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Abstract—ODbject detection models, such as the You Only
Look Once (YOLO) family, have been widely deployed in
agriculture, surveillance, and industrial inspection. However,
selecting an appropriate model remains challenging due to
trade-offs between precision, recall, and efficiency.
Conventional evaluation approaches often rely on a single
metric such as an Fl-score, which may obscure critical
domain-specific requirements. This study proposes a metrics-
based framework that integrates multiple evaluation
indicators into a unified composite index using Multi-Criteria
Decision-Making (MCDM) principles. Precision, recall, and
F1-score were normalized and weighted according to use-
case priorities across four experimental scenarios:
indoor/non-molted, indoor/molted, outdoor/non-molted, and
outdoor/molted. Composite scores and rankings were
computed under three operational contexts:
security/surveillance, real-time edge applications, and quality
inspection. Results show that Scenario 3 (outdoor/non-
molted) consistently achieved the highest composite
performance across all contexts, while Scenario 2
(indoor/molted) and Scenario 4 (outdoor/molted) varied in
ranking depending on use-case weights. Sensitivity analysis
further confirmed the robustness of Scenario 3 under shifting
recall weight assignments. Compared to single-metric
evaluation, the proposed framework offered finer-grained
differentiation, highlighting trade-offs that are critical for
real-world deployment. The findings demonstrate the value
of multi-metric integration for systematic model selection
and provide practical guidance for applying object detection
in diverse operational environments.

Keywords—You Only Look Once (YOLO), object detection,
model selection, multi-criteria decision-making, precision—
recall trade-off, automated object counting

I. INTRODUCTION

Object detection has become a critical technology in the
field of Information Technology (IT) and Artificial
Intelligence (Al), underpinning applications such as
intelligent surveillance, autonomous driving, industrial
automation, healthcare = monitoring, and  smart
agriculture [1-4]. The recent success of deep learning-
based architectures, particularly single-stage detectors
such as You Only Look Once (YOLO), has enabled real-
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time detection while maintaining competitive accuracy
compared to two-stage methods like Faster Region-based
Convolutional Neural Network (R-CNN) [5, 6].

However, selecting the most suitable object detection
model for a specific application remains a non-trivial
challenge. In practice, model selection is often dominated
by a single performance indicator, such as accuracy or
mean Average Precision (mAP) [7, 8]. This oversimplified
criterion overlooks critical trade-offs relevant to real-
world deployments. For example, recall may be prioritized
over precision in security applications to minimize missed
detections, whereas real-time embedded or edge
computing systems may emphasize low latency and
lightweight complexity over peak accuracy [9—12]. These
considerations indicate that relying on a single evaluation
metric is insufficient for guiding model selection in real-
world applications.

The motivation behind this study stems from the
increasing adoption of object detection models in safety-
critical and resource-constrained environments, where
inappropriate model selection may lead to performance
degradation, operational risks, or inefficient system
deployment. Despite the abundance of benchmarking
results in the literature, practitioners still lack a systematic
method to translate raw performance metrics into context-
aware decisions that reflect domain-specific priorities.
Therefore, a clear and structured problem emerges: how to
select the most appropriate object detection model when
multiple evaluation criteria must be considered
simultaneously, and when the importance of those criteria
varies across different application domains.

Although numerous studies compare object detection
models, there is still no structured and reproducible
framework that systematically integrates multiple
evaluation metrics, such as precision, recall,
F1-score, latency, and computational cost, into the model-
selection decision process [13, 14]. Existing benchmark
studies focus mainly on reporting metric scores, but rarely
support weighting metrics according to domain-specific
requirements or translating benchmarking results into
practical model-selection decisions [15, 16].
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Unlike conventional comparative evaluations that
primarily report or rank object detection models based on
isolated performance metrics, this study proposes a multi-
criteria decision-making framework that integrates
heterogeneous evaluation indicators through domain-
driven weighting. By transforming raw performance
metrics into a unified composite score, the proposed
framework supports systematic, interpretable, and context-
aware model selection for real-world deployment. Rather
than identifying the “best” model based solely on a single
accuracy-oriented indicator, the proposed framework
determines the most suitable object detection model
according to application-specific priorities, such as
precision-driven, recall-driven, or efficiency-driven
requirements. This shift moves the contribution of the
study beyond traditional benchmarking toward a practical
and reproducible decision-support mechanism aligned
with operational constraints.

The key contributions of this study are as follows:

A metrics-based model selection framework
integrating multiple quantitative criteria (e.g.,
precision, recall, Fl-score, latency, and computational
cost) into a unified decision mechanism.

A domain-adaptive weighting strategy using Analytic
Hierarchy Process (AHP), enabling practitioners to
prioritize performance indicators based on their
operational needs.

A normalized scoring function for decision-making,
allowing transparent, explainable, and reproducible
comparisons across object detection models.
Empirical validation on multiple object detection
architectures, demonstrating how the framework
supports practical and application-specific model
selection.

In summary, this study aims to bridge the gap between
raw benchmark results and actionable model-selection
decisions for real-world deployment. By providing an
interpretable and adaptable selection mechanism, the
proposed framework supports both practitioners and
researchers in aligning model choices with domain-
specific performance requirements. The remainder of this
paper is organized as follows: Section II reviews related
work; Section III presents the proposed methodology;
Section IV describes the experimental setup, reports the
results and discusses the key findings and limitations; and
Section V concludes the study.

