di denotes sample difficulty; ri represents the
observational reliability of the sample; and Ai is the
set of annotators who have provided valid labels
for sample i. This formulation retains class-specific
annotation biases instead of reducing annotator
reliability to a single competence score. To derive
the ontology compatibility factor, each candidate class
label is mapped to an agricultural ontology concept.

Preferred and alternative terms in AGROVOC are
used to resolve naming variants, while relations to the
relevant crop, disease, and pest concepts determine a
class-level compatibility weight.

2.3.2 Evidence availability and quality normalization
The missing-modality status was recorded for each
sample. Overall multimodal quality Qi was calculated
using missingness-aware weighted normalization:

Qi =

∑
mM

m
i wms

m
i∑

mM
m
i wm + ε

, (3)

where wm is the weight assigned to modalitym, and
ε is a numerical-stability term that prevents division
by zero. Only modalities that are actually present
contribute to quality aggregation. A missing modality
is not replaced with a zero-quality value, which
prevents modality absence from being misinterpreted
as poor quality.

Cross-modal inconsistency was calculated only when
at least two modalities were available. For image-only
samples, cross-modal inconsistency was treated as
unobserved rather than using missing modalities to
classify the sample as either high or low risk. The
number of available modalities nobsi =

∑
mM

m
i was

included explicitly in the sample-difficulty estimator
and active-query model.

2.3.3 Active-query criterion and stopping mechanism
After estimating the initial class posterior, MRAC
uses an expected-information-gain strategy, denoted
MRAC-EIG, to prioritize crowdsourced labels that
are expected to reduce mean uncertainty in class
decisions under a limited annotation budget. Unlike
methods that select samples solely according to model
uncertainty, MRAC-EIG jointly accounts for current
posterior uncertainty, the response reliability of
candidate annotators, and the cost of each annotation.
The next query is therefore determined at the level of
the sample-annotator pair.

Given the current class posterior qi(y), annotator
reliability, and annotation cost cj , MRAC calculates the
expected information gain (EIG) per unit cost for every
eligible sample-annotator pair. The optimal query pair
is defined as:

(i∗, j∗) = arg max
(i,j)∈C

H[qi]− Ez∼p(z|i,j)H[qi(y | z)]
cj + ε

,

(4)
where H[·] denotes information entropy, C is the set
of eligible candidate query pairs, z is the potential
response of annotator j to sample i, and p(z | i, j) is the

218



Digital Intelligence in Agriculture

corresponding predictive response distribution. The
numerator represents the expected reduction in class
uncertainty after one query, whereas the denominator
normalizes query utility for differences in annotation
cost. MRAC-EIG prioritizes pairs with high current
posterior uncertainty that can be effectively resolved
by reliable annotators and provide high information
gain per unit cost.

At each iteration, the algorithm selects only the
highest-scoring eligible pair, obtains its annotation,
and updates the posterior. Further querying of a
sample stops once the sample satisfies a stopping
criterion jointly defined by posterior confidence,
information entropy, and calibration risk. Samples
that do not meet the criterion remain in the candidate
pool. Those that still fail to meet it after the budget is
exhausted are referred for expert review.

2.4 Ontology-constrained multi-evidence
clustering and refinement

This study proposes Ontology-Constrained
Multi-Evidence Clustering and Refinement (OMCR),
whose overall architecture is shown in Figure 3.
OMCR integrates heterogeneous multimedia content,
crowdsourced annotation posteriors, and agricultural
ontology knowledge to support sample clustering,
label refinement, and risk-based routing within a
unified framework. It treats content features extracted
by the frozen encoder, soft-label posteriors produced
by MRAC, and ontology-compatibility information
as three evidence views, which are adaptively fused
according to their availability and reliability.

