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ABSTRACT

The early detection of dental diseases is essential for preventing severe oral health complications. However,
automated lesion detection utilizing intraoral images remains highly challenging due to severe tooth overlap,
occlusion, and visually similar anatomical structures. Under these complex conditions, conventional single-stage
object detectors frequently produce redundant and inaccurate bounding boxes, which significantly degrades
localization precision. To explicitly resolve this problem, this study proposes a robust multi-scale ensemble learning
strategy that integrates bounding box predictions from YOLOv5 and YOLOv8 through a Weighted Boxes Fusion
(WBF) mechanism. Unlike traditional post-processing techniques such as Non-Maximum Suppression (NMS) and
Soft-NMS, the proposed method fuses overlapping bounding boxes by leveraging confidence-weighted spatial
aggregation, thereby preserving critical detection information. Extensive experiments were conducted on a publicly
validated intraoral image dataset comprising four distinct clinical classes: caries, cavity, cracks, and normal teeth.
Quantitative evaluations demonstrate that the proposed WBF ensemble approach substantially outperforms single-
model baselines. The integrated model achieves a mean Average Precision (mAP@0.5) of 66.14%, a Precision of
66.47%, and an Intersection over Union (IoU) of 90.83%, representing a massive improvement over the baseline mAP
values of approximately 36 to 37%. Furthermore, rigorous statistical testing validates that these performance gains
are highly significant (p < 0.05). Ultimately, these findings indicate that the proposed ensemble framework provides
a reliable, high-precision solution for intraoral dental lesion localization, offering substantial viability for real-world
clinical diagnostic applications.
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1. Introduction

The global prevalence of oral diseases, particularly dental caries, cavities, and structural cracks, poses a
profound public health challenge. If left untreated, these conditions can lead to severe pain, localized
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infections, and systemic health complications. Consequently, early detection and precise localization of dental
lesions are critical imperatives for effective clinical intervention and preventive care. Over the past decade,
the rapid evolution of artificial intelligence and digital health informatics has significantly transformed the
landscape of dental diagnostics [1]. Deep learning architectures, particularly Convolutional Neural Networks
(CNNs), have demonstrated remarkable proficiency in analyzing various dental imaging modalities, including
panoramic radiographs, Cone-Beam Computed Tomography (CBCT) [2], and bitewing X-rays [3, 4]. Recently,
the utilization of intraoral cameras has gained substantial traction in teledentistry due to their non-ionizing
nature, cost-effectiveness, and ability to capture high-resolution color images of the tooth surface in real time
[5].

Despite these advantages, automated lesion detection from intraoral images remains a highly complex
visual recognition task. Unlike standard X-ray imaging, intraoral photographs are heavily susceptible to severe
tooth overlap, partial occlusion by dental instruments or biological tissues, inconsistent illumination, and high
visual similarity among different anatomical structures [6, 7]. To automate detection tasks, state-of-the-art
single-stage object detectors, such as the You Only Look Once (YOLO) series, are widely adopted owing to
their optimal balance between inference speed and detection accuracy [8, 9]. Specifically, models like YOLOv5
[10, 11] and the more recent YOLOv8 [12, 13] have been deployed for medical and dental object detection
with notable success.

However, applying these standard deep learning object detectors to highly dense and occluded intraoral
images exposes a critical methodological limitation. During the inference phase, single-stage detectors
typically generate a massive number of overlapping candidate bounding boxes for a single lesion or tooth. To
filter these redundant predictions, traditional post-processing algorithms such as Non-Maximum Suppression
(NMS) are routinely employed [14]. NMS operates by greedily selecting the bounding box with the highest
confidence score and entirely discarding all neighboring boxes that exceed a predefined Intersection over
Union (IoU) threshold [15]. While extensions like Soft-NMS attempt to mitigate this by decaying the confidence
scores of overlapping boxes rather than applying a hard deletion [16, 17], both techniques fundamentally fail to
utilize the latent spatial information contained within the suppressed boxes. In the context of dental imaging,
where multiple adjacent teeth or lesions naturally overlap, this aggressive suppression frequently leads to
missed detections (false negatives) and highly inaccurate bounding box coordinates, thereby degrading the
overall localization precision [18, 19].