II. LITERATURE REVIEW

A.  Evaluation of YOLO and Object Detection Models

The YOLO family of models (v1-v8) has gained
prominence due to its real-time detection capability,
lightweight  architecture, and scalability across
platforms [5, 17, 18]. Numerous works have compared
YOLO variants with other detectors such as Single Shot
MultiBox Detector (SSD), RetinaNet, and Faster
R-CNN [6, 19-22]. These comparisons often emphasize
accuracy and speed, but rarely provide a systematic
decision process. For example, Redmon et al. [5]
introduced YOLO as a unified detector capable of
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processing images at high speed, while subsequent
versions (YOLOv3—v8) progressively improved detection
accuracy, generalization, and computational
efficiency [17, 18, 23-26]. Although these studies
highlight performance gains, they often use mAP as the
central benchmark metric, leaving other important criteria,
such as recall for imbalanced datasets or latency for real-
time system, underexplored.

While the YOLO family of detectors has advanced
rapidly through versions v1 to v8, its design philosophy
remains centered on real-time performance through a
single-stage architecture. This makes YOLO highly
suitable for applications requiring low latency, although its
performance can decline when detecting small or heavily
occluded objects. SSD, another one-stage method,
improves scale sensitivity by leveraging multi-scale
feature maps, offering a favorable balance between speed
and accuracy on resource-constrained platforms.
However, its recall tends to decrease in cluttered or
imbalanced scenes, limiting its use in domains where
missed detections are critical. In contrast, Faster R-CNN
adopts a two-stage architecture that delivers superior
localization accuracy and robustness across complex
visual environments. Yet, this comes at the expense of
higher latency and computational cost, reducing its
feasibility in real-time or edge deployments.

Overall, these comparisons illustrate the inherent trade-
offs between speed, precision, recall, and resource
requirements. The diversity of strengths and limitations
across YOLO, SSD, and Faster R-CNN reinforces the
argument that no single detector is universally optimal.
This underscores the inadequacy of relying on a single
metric, such as mean Average Precision, and highlights the
need for a multi-metric, decision-oriented evaluation
framework to guide model selection in different
operational contexts.
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Fig. 1. Conceptual framework illustrating the trade-offs among YOLO,
SSD, and Faster R-CNN in terms of speed, accuracy, and computational
resource usage.

Fig. 1 conceptualizes the inherent trade-offs among
three widely used object detection models: YOLO, SSD,
and Faster R-CNN. The X-axis represents speed (frames
per second or inference latency), the Y-axis represents
accuracy (e.g., precision, recall, or mAP), and the bubble
size reflects computational resource usage (Graphics
Processing Unit (GPU)/Central Processing Unit
(CPU)/memory demand). YOLO emphasizes real-time
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inference through a single-stage pipeline, achieving high
speed with moderate-to-high accuracy and relatively low
resource requirements. SSD offers a balanced
compromise, making it suitable for embedded and mobile
devices with moderate accuracy and efficiency. In
contrast, Faster R-CNN delivers superior localization and
accuracy, but at the expense of significantly higher latency
and resource consumption. This framework highlights the
necessity of multi-criteria evaluation when selecting
models for different operational contexts.

These limitations highlight the necessity of a deeper
understanding of evaluation metrics to capture domain-
specific trade-offs, a topic elaborated in the following
section.

B. Metrics-Based Evaluation Approaches

Several metrics are widely adopted for evaluating object
detection models, including precision, recall, Fl-score,
and mean mAP [27-30]. Each captures a complementary
dimension of performance: precision reflects correctness
by minimizing false positives, recall measures
completeness by reducing false negatives, Fl-score
balances both aspects, and mAP provides an aggregated
measure of detection quality. Despite their widespread use,
relying on a single metric can obscure critical trade-offs.
For example, precision and recall often conflict in
imbalanced datasets, and mAP although dominant in
benchmarking, can mask disparities in error distribution
across classes [7, 8].

To address these limitations, several studies have
introduced multi-metric evaluation frameworks [31-34].
In medical imaging, recall is often prioritized due to the
severe implications of missed detections, whereas
industrial automation emphasizes latency and resource
efficiency to maintain throughput [10, 12, 35]. These
domain-specific approaches illustrate the importance of
context-aware evaluation, but remain fragmented, lacking
a generalized and adaptable methodology.

Overall, the limitations of single-metric evaluation and
the fragmented nature of domain-specific frameworks
highlight the need for a structured, multi-criteria
perspective. This motivates the integration of decision-
making methodologies capable of weighting and balancing
multiple metrics, which will be discussed in the following
section.

C. Multi-Criteria Decision-Making (MCDM) in Al

As highlighted in the previous section, the evaluation of
object detection models inherently involves multiple, and
often conflicting, criteria such as precision, recall, latency,
and resource utilization. Traditional single-metric
approaches fail to capture these trade-offs, underscoring
the need for a structured methodology that can balance
competing objectives.

In operations research and IT system design, Multi-
Criteria Decision-Making (MCDM) methods, such as
Weighted Scoring, AHP, and Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS), have
been extensively employed to support complex decision
problems [36—40]. These methods provide a systematic
process for assigning weights to criteria, aggregating
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diverse performance indicators, and deriving context-
sensitive recommendations. By explicitly modeling
stakeholder priorities, MCDM offers a flexible mechanism
for reconciling trade-offs that cannot be addressed by
single-metric benchmarks.