OMCR uses reliable soft labels to construct class
prototypes that guide the learning of cluster
structure. It jointly constrains within-cluster
compactness, cross-view consistency, agreement with
crowdsourcing posteriors, and ontology compatibility
to obtain stable sample representations and cluster
assignments. After clustering, OMCR combines
uncertainty in the crowdsourcing posterior, the
distance between a sample and its class prototype,
multiview disagreement, ontology conflicts, and
local outlier scores into an integrated risk score.
Thresholds determined on the validation set are then
used for knowledge refinement and risk-based routing.
Low-risk samples undergo automatic label alignment
or near-duplicate candidate detection; medium-risk
samples enter a queue for supplementary annotation
or additional data collection; and high-risk samples
are referred for expert review. Clusters that are
internally compact but weakly similar to existing class

Figure 3. Overall framework of the proposed OMCR
method for ontology-guided multi-evidence clustering and

knowledge refinement.

prototypes are marked only as candidate unknown
classes and are not directly assigned a new disease or
pest category.

2.4.1 Evidence views and adaptive fusion
OMCR comprises three evidence views: the content
view, crowdsourcing-posterior view, and ontology
view, denoted by hci , hri , and hoi , respectively. Let
Mv
i ∈ {0, 1} indicate whether view v is available, and

let κvi denote its quality or confidence weight. Let
Pv(·) be the projection function that maps view v into a
shared representation space. The fused representation
is defined as:

zi =

∑
v∈{c,r,o}M

v
i κ

v
iPv(h

v
i )∑

vM
v
i κ

v
i + ε

, (5)

Only available evidence views participate in fusion;
consequently, different samples may contain different
evidence combinations. The principal quantitative
experiments therefore follow a multi-evidence
view-learning paradigm and do not assume that every
sample contains strictly paired image, text, and video
data.
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2.4.2 Clustering objective and ontology constraints
The overall OMCR optimization objective is defined
as:

L = Lcluster + λvLalign + λcLcrowd

+ λoLontology + λrLrobust,
(6)

where Lcluster promotes within-cluster compactness;
Lalign aligns evidence views that are simultaneously
available for the same sample; Lcrowd constrains the
clustering distribution to agree with the soft-label
posterior produced by MRAC; Lontology introduces
pairwise relations supported by the agricultural
ontology; and Lrobust reduces the influence of
low-quality or highly noisy samples on the class
prototypes. The coefficients λv, λc, λo, and λr control
the relative contributions of the corresponding loss
terms.

The ontology-based pairwise-constraint loss is defined
as:

Lontology =
∑

(a,b)∈ML

‖za − zb‖22

+
∑

(a,b)∈CL

max
(
0, µ− ‖za − zb‖2

)2
,

(7)

Here, ML and CL denote the sets of must-link and
cannot-link constraints, respectively, and µ is the
minimum separation margin imposed on cannot-link
pairs. Must-link and cannot-link constraints were
generated exclusively from general agricultural
ontologies, observed attributes, duplicate groups, and
reliable annotations.

2.4.3 Integrated risk scoring and knowledge-refinement
routing

For predicted class ĉi and sample i, the integrated risk
score is defined as:

Ri = αH(qi) + β
[
1− cos(hci ,pĉi)

]
+ γDmv

i + δOi + ηVi,
(8)

whereH(qi) denotes the entropy of the crowdsourced
soft-label posterior qi; pĉi is the prototype of the
predicted class, and cos(hci ,pĉi) is the cosine similarity
between the sample content feature and this prototype;
Dmv
i denotes multiview disagreement; Oi represents

the degree of ontology conflict; and Vi is the local
outlier score. The coefficients α, β, γ, δ, and η are the
weights of the corresponding risk terms. A larger Ri
indicates greater overall sample risk.

2.5 Evaluation metrics
2.5.1 Evaluation of crowdsourced label quality and

annotation efficiency
During crowdsourced label acquisition, performance
was evaluated in terms of aggregated-label correctness,
class-balanced performance, probability calibration,
and annotation-resource consumption. The metrics
were label Accuracy, Macro-F1, Recall@3, expected
calibration error (ECE), and mean annotation cost.
Recall@3 is the proportion of samples whose true class
is among the three classes with the highest posterior
probability.