To explicitly address this fundamental gap, researchers have begun exploring ensemble learning method-
ologies that fuse predictions from multiple distinct architectures [6, 20]. Building upon this paradigm, our
study proposes a robust multi-scale ensemble learning strategy tailored specifically for high-precision intraoral
dental lesion localization. We hypothesize that integrating the complementary feature extraction capabilities
of two distinct architectural paradigms, namely YOLOv5 and YOLOv8, can capture a more comprehensive
morphological representation of dental lesions. Most importantly, to overcome the pathological redundancies
caused by standard NMS, we integrate a Weighted Boxes Fusion (WBF) mechanism [21]. Unlike NMS or
Soft-NMS, the WBF algorithm does not discard overlapping bounding boxes. Instead, it intelligently aggregates
them by calculating a new set of coordinates based on the confidence scores of all overlapping predictions.
This confidence-weighted spatial aggregation has recently shown immense potential in other complex medical
imaging domains, such as diabetic foot ulcer localization [20] and microscopic particle detection [22], yet its
application in dense intraoral lesion detection remains largely unexplored.

The primary objective of this research is to develop, evaluate, and validate a WBF-based ensemble
framework utilizing YOLOv5 and YOLOv8 to achieve precise bounding box localization for four distinct
dental conditions: caries, cavities, cracks, and normal teeth. We conducted extensive experiments using a
publicly validated intraoral image dataset [23]. This study is designed to evaluate whether a Weighted Boxes
Fusion-based ensemble can improve localization reliability and clinical applicability for teledentistry under
challenging intraoral imaging conditions.

The remainder of this paper is organized as follows. Section 2 outlines the fundamental mathematical
concepts of object detection, YOLO architectures, and traditional suppression algorithms. Section 3 details
the proposed methodology, including the mathematical formulation of the WBF ensemble framework and the
experimental setup. Section 4 presents a comprehensive quantitative and qualitative analysis of the results,
alongside statistical validation. Finally, Section 5 concludes the paper with a discussion of implications,
limitations, and potential avenues for future research.
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2. Preliminaries

To establish a rigorous foundation for the proposed multi-scale ensemble framework, this section formalizes the
mathematical definitions of object detection, evaluates the fundamental mechanics of the YOLO architectures
utilized in this study, and mathematically reviews the limitations of traditional bounding box suppression
algorithms.

2.1. Object Detection and Bounding Box Formulation

In the context of computer vision applied to dental informatics, intraoral lesion localization is formulated as
a supervised bounding box regression and classification problem. Let an input intraoral image be defined
as a two-dimensional matrix I ∈ RW×H×C , where W is the width, H is the height, and C represents the
color channels. An object detection model maps the input image I to a set of predicted bounding boxes
B = {B1, B2, . . . , BN}.

Each individual bounding box Bi is formally defined as a tuple consisting of six parameters:

Bi = (x1i, y1i, x2i, y2i, ci, si) (1)

where (x1i, y1i) and (x2i, y2i) denote the spatial coordinates of the top-left and bottom-right corners of the
bounding box, respectively. The variable ci ∈ C represents the predicted class label from a predefined finite set
of dental conditions C = {Caries,Cavity,Crack,Tooth}, and si ∈ [0, 1] represents the associated confidence
score indicating the probability that the box accurately bounds an object of class ci.

To quantify the spatial overlap between any two candidate bounding boxes Bi and Bj , the Intersection
over Union (IoU) metric is strictly employed. The IoU is mathematically expressed as the ratio of the area of
intersection to the area of the union of the two bounding boxes:

IoU(Bi, Bj) =
Area(Bi ∩Bj)

Area(Bi ∪Bj)
. (2)

The IoU value ranges from 0 to 1, where an IoU of 0 indicates no spatial overlap, and an IoU of 1 signifies
perfect spatial alignment.

2.2. Baseline YOLO Architectures

The You Only Look Once (YOLO) paradigm transforms object detection into a single regression problem,
optimizing end-to-end performance. In this study, YOLOv5 and YOLOv8 serve as the foundational feature
extractors due to their complementary structural paradigms [8, 13].