Despite their success in other domains, the integration
of MCDM techniques into object detection model
selection remains limited. Most studies continue to rely on
raw performance reporting without translating results into
structured decision support. This gap motivates the present
study, which combines empirical performance metrics
(precision, recall, Fl-score, latency, and resource cost)
with an MCDM-inspired framework. The proposed
approach aims to deliver adaptable, transparent, and
reproducible recommendations that align object detection
model selection with diverse IT/Al application
requirements.

III. MATERIALS AND METHODS

A. Research Objectives

This study aims to propose a metrics-based framework
for model selection in object detection systems, enabling
objective comparisons across accuracy, efficiency, and
resource-related criteria for practical deployment
scenarios.

1. To develop a metrics-based framework that integrates
multiple performance indicators for object detection
model selection.

To validate that the proposed framework can generate
use-case-aware recommendations under different
weighting schemes.

To compare the proposed framework with a single-
metric baseline (F1-score only) and demonstrate the
additional insights gained.

B.  Proposed Framework

We cast model selection as a multi-criteria decision
problem. Candidate configurations are evaluated across
scenarios and aggregated via normalized metrics with
explicit weights.

1)  Input metrics

The proposed framework is designed to accommodate
both accuracy-oriented and efficiency-oriented criteria.
However, the current experimental implementation is
restricted to three core metrics, Precision, Recall, and
F1-score, because these metrics vary across scenarios and
are sufficient to demonstrate the decision-making
mechanism. Latency and Resource Usage are treated as
extensible criteria at the conceptual framework level and
will be empirically incorporated in future work.
Accordingly, all composite scores and rankings reported in
this section are computed exclusively using Precision,
Recall, and F1-score.

2)  Normalization of metrics

Because evaluation metrics may operate on
heterogeneous scales (e.g., precision in [0, 1] and latency
in milliseconds), min—max normalization [36, 37] is
applied in general to ensure comparability across criteria:
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— _ Xm — min(Xm)
Xm = max(X,,,) — min(X,,)’

Xn €[01]

For lower-is-better metrics (e.g., latency, memory), we
use the inverse form:

x — min(Xq,)

fiat = ik (Xpa) — min(Xigo)

This prevents any single metric’s numeric range from
disproportionately influencing the composite score, where
Xn denotes the normalized value of performance metric m;
Xn represents the raw metric value for the corresponding
model; min(X,) and max(X,) are the minimum and
maximum observed values of metric m across all evaluated
models, respectively. For lower-is-better metrics, such as
latency and memory usage, the inverse normalization
formulation ensures that higher values of x, still
correspond to Dbetter performance after scaling,
maintaining consistency across all criteria.

In this study, the composite scores reported in
Section IV are computed exclusively from the normalized
values of Precision, Recall, and Fl-score. The inverse
normalization for latency and resource usage is presented
to illustrate how the framework can be extended for
deployment-oriented evaluations.

3) Weight assignment

Weights reflect use-case-specific priorities and satisfy
the normalization constraint

Zwm=1
m

For example, Security/Surveillance applications
emphasize Recall to minimize false negatives; real-time
edge systems prioritize Latency and Resource efficiency;
and industrial quality control focuses on Precision to
reduce false positives.

The weights can be predefined by domain experts or
systematically elicited using the Analytic Hierarchy
Process (AHP). In this study, AHP-based weighting was
applied with a Consistency Ratio (CR) < 0.10, indicating
acceptable judgment consistency [38, 39]. To ensure
reproducibility and transparency, the AHP weighting
procedure followed a standard four-step workflow. First, a
pairwise comparison matrix was constructed using Saaty’s
1-9 scale to represent the relative importance of each
performance metric, including Precision, Recall, F1-score,
Latency, and Resource Usage.

Judgement scores were provided independently by three
domain experts with experience in Al-based automation
and vision systems. Second, each element of the
comparison matrix was normalized by the sum of its
column, and the priority weight for each metric was
computed by averaging the normalized values along each
row. Third, a consistency check was performed using the
Consistency Index (CI) and Consistency Ratio (CR),
where CR < 0.10 was adopted as the acceptance threshold;
the CR obtained in this study was 0.047, confirming the
internal coherence of the expert judgements. Finally, the
resulting priority weights (w;, ..., ws) were applied to the
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normalized evaluation metrics during score aggregation.
These steps allow independent researchers to replicate or
update the weighting configuration using their own expert
groups or domain-specific priorities.

In this study, the weighting schemes are applied
exclusively to three performance metrics, Precision,
Recall, and F1-score, which are used to compute all
reported composite scores. The references to latency and
resource usage in the use-case descriptions are provided at
the conceptual level to illustrate how the framework can
be extended for deployment-oriented evaluations in future
work.

4)  Decision algorithm

The decision-making mechanism of the proposed
framework proceeds in three stages: (i) raw performance
metrics (e.g., precision, recall, and Fl-score, and when
applicable latency and resource usage) are normalized to
ensure comparability across heterogencous scales; (ii)
each normalized metric is weighted according to domain-
specific priorities using predefined weights or AHP-
derived expert judgements; and (iii) a composite score is
computed to generate an explicit ranking of candidate
models. The highest-ranked model therefore represents not
the model with the highest accuracy alone, but the model
that best satisfies the prioritized operational requirements
of the intended deployment context. This metric-to-score-
to-recommendation  process operationalizes model
selection and transforms benchmarking results into a
reproducible decision-support output. The framework
employs Weighted Scoring or AHP to aggregate
normalized metrics into a composite score,

SZZWmen» Zwmzl
m m

where S denotes the composite decision score of a
candidate model; m represents each performance metric;
wy 1s the assigned weight of metric m such that > w,, = 1;
and x, is the normalized value of metric m for the candidate
model. A higher value of S indicates a stronger overall
suitability for the intended deployment context.