LetN denote the number of test samples, and let yi and
ŷi denote the true and aggregated predicted classes of
the ith sample, respectively. Label Accuracy is defined
as:

Accuracy =
1

N

N∑
i=1

I(ŷi = yi), (9)

Let TPc, FPc, and FNc denote the numbers of true
positives, false positives, and false negatives for class
c, respectively. The precision and recall for class c
are Precisionc = TPc/(TPc + FPc) and Recallc =
TPc/(TPc + FNc), respectively, and Macro-F1 is
defined as:

Macro-F1 =
1

C

C∑
c=1

F1c

=
1

C

C∑
c=1

2× Precisionc × Recallc
Precisionc + Recallc

,

(10)

where C is the number of classes. Unlike overall
Accuracy, Macro-F1 assigns equal weight to every
class and is therefore less affected by class imbalance.
A lower mean annotation cost indicates that fewer
annotation resources are required to obtain reliable
labels. This metric should be interpreted together with
Accuracy or Macro-F1 to ensure that label quality is
not reduced merely by issuing fewer queries.

The probabilistic reliability of the soft-label posterior
was assessed using ECE, which measures the
discrepancy between predictive confidence and
empirical accuracy. The N samples were partitioned
into B nonoverlapping bins according to predictive
confidence, and the set of samples in the bth bin was
denoted by Bb. Thus,

ECE =

B∑
b=1

|Bb|
N

∣∣acc(Bb)− conf(Bb)
∣∣, (11)

where acc(Bb) is the empirical prediction accuracy
within the bin, and conf(Bb) is the mean predictive
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confidence of samples in that bin. An ECE closer
to zero indicates better probability calibration of the
soft-label posterior.

The experiments used reproducible, dimensionless
relative costs. For each crowdsourcing random seed
s, 32 costs were sampled independently: c

(s)
j ∼

Uniform(0.75, 1.35). Under the same seed, all four
noise-rate settings shared the same cost vector, which
was independent of annotator competence. The
annotation cost for an individual sample was defined
as the sum of the costs of all queries issued for that
sample and was averaged over all evaluation samples:

cost =
1

N

N∑
i=1

∑
j∈Ji

cj , (12)

whereJi denotes the set of annotators actually queried
for sample i.

2.5.2 Evaluation of clustering and knowledge-refinement
quality

Clustering performance and refinement quality
were evaluated using clustering accuracy (ACC),
normalizedmutual information (NMI), adjusted Rand
index (ARI), and the area under the precision-recall
curve (AUPRC) for mislabeled-instance detection.

Because cluster identifiers produced by unsupervised
clustering have no fixed correspondence with the
ground-truth class labels, the predicted clusters were
matched to the true classes through optimal label
mapping before ACC was calculated:

ACC = max
π

1

N

N∑
i=1

I
[
yi = π(ui)

]
, (13)

where ui denotes the predicted cluster identifier
of sample i, and π is the optimal mapping from
cluster identifiers to ground-truth class labels. The
optimal mapping was obtained using the Hungarian
algorithm. AhigherACC indicates stronger agreement
between the clustering result and the true classes.
NMI measures the information shared between the
ground-truth partition Y and the predicted clustering
partition U , and is defined as:

NMI(Y,U) =
2I(Y ;U)

H(Y ) +H(U)
, (14)

where I(Y ;U) is the mutual information between
Y and U , and H(Y ) and H(U) are their respective
entropies. A higher NMI indicates greater agreement
between the predicted clustering structure and the

ground-truth class structure. ARI evaluates agreement
between the ground-truth and predicted partitions
from the perspective of sample pairs and corrects for
agreement expected by chance. Let nij denote the
number of samples shared by true class i and predicted
cluster j, with ai =

∑
j nij and bj =

∑
i nij . Then,

ARI =

∑
ij

(nij

2

)
− E

1
2

[∑
i

(
ai
2

)
+
∑

j

(bj
2

)]
− E

, (15)

with E =
∑

i

(
ai
2

)∑
j

(bj
2

)/(
N
2

)
. An ARI closer to 1

indicates stronger agreement between the predicted
clustering and the ground-truth partition. The
ability of the knowledge-refinement process to detect
incorrect labels was evaluated using AUPRC, defined
as:

AUPRC =

∫ 1

0

TP (r)

TP (r) + FP (r)
dr, (16)

where r denotes recall, and TP (r) and FP (r) are the
corresponding numbers of true positives and false
positives, respectively. An AUPRC closer to 1 indicates
better detection of incorrect labels across different risk
thresholds.