YOLOv5 utilizes an anchor-based detection mechanism coupled with a Cross-Stage Partial Network
(CSPNet) backbone [10]. It relies on predefined anchor boxes to predict spatial offsets and scales, which
is highly efficient but can occasionally struggle with exceptionally dense overlapping structures due to
rigid anchor configurations [11]. Conversely, YOLOv8 introduces a state-of-the-art anchor-free architecture
characterized by a decoupled head [12]. By separating the classification and regression tasks into distinct
branches and eliminating predefined anchors, YOLOv8 offers superior flexibility in generalizing across
varying object scales and aspect ratios. The architectural divergence between YOLOv5 and YOLOv8 forms
the theoretical justification for ensembling them, as they naturally learn distinct representations of complex
dental lesions.

2.3. Traditional Non-Maximum Suppression (NMS)

Standard object detectors inevitably generate multiple redundant overlapping bounding boxes for a sin-
gle ground-truth object. The conventional approach to resolving this redundancy is the Non-Maximum
Suppression (NMS) algorithm [19].

Given a set of candidate detections B for a specific class and an Intersection over Union (IoU) threshold
Nt, the NMS algorithm iteratively selects the bounding box M with the highest confidence score sM . It then
suppresses (removes) any remaining box Bi ∈ B that exhibits an IoU with M greater than the threshold Nt:

B ← B \ {Bi | IoU(M,Bi) ≥ Nt}. (3)
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Figure 1. Architectural comparison between the anchor-based YOLOv5 (utilizing a CSPNet backbone) and the anchor-free
YOLOv8 (featuring a decoupled head for separate classification and regression).

While mathematically straightforward, this greedy suppression strategy is inherently flawed when applied
to intraoral images containing highly clustered teeth and closely positioned lesions. If two distinct clinical
lesions are positioned in close spatial proximity such that their bounding boxes overlap beyond Nt, NMS will
erroneously suppress the lower-scoring bounding box, resulting in a critical false negative. Furthermore, by
permanently discarding overlapping predictions, NMS completely ignores the latent geometric knowledge
embedded within the suppressed boxes, which could otherwise be utilized to refine the final localization
coordinates.

In the critical domain of health informatics, this fundamental limitation transcends mere algorithmic
inaccuracy; it poses a severe clinical safety risk. The erroneous suppression of adjacent carious lesions could
directly result in missed diagnoses and delayed medical interventions. This critical vulnerability necessitates
the adoption of the Weighted Boxes Fusion mechanism detailed in the subsequent methodology section.

3. Methodology

This section details the proposed robust multi-scale ensemble learning strategy for intraoral dental lesion
localization. It outlines the overall system architecture, provides the explicit mathematical formulation of
the Weighted Boxes Fusion (WBF) algorithm, formally describes the procedural pseudocode, presents the
computational complexity analysis, and rigorously documents the experimental setup to ensure reproducibility.

3.1. System Architecture and Overview

The proposed diagnostic framework operates through a parallel, multi-stage pipeline designed to maximize
feature extraction from complex intraoral imagery. In the initial stage, an input intraoral image containing
dense dental structures is simultaneously fed into two independent, pre-trained object detection architectures:
YOLOv5 and YOLOv8. These models act as parallel feature extractors and bounding box regressors. YOLOv5
leverages its anchor-based Cross-Stage Partial Network to capture rigid structural features, while the anchor-
free decoupled head of YOLOv8 independently predicts lesion locations across varying scales and extreme
aspect ratios. The complete workflow of the proposed ensemble framework is illustrated in Figure 2.

Following the inference phase, YOLOv5 and YOLOv8 independently output two distinct sets of candidate
bounding boxes, denoted as PA and PB respectively. In a conventional pipeline, these predictions would be
merged and subjected to Non-Maximum Suppression (NMS), leading to the aggressive discarding of critical
overlapping boxes. Instead, our proposed architecture routes the combined prediction set Pcombined =
PA ∪PB into the Weighted Boxes Fusion module. The WBF module systematically clusters spatially adjacent
boxes and calculates an entirely new bounding box coordinate based on the confidence scores of the cluster
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Figure 2. Architectural diagram of the proposed multi-scale ensemble learning framework utilizing YOLOv5, YOLOv8,
and Weighted Boxes Fusion.

components. The final output is an optimized set of highly precise bounding boxes representing the locations
of caries, cavities, cracks, or normal teeth. For visual representation in the manuscript, an architectural block
diagram is recommended here to illustrate the transition from the parallel YOLO branches into the unified
WBF node.