Weighted Scoring is suitable when weights are
predefined, whereas AHP provides a structured process
when expert judgment is required. The algorithm outputs
aranked list of candidate models along with context-aware
recommendations. For example, lighter variants (e.g.,
YOLOVSs) may rank highest for real-time applications due
to low latency, whereas larger variants (e.g., YOLOvS5m or
YOLOV7) may be preferable for accuracy-critical tasks.
5)  Output

The final deliverable is a Model Recommendation
Report including: (i) ranked performance of candidate
models, (ii) trade-off visualizations (e.g., radar charts, bar
graphs), and (iii) domain-specific recommendations
tailored to application needs. This framework bridges raw
experimental metrics and actionable IT/AI deployment
decisions, improving transparency and reproducibility in
model selection.
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C. Experimental Setup

In this study, object detection is formulated at the
specimen level, where each detection target corresponds to
an individual biological specimen rather than an image-
level label. The target domain consists of post-larval
redclaw crayfish (Cherax quadricarinatus), which serve as
the object type of interest in this study. Each specimen
refers to a single post-larval crayfish instance appearing in
an image, regardless of its orientation, overlap, or partial
occlusion.

Each image may contain multiple specimens.
Specimens are derived from images through manual
object-level annotation, in which each post-larval crayfish
is assigned an independent bounding box. During
evaluation, each annotated bounding box is treated as a
separate  detection instance, and specimen-level
performance is obtained by aggregating detection results
across all images and trials.

The dataset consisted of 5000 images sampled from
multiple open-domain benchmarks, including PASCAL
VOC[16], MS COCO [22], and user-curated datasets [25].
Images were resized to 640x640 pixels and annotated with
bounding boxes. Data augmentation techniques such as
random horizontal flipping, scale jitter, and color jitter
were applied to improve model robustness [34]. To avoid
data leakage, a stratified split with no image overlap
between training, validation, and test sets was applied.

The corpus was partitioned into a 70/20/10 split for
training, validation, and testing, respectively. Each model,
YOLOvS [19], YOLOv7 [20], SSD [1], and Faster
R-CNN [6], was trained for 100 epochs with a batch size
of 16. Non-maximum suppression (NMS) thresholds were
fixed across all models (confidence threshold =0.25; NMS
Intersection over Union (IoU) = 0.50) to ensure a fair
comparison.

Evaluation metrics used for the composite-score
analysis in this study include Precision, Recall, and
F1-score. Mean Average Precision (mMAP@50 and mAP@
[0.50:0.95]) is reported as a supplementary accuracy
indicator. Inference latency and resource utilization—
specifically model parameters, Floating-Point Operations
(FLOPs), and peak GPU memory—are discussed at the
conceptual framework level to illustrate how the proposed
approach can be extended to deployment-oriented
evaluations. However, these factors are not incorporated
into the composite-score computation reported in this
study [14, 27].

D. Framework Generalizability

The proposed framework is model-agnostic and can
extend beyond the specific experiments on YOLO, SSD,
and Faster R-CNN [1, 2, 6], provided that candidate
models expose measurable performance indicators. Its
adaptability follows from integrating empirical metrics,
precision, recall, F1, and, when available, latency and
resource usage, with Multi-Criteria Decision-Making
(MCDM) methods [36—40]. In practice, the framework
requires (i) a metrics matrix over candidate models and
scenarios and (ii) either a predefined weight vector or an
expert-elicited pairwise matrix.
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Classical MCDM techniques such as TOPSIS,
ELECTRE, and PROMETHEE have been widely applied
to complex decision problems involving multiple,
potentially conflicting criteria [39, 40]. These approaches
offer structured rankings, but may call for richer
preference modeling (e.g., thresholds, outranking
relations, or detailed pairwise judgments) that is not
always convenient in Al evaluation pipelines.

In contrast, Weighted Scoring and the AHP [36, 37] are
well-suited here for two reasons. First, they are
computationally light and transparent, integrating
seamlessly with normalized performance metrics. Second,
they align with domain-expert input, allowing
practitioners to encode priorities directly (e.g., recall for
security, latency for edge computing) without elaborate
preference elicitation. When AHP is applied, standard
consistency checks (CR < 0.10) are enforced. Therefore,
while the framework could incorporate more advanced
MCDM schemes [38—40], the combination of Weighted
Scoring and AHP strikes a pragmatic balance between
rigor and usability, making the approach applicable to
diverse Al use cases, such as surveillance, industrial
inspection, and embedded/edge systems, where priorities
differ across recall-critical, precision-critical, and latency-
constrained deployments [8—11, 35].

IV. RESULTS AND DISCUSSION

A. Results

1)  Experimental setup

The proposed metrics-based framework was evaluated
using empirical data collected from repeated trials across
four experimental scenarios:

S1: Indoor—Non-molted
S2: Indoor—Molted

S3: Outdoor—Non-molted
S4: Outdoor—Molted

Each scenario was executed over multiple trials to
reduce variability and ensure statistical reliability. For
each trial, Precision, Recall, and F1-score were computed,
and mean values were reported. Since inference latency
and resource usage remained constant across all trials—
owing to identical hardware specifications and model
configurations—these factors were not included in the
comparative analysis presented in this section.
Accordingly, the raw performance metrics are reported in
Table I, while the composite scores and rankings presented
in Tables II and III are computed using Precision, Recall,
and Fl-score only. Analysis of Variance (ANOVA) was
conducted to examine whether statistically significant
differences existed among the performance metrics across
different experimental scenarios.