2.5.3 Evaluation of knowledge-service performance
The application performance of the resulting
agricultural multimedia knowledge base was
evaluated for disease and pest diagnosis and for
knowledge retrieval. Diagnostic performance
was measured by Macro-F1, whereas retrieval
performance was measured by Precision@K, Hit@K,
mean reciprocal rank (MRR), and normalized
discounted cumulative gain (nDCG@10).

For tomato disease and pest diagnosis, Macro-F1
assigns equal weight to all classes and therefore
summarizes diagnostic performance across categories.
Precision@K measures the proportion of relevant
samples among the top K retrieved candidates and
thus reflects the accuracy of a limited result set. For a
query q, it is defined as:

Precision@K(q) =
1

K

K∑
r=1

relr(q) =
NK

rel(q)

K
, (17)

where K is the number of returned results, relr(q) ∈
{0, 1} indicateswhether the rth candidate for query q is
relevant, andNK

rel(q) is the number of relevant samples
among the top-K results. Relevance was determined
by whether the query image and candidate image
belonged to the same class. A higher Precision@K
indicates a greater proportion of relevant samples
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among the top K candidates. Overall Precision@K
on the test set was calculated by averaging over all
queries.

Hit@K indicates whether at least one relevant sample
occurs among the top-K results. For a query q, it is
defined as:

Hit@K(q) =

{
1, NK

rel(q) > 0,

0, NK
rel(q) = 0.

(18)

For a test set containing Nq queries, overall Hit@K is
calculated as:

Hit@K =
1

Nq

Nq∑
q=1

Hit@K(q), (19)

Let rankq denote the rank of the first relevant result for
query q. If no relevant result occurs in the retrieval list,
rankq = ∞ and the corresponding reciprocal rank is
set to zero. MRR is then defined as:

MRR =
1

Nq

Nq∑
q=1

1

rankq
, (20)

A higher MRR indicates that knowledge items relevant
to the query tend to appear earlier in the ranked results.
The overall ranking quality of the top 10 results was
further evaluated using nDCG@10. For query q,

DCGq@10 =

10∑
r=1

2relq,r − 1

log2(r + 1)
, (21)

where relq,r is the graded relevance between query
q and the knowledge item at rank r, and IDCGq@10
is obtained by ordering the items according to ideal
relevance. Thus,

nDCGq@10 =
DCGq@10

IDCGq@10
. (22)

In the current retrieval experiments, relevance was
defined by class agreement. A knowledge item from
the same class as the query was considered relevant
and assigned a relevance grade of 1; an item from a
different class was considered irrelevant and assigned
a grade of 0.

2.6 Implementation details
All experiments were conducted on a computing
platform equipped with an Intel(R) Xeon(R)
Platinum 8270 CPU (2.70 GHz) and an NVIDIA
A100-SXM4-80GB GPU. The software environment
comprised Ubuntu 22.04 LTS, CUDA 12.1, Python

3.10.14, and PyTorch. Images were resized to
224 × 224 pixels and normalized using the mean
and standard deviation of ImageNet. ResNet-18 was
used as the visual encoder, and the learning rate was
scheduled using CosineAnnealingLR. Training used
class-weighted cross-entropy, label smoothing with a
coefficient of 0.05, gradient clipping with a maximum
norm of 2.0, and random data augmentation. The
training hyperparameters are listed in Table 1.

MRAC was evaluated in controlled synthetic
crowdsourcing experiments with 32 simulated
annotators and a default of five redundant labels
per sample. Annotation noise rates were set to
10%, 20%, 30%, and 40%, and each experiment was
repeated independently under five random seeds.
For each crowdsourcing seed, approximately 15% of
the 3,208 PlantVillage test samples, corresponding
to 481 samples, were randomly selected as an
annotator-calibration subset and used to estimate
the class confusion matrices of the simulated
annotators. The remaining 2,727 samples constituted
the crowdsourcing evaluation subset for that seed.
The calibration subset was excluded from the final
metric calculations. Because the calibration and
evaluation subsets differed across the five random
seeds, crowdsourcing results are reported as the mean
± standard deviation over five repetitions.