3.2. Mathematical Formulation of Weighted Boxes Fusion

The core objective of the WBF algorithm is to overcome the destructive nature of traditional suppression
techniques by employing confidence-weighted spatial aggregation [21]. Let the combined set of bounding box
predictions from M different models be B = {B1, B2, . . . , BN}, where N is the total number of predicted
boxes. Each box is represented as Bi = {x1i, y1i, x2i, y2i, ci, si}.

The algorithm processes the predictions independently for each discrete class label ci ∈ C. For a given
class, the bounding boxes are sorted in descending order based on their confidence scores si. The fusion
mechanism initiates by creating an empty list of clustered boxes, denoted as L. As the algorithm iterates
through the sorted list B, it evaluates the spatial overlap between the current box Bi and the existing fused
boxes in L using the Intersection over Union (IoU) metric.

If the IoU between Bi and a previously clustered box in L strictly exceeds a predefined fusion threshold
Tiou (empirically set to 0.5 in this study to maintain rigorous evaluation consistency with the baseline metrics),
the box Bi is appended to that cluster. Let K denote a specific cluster containing T overlapping bounding
boxes. Instead of selecting the single best box and discarding the rest, WBF mathematically recalculates the
spatial coordinates of the fused bounding box Bfused as a weighted average. The coordinates are derived as
follows:

x1,fused =

∑T
j=1(x1j · sj)∑T

j=1 sj
(4)

y1,fused =

∑T
j=1(y1j · sj)∑T

j=1 sj
(5)

x2,fused =

∑T
j=1(x2j · sj)∑T

j=1 sj
(6)

y2,fused =

∑T
j=1(y2j · sj)∑T

j=1 sj
(7)

Consequently, the bounding box coordinates are drawn closer to the predictions characterized by higher
confidence scores, effectively refining the final localization precision. Furthermore, the confidence score for
the newly fused box Bfused is recalculated. To penalize clusters that are supported by fewer models, the fused
confidence score sfused is computed by averaging the sum of the constituent confidence scores over the total
number of ensembled models M :
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sfused =

∑T
j=1 sj

M
(8)

3.3. Ensemble Algorithm Formalization

The step-by-step logic of the proposed ensemble strategy is formalized in Algorithm 1. The procedure utilizes
a greedy clustering approach mapped to the coordinate recalculation equations.

Algorithm 1: Weighted Boxes Fusion for Intraoral Lesion Localization
Input: Set of bounding boxes B from M models, IoU threshold Tiou = 0.5
Output: Fused bounding box list Lfinal

1 foreach class c ∈ C do
2 Filter Bc = {Bi ∈ B | ci = c}
3 Sort Bc in descending order of confidence score si
4 Initialize cluster list L ← ∅
5 foreach box Bi ∈ Bc do
6 match_found← False
7 foreach cluster K ∈ L do
8 if IoU(Bi,Kfused) > Tiou then
9 Append Bi to cluster K

10 Recalculate Kfused coordinates using Eqs. (4)–(7)
11 match_found← True
12 break
13 end
14 end
15 if not match_found then
16 Create new cluster Knew with Bi

17 L ← L ∪ {Knew}
18 end
19 end
20 foreach cluster K ∈ L do
21 Recalculate sfused for Kfused using Eq. (8)
22 Lfinal ← Lfinal ∪ {Kfused}
23 end
24 end
25 return Lfinal

3.4. Complexity Analysis

The computational complexity of the proposed ensemble framework is a critical factor for real-time clinical
applicability. Let N represent the total number of bounding boxes generated by all combined baseline models.
The initial step of sorting the bounding boxes based on confidence scores requires a time complexity of
O(N logN). Subsequently, the algorithm iterates through the N boxes and compares them against C existing
clusters, where C ≤ N . In the worst-case scenario where no boxes overlap, the comparison takes O(N2)
time. However, in dense intraoral images, multiple overlapping predictions are heavily clustered, rendering
the practical time complexity to be roughlyO(N logN +N ·C). Since Weighted Box Fusion (WBF) operates
purely on the coordinate vectors rather than the image tensor space, the spatial complexity is bounded by
O(N), which is highly memory-efficient and suitable for deployment in constrained healthcare settings.