2)  Raw metrics

Table I presents the averaged raw performance metrics
across all experimental scenarios, while Fig. 2 provides a
visual comparison of Precision, Recall, and F1-score to
highlight performance variations. Each scenario was
evaluated over 15 trials, with 150 specimens per trial,
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resulting in 2250 instances per scenario and a total of 9000
samples across all scenarios.

TABLE I. AVERAGED RAW METRICS (PRECISION, RECALL, AND F1-

SCORE)
Scenario Precision Recall F1-score
(=SD) (=SD) (SD)
S1: Indoor + Non-molted 0.93+0.02 0.85+0.03 0.83+0.03
S2: Indoor + Molted 0.94+0.02 0.93+0.02  0.93+0.02
S3: Outdoor + Non-molted  0.97+0.01 0.94+0.01  0.95+0.02
S4: Outdoor + Molted 0.98+0.01 0.88+0.02  0.93+0.02

Note: Values are averaged across four experimental scenarios. Each
value represents the mean of 15 trials with 150 specimens per trial
(2250 samples per scenario).

The results indicate notable differences among the four
scenarios. Scenario 3 (S3: Outdoor + Non-molted)
achieved the strongest overall performance, with a
Precision of 0.97, Recall of 0.94, and an F1-score of 0.95.
This outcome reflects the model’s balanced ability to
accurately identify and consistently detect specimens
under outdoor conditions without molting. Scenario 4 (S4:
Outdoor + Molted) obtained the highest Precision (0.98),
but its Recall decreased to 0.88, yielding an Fl-score of
0.93. This trade-off suggests that while false positives
were minimized, some true instances were missed, most
likely due to the lighter body coloration of molted
individuals under varying outdoor lighting conditions.

These variations highlight that raw performance
differences across scenarios are not arbitrary, but are
driven by environmental and biological characteristics.
The superior performance in S3 suggests that consistent
outdoor illumination and non-molted surface texture
improve the distinctiveness of morphological patterns for
the detector. In contrast, the performance drop in S4
indicates that molted individuals exhibit reduced contrast
and higher reflectivity under sunlight, making boundary
and shape cues less distinguishable. This finding implies
that object detection systems deployed in crustacean
aquaculture or biological monitoring must account for
molting cycles and lighting variations as influential factors
in recognition reliability.

While these results provide valuable insights into the
accuracy-oriented performance of the detection system,
real-world deployment requires consideration beyond
Precision, Recall, and Fl-score alone. Latency and
computational efficiency are also critical factors in
determining the practicality of object detection models,
especially for real-time and resource-constrained
environments. Although the present experimental
evaluation focused primarily on Precision, Recall, and
Fl-score, the proposed framework is designed to
incorporate latency (ms per frame) and computational cost
(model parameters, FLOPs, and peak GPU memory
consumption) as additional metrics when required. These
metrics are treated as lower-is-better indicators during
normalization, ensuring fair aggregation into the unified
decision score. Integrating these efficiency-based criteria
enables the framework to support model selection, not only
for accuracy-driven tasks, but also for deployment
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scenarios where runtime and hardware constraints are
dominant considerations.

Scenario 2 (S2: Indoor + Molted) produced stable and
well-balanced results (Precision = 0.94, Recall = 0.93,
Fl-score = 0.93), whereas Scenario 1 (S1: Indoor + Non-
molted) exhibited the lowest performance across all
metrics (Precision = 0.93, Recall = 0.85, F1-score = 0.83).
The reduced Recall in S1 points to frequent missed
detections, and the lower F1-score highlights the challenge
of accurate recognition in indoor environments where
visual contrast is limited.

Overall, these findings emphasize that both
environmental conditions and specimen characteristics
significantly influence model performance. Outdoor
settings, particularly with non-molted individuals, enhance
recognition accuracy and completeness, while indoor
conditions and molting introduce detection challenges.
These performance differences are visually summarized in
Fig. 2, which compares Precision, Recall, and F1-score
across the four experimental scenarios.

s2 s3 54
Indoor+Molted outdoor-+Non-molted outdoor+Molted
Scenario

B Recall BN Fl-score

s1
Indoor+Non-molted

B Precision

Fig. 2. Precision, Recall, and F1-score across four scenarios (S1-S4).

Each bar represents the mean value computed from 15
trials, with 150 specimens per trial (2250 specimens per
scenario). Error bars denote the Standard Deviation (SD),
illustrating variability across trials. The results indicate
that Scenario 3 (Outdoor + Non-molted) consistently
achieved the highest balanced performance, whereas
Scenario 1 (Indoor + Non-molted) exhibited the lowest
Recall and overall Fl-score. Scenario 4 (Outdoor +
Molted) achieved the highest Precision but showed
reduced Recall, reflecting the trade-off introduced by
molting under outdoor conditions.

3)  Normalization and weighted scoring

To facilitate multi-criteria integration, all evaluation
metrics were normalized to a common range of [0, 1] using
min—-max normalization. This step ensured comparability
across Precision, Recall, and F1-score regardless of their
original scales.