Table 1. Training hyperparameters.

Parameter Value

Image size 224
Number of classes 10

Batch size 128
Epochs 100

Optimizer Adam
Learning rate scheduler CosineAnnealingLR

Weight decay 0.0001
Learning rate 0.0005

3 Experimental Results and Analysis
3.1 Baseline performance of the visual

representation
The visual-classification baseline was evaluated on the
internal PlantVillage test set to determine whether
the resulting representations and class predictions
provided stable content priors for subsequent MRAC
label aggregation and OMCR knowledge refinement.
As shown in Figure 4(a), the cross-entropy losses of the
training and validation sets decreased rapidly during
early training of the ResNet-18model with a fine-tuned
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Figure 4. Training dynamics and performance of the visual-classification baseline. (a) Training and validation
cross-entropy loss over epochs; (b) training and validation Macro-F1 over epochs.

layer4 block and then gradually stabilized, indicating
convergence. Figure 4(b) shows the corresponding
changes in training and validation Macro-F1 over
the epochs. The maximum validation Macro-F1 was
0.9887; the weights from that epoch were therefore
selected as the optimal model. On the internal
PlantVillage test set, this model achieved an accuracy
of 0.9835, a Macro-F1 of 0.9820, and an ECE of
0.0808. These results indicate balanced classification
performance across disease and pest categories. This
fine-tuned model served as a reference for visual
separability, whereas the calibrated frozen-feature
prior described in Section 2.2 supplied the initial
content information for the MRAC label posterior and
OMCR multi-evidence fusion.

3.2 Evaluation of reliable label aggregation
To evaluate label aggregation under annotation
noise and heterogeneous annotator competence,
MRAC was compared with majority voting [22],
Dawid-Skene [23], a GLAD-inspired method [24],
CCC [25], CoNAL [26], and a visual prior without
crowdsourcing information (Visual prior only) in
a controlled synthetic crowdsourcing environment.
The visual-only prior consisted of frozen ResNet-18
features and a multinomial logistic-regression
classifier calibrated by temperature scaling. As shown
in Table 2, under 30% synthetic annotation noise,
MRAC achieved the highest Accuracy, Macro-F1,
and Recall@3, with values of 0.9732, 0.9676, and
0.9969, respectively. Relative to CoNAL, MRAC
improved Accuracy and Macro-F1 by 0.0105 and
0.0166, respectively; relative to the visual-only prior,
the corresponding improvements were 0.0438 and

0.0505. These gains therefore arose not only from
the base classifier but also from the joint posterior
modeling and updating of annotator reliability,
sample difficulty, and crowdsourced evidence. MRAC
obtained an ECE of 0.0119, comparable to the 0.0115
achieved by the visual-only prior, indicating that its
improved label discrimination did not compromise
probability calibration. MRAC thus produced
accurate and well-calibrated soft labels under noisy
crowdsourcing, which served as the label input for
active querying, OMCR multi-evidence clustering,
and knowledge refinement.

Sensitivity to random variation was assessed by
repeating all methods with the same five fixed random
seeds and reporting the mean ± standard deviation.
The Accuracy, Macro-F1, and Recall@3 of MRAC were
0.9732± 0.0031, 0.9676± 0.0044, and 0.9969± 0.0009,
respectively. The small standard deviations across all
three metrics indicate that MRAC was stable across
repeated experiments.

As shown in Figure 5, Macro-F1 generally decreased as
the annotation noise rate increased. MRAC achieved
the highest Macro-F1 at every noise level and exhibited
the smallest performance degradation among the
methods that use crowdsourced labels. Because the
visual-only prior did not use crowdsourced labels,
its performance remained essentially stable across
noise rates, but was consistently lower than that of
MRAC. MRAC therefore benefits from crowdsourced
information while limiting the adverse effects of highly
noisy annotations.
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Table 2. Performance comparison of crowdsourced label-aggregation methods under 30% annotation noise.