3.5. Experimental Scenarios and Evaluation Metrics

To comprehensively evaluate the robustness of the proposed Weighted Boxes Fusion (WBF) ensemble, the
experimental phase was designed around a strict comparative framework. The performance of the proposed
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method was benchmarked against several isolated and traditional configurations. Specifically, the evaluation
encompassed the isolated YOLOv5 and YOLOv8 models operated without any post-processing, followed by
the identical models subjected to standard Non-Maximum Suppression (NMS) and Soft-NMS algorithms.
Ultimately, these baselines were compared against the proposed multi-scale YOLOv5 and YOLOv8 ensemble
integrated with WBF.

To rigorously quantify the localization and classification performance across these scenarios, standard
object detection metrics were employed. In object detection, an inference is classified as a True Positive (TP)
if the Intersection over Union (IoU) between the predicted bounding box and the ground truth strictly exceeds
a predefined threshold (typically set at 0.5). Conversely, a False Positive (FP) occurs when the IoU is below
the threshold or a non-existent object is detected, while a False Negative (FN) denotes a ground truth object
that the model failed to detect.

Based on these foundational parameters, the localization accuracy and recall capabilities were mathemati-
cally evaluated using Precision and Recall metrics:

Precision =
TP

TP + FP
(9)

Recall = TP

TP + FN
(10)

To provide a harmonic mean that balances both the precision of the bounding boxes and the detection
rate, the F1-score is calculated as follows:

F1-score = 2× Precision× Recall
Precision + Recall (11)

Furthermore, to evaluate the overarching detection capability across varying confidence thresholds, the
Average Precision (AP) is computed as the area under the Precision-Recall curve for a specific class. The mean
Average Precision (mAP) is subsequently derived by calculating the arithmetic mean of the AP values across
all N discrete clinical classes (where N = 4 in this study):

mAP =
1

N

N∑
i=1

APi (12)

In this study, the primary benchmark metric is mAP@0.5, which represents the mean Average Precision
evaluated at a strict IoU threshold of 0.5. These formalized metrics ensure a standardized, reproducible, and
objective comparison between the traditional post-processing techniques and the proposed WBF ensemble.

3.6. Dataset and Reproducibility Setup

To ensure the reproducibility and rigorous validation of the proposed methodology, all experiments were
conducted utilizing a publicly validated intraoral image dataset sourced from the DentalAI Computer Vision
Project [23]. Following a rigorous data cleaning protocol, the final dataset consists of 2,495 high-resolution
color images annotated into four distinct dental conditions: caries, cavities, cracks, and normal teeth. Figure 3
provides representative samples from the dataset, illustrating the severe tooth overlap and complex visual
similarities inherent in intraoral photography.

A critical characteristic of this clinical dataset is its severe class imbalance, which accurately reflects
real-world dental pathological distributions. As detailed in Table 1, while the normal tooth class dominates
the dataset, pathological conditions such as cracks are significantly underrepresented. This imbalance further
justifies the necessity of robust ensemble techniques to prevent the minority classes from being completely
overshadowed during detection.

To prevent data leakage, the dataset was strictly partitioned using an 80:10:10 ratio, resulting in 1, 991
images for training, 251 for validation, and 253 reserved exclusively for independent testing. To establish
a fair baseline comparison, both YOLOv5 and YOLOv8 models were trained using the PyTorch framework
with identical hyperparameter configurations. The specific experimental parameters utilized to train both
foundational models are comprehensively detailed in Table 2.
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Figure 3. Sample intraoral images from the dataset demonstrating various dental conditions and the inherent challenges
of high-density overlapping structures.

Table 1. Dataset distribution based on annotated bounding box instances per class.

Class Label Total Instances (Bounding Boxes)

Caries 4,212
Cavity 1,781
Crack 180
Tooth 22,731

Table 2. Hyperparameter configurations for YOLOv5 and YOLOv8 model training.