After normalization, a composite performance index
was computed using a weighted aggregation scheme:

M
[Score = Z Wi * Xm]
m=1

where X, denotes the normalized value of metric M, and
w,, represents the weight assigned to metric M under a
given use case. The weights were determined based on
application-specific priorities, reflecting the varying
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importance of Precision, Recall, and F1-score in different
operational contexts. Specifically:

Security/Surveillance: Recall (0.50), Fl-score (0.30),
and Precision (0.20) emphasize the minimization of
missed detections.

Real-time Edge Applications: F1-score (0.50), Recall
(0.25), Precision (0.25) balance detection accuracy
with responsiveness.

Quality Inspection: Precision (0.50), F1-score (0.30),
Recall (0.20) prioritize accurate classification while
reducing false positives.

This normalization and weighted scoring scheme
provides a unified performance index tailored to different
deployment scenarios, enabling fairer comparisons and
more practical decision-making [36, 37].

4) Composite scores and rankings

a) Scenario-based composite scores and rankings

Table II presents the composite scores of all scenarios
under different use-case weightings, while Table III
reports the corresponding rankings (1 = best). These
results provide a holistic assessment of model performance
by integrating normalized Precision, Recall, and F1-score
into a single comparative index.

TABLE II. COMPOSITE SCORES PER USE CASE (NORMALIZED)

. . Real-time Quali Baseline
Scenario  Security Edge Inspecttiin (F1-only)
S1 0.00 0.00 0.00 0.00
S2 0.73 0.69 0.53 0.83
S3 0.96 0.95 0.90 1.00
S4 0.62 0.75 0.82 0.83

Note: values are normalized using min—max normalization across
scenarios; therefore, the lowest-performing scenario is assigned a
value of 0.00.

TABLE III. RANKING OF MODELS (1 = BEST)

Scenario  Security Real-time Quality Baseline
Edge Inspection  (Fl1-only)

S1 4 4 4 2

S2 2 3 3 2

S3 1 1 1 1

S4 3 ) 2 2

The findings indicate that Scenario 3 (S3: Outdoor +
Non-molted) maintained the top position across all use
cases due to its well-balanced Precision and Recall.
Scenario 4 (S4: Outdoor + Molted) improved to second
place in the Quality Inspection use case, primarily because
of its superior Precision, which aligns with the operational
requirement to minimize false positives. In contrast,
Scenario 2 (S2: Indoor + Molted) achieved the second rank
in the Security/Surveillance use case, reflecting its
stronger Recall compared to S4—a critical factor for
reducing missed detections. Conversely, Scenario 1 (S1:
Indoor + Non-molted) consistently occupied the lowest
rank across all evaluated use cases.

These performance trade-offs and relative strengths
among scenarios are further illustrated in Fig. 3, which
presents a radar chart comparing Precision, Recall, and
F1-score across scenarios S1-S4. As shown in the figure,
Scenario 3 (S3) demonstrates the most balanced and
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consistently strong performance across all metrics.
Scenario 4 (S4) emphasizes Precision at the expense of
Recall, while Scenario 2 (S2) exhibits stable and
moderately consistent outcomes. Scenario 1 (S1)
underperforms across most dimensions, consistent with
earlier findings reported in the literature [14, 28].

=51 (Indoor + Non-molted)
=== 52 (Indoor + Molted)

= S3 (Outdoor + Non-molted)
—— S4 (Outdoor + Molted)

Recall

Precision

Fig. 3. Radar chart comparing Precision, Recall, and Fl-score across
scenarios (S1-S4), illustrating the relative performance distributions for
each scenario.

To further examine the overall performance patterns
across scenarios and use cases, Fig. 4 presents a heatmap
of composite scores, providing an aggregated view of
multi-criteria evaluation results. As illustrated in the
figure, Scenario 3 (S3) consistently falls within the highest
performance range across all evaluated contexts, followed
by Scenario 2 (S2) and Scenario 4 (S4) depending on the
specific use case. In contrast, Scenario 1 (S1) remains the
weakest performer in all cases. Such heatmap-based
visualizations are widely adopted in multi-criteria
performance assessment to support comparative analysis
and decision-making [36, 37].

0.9

Recall Fl-score Resource

Precision

Latency

Fig. 4. Heatmap of composite scores across scenarios and use cases.

To ensure the robustness of these observations, a one-
way ANOVA followed by pairwise t-tests was conducted.
The results confirmed that the performance differences
among S2, S3, and S4 were statistically significant (p <
0.05), indicating that the superior performance of S3 was
not attributable to random variation [36, 37]. Overall, these
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findings demonstrate that the proposed weighted scoring
framework effectively differentiates performance trade-
offs across use cases, while consistently validating S3 as
the most robust and versatile scenario.

b) Model-level composite scores under different use-
case weightings

To clearly demonstrate the model-selection outcome of
the proposed framework, Table IV summarizes the
recommended  object  detection models  under
representative use-case-specific weighting schemes.

TABLE IV. MODEL RECOMMENDATIONS DERIVED FROM COMPOSITE
SCORES UNDER DIFFERENT USE-CASE WEIGHTINGS

Recommended .

Use Case Model Key Rationale
Security (Recall- YOLOV7 Highest recgll-orlented
focused) composite score

. Best balance across
Real-time Edge YOLOv7 precision, recall, and F1-

(Balanced)
score

Highest precision-oriented
composite score

Quality Inspection

(Precision-focused) Faster R-CNN

Note: Model recommendations are derived from composite scores
computed from Precision, Recall, and F1-score.