Model Accuracy Macro-F1 Recall@3 ECE

Majority vote 0.8728± 0.0030 0.8429± 0.0024 0.9718± 0.0032 0.2320± 0.0021
Dawid-Skene 0.8748± 0.0038 0.8349± 0.0064 0.9687± 0.0031 0.0727± 0.0049
GLAD-inspired 0.8828± 0.0048 0.8523± 0.0066 0.9702± 0.0031 0.0227± 0.0071
CCC 0.9498± 0.0045 0.9352± 0.0067 0.9917± 0.0016 0.0226± 0.0024
CoNAL 0.9627± 0.0052 0.9510± 0.0078 0.9940± 0.0017 0.0197± 0.0033
Visual prior only 0.9294± 0.0024 0.9171± 0.0040 0.9937± 0.0004 0.0115± 0.0012
MRAC 0.9732± 0.0031 0.9676± 0.0044 0.9969± 0.0009 0.0119± 0.0017

Figure 5. Robustness comparison of crowdsourced
label-aggregation methods under different annotation

noise rates.

3.3 Cost efficiency of active querying
The efficiency of MRAC-EIG under a limited
annotation budget was evaluated at 30% synthetic
annotation noise by comparison with random
querying and uncertainty-based querying while
increasing the maximum number of queries per
sample from one to five. As shown in Table 3,
when up to five queries were permitted, MRAC-EIG
achieved the highest Macro-F1 (0.9631 ± 0.0087),
with a mean of 1.2189 ± 0.0137 queries and a
mean annotation cost of 1.0080 ± 0.0353. Random
querying achieved a Macro-F1 of 0.9591 ± 0.0041,
with 1.2251 ± 0.0120 queries and a mean cost of
1.3036± 0.0363. Uncertainty-based querying achieved
a Macro-F1 of 0.9557 ± 0.0081, with 1.1997 ± 0.0307
queries and a mean cost of 1.2502 ± 0.0515. Thus,
the performance gain of MRAC-EIG did not result
from issuing substantially more queries. Instead, the
method jointly considered class-posterior uncertainty,
annotator reliability, and per-query cost to allocate
limited resources to informative sample-annotator
pairs. In this controlled setting, MRAC-EIG therefore
reduced total annotation cost while maintaining
strong label-aggregation performance. As shown in

Figure 6, Macro-F1 generally increased with the query
budget for all three strategies, whereas MRAC-EIG
achieved higher classification performance at a
lower mean annotation cost. The observed mean
number of queries increased only to approximately
1.20-1.23, indicating that the joint stopping mechanism
effectively eliminated unnecessary repeated queries.

3.4 Evaluation of multi-evidence clustering
performance

A progressive ablation study was conducted to
quantify the contributions of different evidence
sources to OMCR clustering and knowledge
refinement. Crowdsourced soft posteriors, ontology
constraints, and the complete refinement mechanism
were added sequentially to the content features,
as shown in Table 4. With content features alone,
ACC, NMI, and ARI were 0.4953, 0.4867, and
0.3785, respectively, indicating that a single content
representation provided limited separation of the class
structure. Adding MRAC soft posteriors increased
these metrics to 0.9704, 0.9285, and 0.9494, respectively,
while Macro-F1 increased from 0.9252 to 0.9654.
Reliable crowdsourcing posteriors therefore provided
the largest improvement in class alignment and
clustering consistency. The subsequent inclusion of
ontology constraints further increased ACC, NMI,
and ARI to 0.9707, 0.9293, and 0.9499, respectively.
The complete OMCR model achieved the highest
ACC, ARI, AUPRC, and Macro-F1, with values
of 0.9708, 0.9500, 0.9977, and 0.9656, respectively;
its NMI was 0.9293, equal to the value obtained
after adding ontology constraints. Multi-evidence
fusion thus substantially improved the cluster
structure relative to content features alone. MRAC soft
posteriors contributedmost of the gain, while ontology
constraints and the subsequent refinement mechanism
marginally improved clustering consistency and
incorrect-label detection.

224



Digital Intelligence in Agriculture

Table 3. Performance and annotation efficiency of different active querying policies with a maximum of five queries per
sample.