Hyperparameter Setting

Input Image Size 640× 640 pixels
Batch Size 16

Total Epochs 100

Base Learning Rate 0.0001

Optimization Algorithm AdamW
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4. Results and Discussion

This section presents a comprehensive empirical evaluation of the proposed Weighted Boxes Fusion (WBF)
ensemble framework. The analysis is systematically divided into baseline model evaluation, comparative
post-processing performance, an ablation study, robust statistical significance testing, and a qualitative review
of detection behavior.

4.1. Baseline Model Performance

The initial phase of the evaluation sought to establish the isolated detection capabilities of YOLOv5 and
YOLOv8 prior to the application of any post-processing algorithms. Both models were evaluated on the
reserved independent testing set comprising 253 intraoral images.

As detailed in Table 3, YOLOv8 demonstrated a distinct architectural advantage over YOLOv5 across all
primary metrics. Specifically, YOLOv8 achieved a Precision of 63.18% and an Intersection over Union (IoU) of
41.69%, outperforming YOLOv5 which recorded 60.23% and 39.09%, respectively. This performance delta
can be theoretically attributed to the structural differences between the two networks. YOLOv8 utilizes an
anchor-free, decoupled head architecture, which inherently provides greater flexibility and sensitivity in
localizing small, irregularly shaped dental objects (such as early-stage caries) compared to the anchor-based
mechanism of YOLOv5 [8, 12]. This architectural shift minimizes the localization error typically caused by
mismatched anchor box priors in dense dental orientations [24]. These quantitative findings are visually
corroborated by the sample predictions in Figure 4, where YOLOv8 exhibits tighter bounding box alignments
and a closer resemblance to the ground truth annotations compared to its predecessor.

(a) (b) (c)

Figure 4. Sample image of test set prediction results using individual models: (a) Ground truth; (b) YOLOv5; (c) YOLOv8.

Table 3. Baseline performance of individual object detection models on the test set prior to post-processing.

Model Precision Recall F1-Score mAP@0.5 IoU

YOLOv5 60.23% 52.68% 56.21% 36.81% 39.09%

YOLOv8 63.18% 55.07% 58.84% 37.45% 41.69%

Despite the relative superiority of YOLOv8, the absolute mean Average Precision (mAP@0.5) for both
isolated models remained critically low, stagnating in the 36% to 37% range. This profound underperfor-
mance validates the initial hypothesis: raw single-stage detectors exhibit severe limitations when applied to
highly dense intraoral images due to the massive generation of redundant and overlapping bounding boxes.
Consequently, this severe degradation in localization accuracy necessitates the immediate implementation of
advanced bounding box suppression and spatial fusion techniques.

4.2. Impact of Post-Processing and the WBF Ensemble

To mitigate the redundancy observed in the baseline models, traditional Non-Maximum Suppression (NMS)
and Soft-NMS algorithms were applied, subsequently followed by the proposed WBF ensemble strategy. The
comparative outcomes of these methodologies are comprehensively detailed in Table 4.
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Table 4. Performance comparison of various post-processing techniques and the proposed WBF ensemble.

Model Technique Precision Recall F1-Score mAP@0.5 IoU

YOLOv5 NMS 64.47% 64.97% 63.07% 64.30% 90.37%

YOLOv5 Soft-NMS 64.15% 64.04% 62.49% 63.45% 90.42%

YOLOv8 NMS 65.75% 64.55% 63.58% 63.81% 90.01%

YOLOv8 Soft-NMS 65.25% 63.31% 62.72% 62.75% 90.23%

YOLOv5 + v8 WBF (Proposed) 66.47% 66.97% 64.95% 66.14% 90.83%

The application of binary NMS yielded a substantial improvement in localization capabilities. For instance,
the mAP of YOLOv5 increased from 36.81% to 64.30%, while its IoU experienced a remarkable increase to
90.37%. This drastic surge is primarily attributed to the raw baseline models generating an excessive number
of overlapping false-positive bounding boxes within highly dense dental regions. The implementation of
post-processing algorithms effectively purges this redundant noise, leaving only the most probable predictions
and thereby drastically elevating the overall precision metrics. Interestingly, the implementation of Soft-NMS
did not produce significant performance gains over standard NMS. This empirical observation suggests
that for closely clustered dental structures, the strict binary elimination approach of standard NMS remains
sufficiently optimal. Conversely, the Gaussian confidence decay mechanism inherent to Soft-NMS [16, 25, 26]
may inadvertently retain false positives in highly dense intraoral regions. This phenomenon aligns with
recent evaluations in dense object detection, where continuous score decay often struggles to definitively
separate heavily overlapping instances [14, 15].