5)  Sensitivity analysis

To further assess the robustness of the proposed
framework, a sensitivity analysis was conducted by
varying the Recall weight in the Security/Surveillance use
case from 0.20 to 0.70. The remaining proportion of the
weight was redistributed between Precision and F1-score
to ensure that the total weighting remained normalized to
one. This analysis was designed to capture the effect of
shifting operational priorities, particularly the emphasis on
minimizing missed detections.

1.0

L
©

P —e— S1: Indoor + Not-molted
~@~ 52: Indoor + Molted
=@~ S3: Outdoor + Not-molted
=@— S4: Outdoor + Molted

o
o

Composite Score

0.3 0.4 0.5

Recall Weight

Fig. 5. Sensitivity analysis of composite scores in the
security/surveillance use case under varying Recall weights (0.20-0.70).

As shown in Fig. 5, Scenario 3 (S3: Outdoor + Non-
molted) consistently maintained the highest composite
score across the entire range of Recall weights, thereby
confirming its stability and robustness. In contrast, the
relative positions of Scenario 2 (S2: Indoor + Molted) and
Scenario 4 (S4: Outdoor + Molted) fluctuated depending
on the Recall weight assigned. Specifically, S2 tended to
gain an advantage under higher Recall weighting, while S4
performed better when Precision carried relatively more
influence. These variations demonstrate that the proposed
framework dynamically adapts to changes in use-case
requirements while preserving the overall superiority of
S3.
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Scenario 3 (Outdoor + Non-molted) consistently
achieved the highest composite score across all weighting
configurations, demonstrating strong robustness to
changes in Recall emphasis. In contrast, the relative
rankings of Scenario 2 (Indoor + Molted) and Scenario 4
(Outdoor + Molted) shifted as the Recall weight increased,
reflecting inherent trade-offs between Recall and other
performance criteria.

6) Discussion of objectives

The findings of this study can be directly mapped to the
three stated research objectives, as discussed below.

Objective 1: Development of a Framework. The study
successfully established a generalizable metrics-based
framework that integrates multi-dimensional performance
indicators through a weighted decision-making process.
By incorporating Precision, Recall, and F1-score into a
unified composite index, the framework enables
systematic and context-independent evaluation across
diverse application domains.

Objective 2: Validation of Capability. The framework
demonstrated empirical adaptability by producing context-
specific recommendations, for instance, Scenario 2
(Indoor + Molted) was prioritized in the
Security/Surveillance use case due to its higher Recall,
whereas Scenario 4 (Outdoor + Molted) was more suitable
for Quality Inspection because of its superior Precision.
These outcomes confirm that the framework dynamically
adjusts to operational priorities while maintaining
robustness across scenarios.

Objective 3: Comparison with the Baseline. When
compared with the single-metric baseline that relied solely
on the Fl-score, the proposed framework provided
statistically validated differentiation, particularly between
Scenarios 2 and 4. While the baseline approach ranked
them similarly, the multi-criteria framework highlighted
distinct trade-offs that are critical for decision support.
This underscores the framework’s added value in offering
deeper insights beyond traditional single-metric
evaluation.

B. Discussion

The results of this study provide new insights into the
limitations of single-metric model selection and highlight
the advantages of a multi-metricc, MCDM-based
framework for object detection model evaluation, unlike
conventional approaches that prioritize accuracy or
mAP [14, 15], In this study, the proposed framework
evaluates multiple indicators, such as precision, recall, and
Fl-score, to expose trade-offs that may be obscured in
single-dimensional assessments. The framework is
extensible and can incorporate efficiency-related metrics
for deployment-oriented evaluations.

A deeper examination of the precision-recall dynamic
across the four scenarios clarifies the model’s suitability
for deployment. The divergence in S4, where precision
was highest while recall dropped, indicates that the
detector becomes conservative under visual ambiguity,
which is likely due to confidence-based suppression of
uncertain predictions. This behavior reduces false
positives, but increases missed detections, which is
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undesirable in safety-critical environments, such as
hatchery monitoring and automated inspection.
Conversely, the strong and balanced performance of S3
shows that consistent illumination enhances textural
contrast and improves feature discrimination, making S3
more robust for general-purpose deployment. These
findings reinforce the need for object detection evaluation
to account not only for raw metric values, but also for the
operational risks introduced by shifts in the precision—
recall balance, particularly for visually dynamic biological
specimens.

1)  Precision—recall trade-offs deployment

contexts

across

A comparative analysis shows that each model occupies
a distinct equilibrium in the precision—recall trade-off
space. S2 is optimized for recall, which aligns with high-
risk domains, such as medical diagnosis where missed
detections pose serious consequences [41]. In contrast, S4
yields the highest precision, reflecting the requirements of
industrial inspection systems that must minimize false
alarms to ensure operational reliability [42]. Meanwhile,
S3 demonstrates balanced performance across both
precision and recall, consistent with the principle in multi-
criteria decision-making that no model is universally
optimal across all contexts and that the most suitable
choice depends on application-specific priorities [39, 43].
These findings therefore reinforce that the “best” model is
determined by the deployment setting rather than by any
isolated performance metric.

2)  Multi-Criteria
integration

Decision-Making (MCDM)

The ranking differences across scenarios illustrate the
effectiveness of MCDM techniques such as Weighted
Scoring and AHP [36, 37], enabling practitioner-
controlled prioritization of precision, recall, latency, and
resource cost. By combining decision science with
computer vision, the framework transforms performance
evaluation into structured decision support rather than raw
benchmarking [43—46].