Query policy Macro-F1 Mean queries Cost

Random
querying

0.9591± 0.0041 1.2251± 0.0120 1.3036± 0.0363

Uncertainty-based
querying

0.9557± 0.0081 1.1997± 0.0307 1.2502± 0.0515

MRAC-EIG 0.9631± 0.0087 1.2189± 0.0137 1.0080± 0.0353

Figure 6. Efficiency of active-query policies under different maximum query limits. (a) Relationship between Macro-F1
and mean annotation cost per item; (b) relationship between Macro-F1 and mean number of queries per item.

Table 4. Progressive ablation results for OMCR evidence
sources and refinement components.

Methods ACC NMI ARI AUPRC Macro-F1

Content only 0.4953 0.4867 0.3785 0.9905 0.9252
+MRAC 0.9704 0.9285 0.9494 0.9957 0.9654
+Ontology 0.9707 0.9293 0.9499 0.9957 0.9654
OMCR 0.9708 0.9293 0.9500 0.9977 0.9656

3.5 Retrieval of class-related image instances
This experiment assessed the effects of MRAC
crowdsourcing posteriors and OMCR label refinement
on agricultural image retrieval. A fixed set of
700 queries was sampled from the PlantVillage test
set and reused for every random seed; the top
10 candidates were retrieved from the PlantVillage
training set. As shown in Table 5, visual-only retrieval
achieved Precision@5, Precision@10, and nDCG@10
values of 0.8151, 0.7906, and 0.8031, respectively.
With MRAC posteriors alone (MRAC only), the
corresponding metrics increased to 0.9202, 0.9138, and
0.9171, indicating that the MRAC posterior supplied
useful class-semantic information for retrieval. With

Visual + MRAC + OMCR, Precision@5, Precision@10,
and nDCG@10 further increased to 0.9251, 0.9223,
and 0.9233, respectively; nDCG@10 improved by
approximately 15.0% relative to visual-only retrieval.
Compared with MRAC alone, Visual + MRAC +
OMCR improved Precision@5, Precision@10, and
nDCG@10; Hit@5 was essentially unchanged (0.9514
vs. 0.9511), whereas Hit@10 and MRR decreased
slightly. OMCR therefore improved candidate-set
purity and overall ranking quality rather than the
rank of the first relevant sample or the probability of
retrieving at least one relevant sample.

Figures 7(a) and 7(c) show that introducing MRAC
improved both overall ranking quality and top-K
retrieval precision, while OMCR refinement produced
additional gains in nDCG@10, Precision@5, and
Precision@10. Figure 7(b) shows that Hit@5
and Hit@10 remained above 0.95 for all methods,
with visual-only retrieval giving the highest values.
Figure 7(d) indicates that the per-query latency of
Visual + MRAC + OMCR was 0.1527 ms, compared
with 0.1220 ms for visual-only retrieval, representing

225



Digital Intelligence in Agriculture

Table 5. Comparison of image retrieval performance under different retrieval strategies.

Retrieval method Precision@5 Precision@10 Hit@5 Hit@10 MRR nDCG@10 Latency (ms)

Visual only 0.8151 0.7906 0.9643 0.9771 0.9019 0.8031 0.1220
MRAC only 0.9202 0.9138 0.9511 0.9557 0.9400 0.9171 0.1313
Visual + MRAC 0.9201 0.9136 0.9511 0.9557 0.9400 0.9169 0.1568
Visual + MRAC + OMCR 0.9251 0.9223 0.9514 0.9528 0.9378 0.9233 0.1527

a small additional delay. The MRAC posterior was
thus the principal source of the retrieval improvement,
whereas OMCR further optimized candidate ranking
and label consistency. In the controlled PlantVillage
setting, the proposed approach improved the retrieval
and organization of same-class samples in the
knowledge base and can support searches for similar
cases and the selection of candidate evidence.