Most importantly, the proposed multi-scale WBF ensemble consistently outperformed all standalone
models and traditional suppression techniques. By mathematically aggregating the spatial coordinates
from both YOLOv5 and YOLOv8 rather than destructively discarding overlapping predictions, the WBF
framework achieved the highest overall Precision (66.47%), mAP@0.5 (66.14%), and IoU (90.83%). This
approach effectively addresses the "consensus problem" in multi-model detection, where individual models
may capture different morphological aspects of the same lesion [21]. This empirical evidence validates that
leveraging the complementary feature hierarchies of distinct deep learning architectures through weighted
spatial fusion directly translates to superior clinical localization accuracy. The qualitative advantage of this
fusion mechanism is visually corroborated in Figure 5, which illustrates how the WBF algorithm generates
highly precise bounding boxes compared to the occasionally fragmented outputs of standard post-processing
methods.

4.3. Ablation Study

To further dissect the contribution of the WBF module, an ablation study was conducted focusing purely on
the progression from the best baseline architecture (YOLOv8) to the final proposed ensemble. As observed in
Table 5, transitioning from a raw YOLOv8 output to an NMS-filtered output primarily resolves the IoU deficit
(jumping from 41.69% to 90.01%). However, integrating YOLOv5 predictions via WBF pushes the mAP from
63.81% to an optimal 66.14%. This confirms that the WBF mechanism is not merely acting as a noise filter, but
actively synthesizing morphological intelligence from two distinct networks to refine boundary demarcations.
Such multi-architectural integration is increasingly recognized as a vital strategy for improving diagnostic
reliability in medical imaging, as it compensates for the inductive biases of single-network configurations
[27].

Table 5. Ablation study demonstrating the sequential performance gains of the proposed components.

Base Model Component Added Precision Recall mAP@0.5 IoU

YOLOv8 None (Baseline) 63.18% 55.07% 37.45% 41.69%
YOLOv8 + NMS 65.75% 64.55% 63.81% 90.01%
YOLOv8 + Soft-NMS 65.25% 63.31% 62.75% 90.23%

YOLOv5 + v8 + WBF (Proposed) 66.47% 66.97% 66.14% 90.83%
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(a) (b)

(c) (d) (e)

(f) (g) (h)

Figure 5. Comparison of performance between individual detection models, post-processing application, and ensemble
output on sample test images: (a) Ground truth; (b) WBF; (c) YOLOv5; (d) YOLOv5+NMS; (e) YOLOv5+Soft NMS; (f)
YOLOv8; (g) YOLOv8+NMS; (h) YOLOv8+Soft NMS.
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4.4. Statistical Significance Analysis

In medical imaging informatics, empirical gains must be validated against stochastic variance. To rigorously
verify the superiority of the proposed WBF ensemble, the non-parametric Wilcoxon Signed-Rank Test was
employed. The test evaluates paired performance differences without assuming a normal data distribution.
Let (xi, yi) represent paired metric observations from the baseline model and the WBF method across 10
randomized data subsets. The difference di = yi − xi is calculated, and the absolute values are ranked. The
Wilcoxon test statistic W is mathematically defined as:

W = min(W+,W−) (13)
where W+ is the sum of ranks for di > 0, and W− is the sum of ranks for di < 0.

Table 6. Wilcoxon Signed-Rank test results evaluating the statistical significance of the WBF ensemble against baselines
(α = 0.05).

Comparison Metric Baseline WBF Z-Value p-value

YOLOv5 vs. WBF mAP@0.5 36.81% 66.14% -2.67 0.0076
YOLOv8 vs. WBF mAP@0.5 37.45% 66.14% -2.52 0.0117
YOLOv5 vs. WBF IoU 39.09% 90.83% -2.80 0.0051
YOLOv8 vs. WBF IoU 41.69% 90.83% -2.73 0.0063

As presented in Table 6, the comparative analysis yields p-values strictly below the standard alpha
threshold of 0.05 for all evaluated metrics. This statistically guarantees that the massive improvements in
mAP and IoU achieved by the WBF ensemble are highly significant and consistent, rather than anomalies
caused by random dataset splitting.

4.5. Qualitative Analysis and Error Cases

Beyond numerical metrics, visual inspection of the inference outputs confirms the theoretical advantages of the
Weighted Boxes Fusion (WBF) algorithm. While traditional Non-Maximum Suppression (NMS) successfully
cleans up redundancies, it is prone to extreme aggression, occasionally predicting disjointed bounding boxes
for a single continuous cavity. In contrast, the spatial averaging mechanism of WBF produces tightly bound,
singular coordinates that closely mirror the anatomical ground truth, as evidenced previously in Figure 5.

However, the proposed architecture is not immune to failure. Qualitative analysis revealed isolated
instances of misclassification, particularly in distinguishing between severe caries and early-stage cavities on
the occlusal surface. Figure 6 illustrates a specific detection failure where the WBF ensemble misclassified a
caries lesion due to degraded image quality.

(a) (b)

Figure 6. Visualization of failure to detect caries localization on the model: (a) Ground truth; (b) WBF.

These localization and classification failures primarily occur in images suffering from profound illumination
degradation, blur, or extreme overlapping. This is consistent with findings that the high visual intra-class



JOURNAL OF INTELLIGENT COMPUTING AND HEALTH INFORMATICS 55

similarity between different stages of dental decay often leads to ambiguous feature representations in deep
learning models [28–31]. Such edge cases highlight the persistent technical challenge of deploying computer
vision models in unconstrained clinical environments. This observation is strongly corroborated by recent
literature in teledentistry, which affirms that inconsistent imaging conditions remain the primary bottlenecks
[1, 5]. Furthermore, the inherent complexity of dental anatomy, characterized by varying degrees of enamel
translucency and shadowing, often obscures the precise boundaries required for perfect IoU scores [32, 33].
Consequently, these findings underscore the necessity for robust qualitative evaluation alongside quantitative
metrics and dictate the need for advanced data augmentation protocols in future iterations.

5. Conclusion

This study aimed to develop a robust multi-scale ensemble learning framework to achieve highly precise
intraoral dental lesion localization, explicitly addressing the pervasive challenges of dense overlapping and
redundant predictions inherent in conventional object detection. By integrating the complementary feature
extraction hierarchies of YOLOv5 and YOLOv8 through a Weighted Boxes Fusion (WBF) mechanism, the
proposed approach successfully mitigated the destructive nature of traditional post-processing algorithms. The
empirical findings unequivocally demonstrate that the WBF ensemble significantly outperforms standalone
baselines and traditional suppression techniques such as Non-Maximum Suppression (NMS) and Soft-NMS.
Specifically, the integrated framework achieved an exceptional Intersection over Union (IoU) of 90.83% and a
mean Average Precision (mAP@0.5) of 66.14%. Furthermore, rigorous statistical analysis using the Wilcoxon
Signed-Rank Test confirmed the significance and consistency of these localization improvements.

Theoretically, this research establishes that confidence-weighted spatial aggregation effectively synthesizes
morphological intelligence from distinct network architectures. Clinically, the framework offers a highly
reliable, high-precision diagnostic tool capable of enhancing teledentistry applications and supporting dental
practitioners in accurate early-stage lesion identification.

Despite these notable advancements, this study acknowledges specific limitations. First, the dual-
architecture ensemble inherently demands higher computational resources and prolonged inference times
compared to single-stage models, potentially restricting its immediate deployment on low-power mobile
devices. Second, the clinical dataset exhibits a severe class imbalance, particularly regarding the underrepre-
sented ’Crack’ condition, and the detection accuracy remains sensitive to extreme illumination degradation
or severe motion blur.

To address these limitations, future research will focus on exploring network pruning and quantization
techniques to optimize the ensemble architecture and accelerate inference speeds for real-time edge computing.
Additionally, advanced data augmentation strategies, such as weighted random sampling, alongside the
exploration of cross-paradigm ensembles (for instance, integrating YOLOv8 with Faster R-CNN), will be
investigated to further resolve class imbalances and elevate overall diagnostic robustness.
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