4 Discussion
This study developed a unified framework comprising
MRAC and OMCR to address unstable annotation
quality, the limited integration of heterogeneous
evidence, and unreliable knowledge organization
in agricultural multimedia knowledge construction.
Incorporating annotator reliability, sample difficulty,
multimodal evidence quality, and annotation cost into
a unified posterior model improved crowdsourced
label aggregation under controlled noise. At 30%
synthetic annotation noise, MRAC achieved an
accuracy of 0.9732 and aMacro-F1 of 0.9676, exceeding
CoNAL by 0.0105 and 0.0166, respectively, while
maintaining an ECE of 0.0119. Thus, the performance
gain did not incur an appreciable loss of probability
calibration. The active-query experiments further
demonstrated the cost efficiency of MRAC-EIG. With
comparable mean query counts, MRAC-EIG achieved
a Macro-F1 of 0.9631 at a mean relative annotation
cost of 1.0080. Its mean cost was approximately 22.7%
lower than that of random querying and 19.4% lower
than that of uncertainty-based querying. Because all
three strategies issued approximately 1.20 queries per
sample on average, the cost advantage of MRAC-EIG
arose primarily from the joint selection of samples,
annotators, and per-query costs rather than from
an increase in repeated annotations. These findings
support the ability of MRAC-EIG to improve the
use of annotation resources in the present controlled
experiments.

Existing approaches to multimedia knowledge
construction generally address budget
allocation, repeated-annotation selection, and
annotator-reliability estimation separately [13, 25].

In contrast, MRAC incorporates sample uncertainty,
annotator confusion patterns, modality quality,
and annotation cost into query decisions at the
sample-annotator level. Multiview clustering
methods such as MFLVC and ICMVC primarily
improve representation learning through cross-view
consistency and high-confidence guidance [14, 15],
but they do not generally integrate crowdsourcing
posteriors and agricultural ontology constraints into
the same clustering and risk-routing process.
Agri-LLaVA, CDDM, and TomaMMU focus
on agricultural knowledge understanding and
diagnostic reasoning using curated image-text or
visual question-answering data [7, 8, 10], whereas
CropDP-KG relies on structured knowledge subjected
to manual annotation and expert quality control [17].
The present study instead addresses reliable
annotation, noise detection, and semantic refinement
before such data enter a knowledge system, linking
crowdsourced annotation, clustering analysis, and
retrieval evaluation into a continuous workflow. In
this way, the uncertainty estimated at the annotation
stage is carried forward to clustering and retrieval
rather than discarded.

This study nevertheless has several limitations.
MRAC was evaluated in controlled experiments
with 32 simulated annotators and predefined
noise rates, and the relative annotation costs were
also generated synthetically. Future work should
conduct real crowdsourcing experiments involving
agricultural experts, extension personnel, and
nonexpert annotators, while recording annotation
time, actual expenditure, and behavioral changes and
using statistical tests to compare query strategies. In
addition, the principal quantitative experiments used
relatively controlled datasets such as PlantVillage.
The evidence views did not constitute a large-scale
collection of strictly paired images, text, and videos
at the instance level; the results therefore cannot
fully establish performance in real cross-modal
settings. Future datasets should include natural
field samples collected across regions, seasons, and
cultivars, together with paired images, videos, textual
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Figure 7. Comparison of retrieval quality and computational efficiency among different image retrieval strategies. (a)
Ranking quality; (b) retrieval coverage; (c) top-K precision; (d) quality-latency trade-off.

descriptions, and ontology knowledge for the same
disease event.

5 Conclusion
This study proposed a unified approach to agricultural
multimedia knowledge construction comprising
MRAC and OMCR. MRAC improved crowdsourced
label quality through reliability modeling and active
querying while accounting for annotation cost.
OMCR integrated content features, crowdsourcing
posteriors, and agricultural ontology information
to support multimedia clustering, incorrect-label
detection, and knowledge refinement. In the
controlled experiments, MRAC improved noisy-label
aggregation, whereasOMCR increasedmulti-evidence
clustering consistency and the ranking quality of
class-related image retrieval. Generalization to real
crowdsourcing, instance-level paired multimodal
data, and natural field environments remains to be
evaluated. The framework offers a practical route
for converting heterogeneous agricultural data into

structured and trustworthy knowledge and can
support the construction and retrieval of agricultural
knowledge bases.
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