3) Implications for real-time and edge Al

Although latency and resource usage were not
empirically measured in this experiment, their inclusion is
important for model deployment under hardware
constraints. Prior studies in edge Al and IoT show that
lighter architectures and optimization techniques such as
quantization and pruning [47, 48], as well as models like
MobileNetV2 [49], can substantially reduce inference
cost. Integrating such metrics into the proposed framework
would enable recommendations based not only on
accuracy, but also on latency and hardware feasibility,
which are crucial for applications such as autonomous
driving and industrial IoT [50-53].

4)  Explainability, transparency, and trust

While explainability was not the primary target of this
work, visualizations such as radar charts and sensitivity
graphs clarify the rationale behind model rankings. This
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aligns with trends in Explainable Al (XAI) [54, 55] toward
transparency in high-stakes Al adoption [56, 57], enabling
domain experts without ML expertise to participate
confidently in model-selection decisions [58].

C. Limitations and Future Work

Despite its contributions, the proposed framework has
several limitations. First, the experimental scope included
only four object detection models (YOLOVS, YOLOV7,
SSD, and Faster R-CNN), excluding other widely adopted
detectors such as RetinaNet and MobileNet-based
SSD [1, 22]. Second, latency and computational efficiency
were not empirically evaluated, leaving the suitability of
the framework for embedded and edge-Al deployments
unvalidated [9, 11]. Third, the weighting mechanism relied
primarily on expert judgment, which is practical, but static
and does not dynamically adapt to changing deployment
conditions.

Future research could extend the framework in two
complementary  directions. From an application
perspective, tailoring the weighting strategy to sector-
specific requirements, such as precision-critical industrial
inspection [42] or recall-critical medical diagnostics [41],
which would enable more domain-aware decision support.
From a methodological perspective, incorporating
adaptive weighting mechanisms via reinforcement
learning, Bayesian optimization, or multi-armed bandit
algorithms may allow the framework to adjust criteria
priorities in response to evolving environmental or
operational constraints, transforming it into a self-
adapting, intelligent decision-support system [59, 60].

Furthermore, the framework is inherently model-
agnostic and can be scaled to emerging architectures.
Extending the evaluation to YOLOvS [21], YOLOVY, and
transformer-based models such as DETR [61] and
DINO [62] would broaden generalizability and
demonstrate the ability of the decision mechanism to
accommodate both single-stage and attention-based
paradigms. Such expansion would also provide empirical
insight into how innovations in speed, precision, and
feature representation influence decision outcomes across
real-world contexts.

Finally, it is important to emphasize that the
contribution of this study lies not in comparing object
detection models per se, but in operationalizing model
selection as a multi-criteria decision-making process.
Rather than determining which model achieves the highest
accuracy, the proposed framework identifies the model
that is most suitable for a given deployment scenario based
on prioritized performance requirements. This distinction
represents the conceptual novelty of the work and provides
practical value for real-world Al deployment.

Future work will empirically measure inference latency
(batch size = 1) and resource usage, including the number
of parameters, FLOPs, and peak GPU memory
consumption, under standardized hardware settings. These
efficiency-oriented metrics will then be incorporated into
the composite score to support real-time and resource-
constrained deployments.
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V. CONCLUSION

These insights highlight the practical significance of the
proposed framework for real-world deployment, providing
actionable guidance for model selection beyond traditional
performance benchmarking. This study set out to address
the critical limitations in conventional model selection for
object detection, where evaluations are often narrowly
determined by a single indicator such as mean mAP.
Returning to the problem framed in the introduction, the
research demonstrated that this reductionist approach fails
to capture the multidimensional trade-offs inherent in
deploying models across diverse operational contexts. By
proposing a Metrics-Based Framework that integrates
multiple performance criteria and decision-making
techniques, this work contributes to the development of a
more comprehensive, transparent, and context-sensitive
paradigm for model evaluation.

The contributions of this study can be articulated along
two interrelated dimensions.

Theoretical Contribution: This work bridges the
domains of computer vision and multi-criteria
decision-making (MCDM), showing how weighted
scoring, AHP, and related methods can systematically
reconcile trade-offs among precision, recall, latency,
and resource usage. While prior studies have focused
predominantly on accuracy benchmarks, the present
framework underscores that no single model is
universally optimal. Instead, model suitability is
conditional upon domain-specific requirements and
stakeholder priorities. The conceptual integration
advanced here introduces a new lens for the field,
highlighting how decision science can enrich the
theoretical —understanding of object detection
evaluation.

Practical Contribution: On the applied side, the
framework translates complex performance data into
actionable insights that practitioners in security,
healthcare, transportation, and manufacturing can use
directly. By presenting composite scores, radar charts,
heatmaps, and the use of case—specific rankings, the
framework enables stakeholders to identify not just
which model performs “best” in aggregate, but which
model is most appropriate for their operational needs.
This is particularly valuable in real-world
deployments, where trade-offs between recall and
latency or between precision and computational cost
can have significant consequences for safety,
efficiency, or cost-effectiveness.

Beyond these contributions, the study offers important
implications for future research and practice. First, it
demonstrates ~ that  systematic,  decision-oriented
frameworks can democratize model selection, supporting
both experts and non-experts in making informed
deployment choices. Second, it provides a foundation for
extending evaluation pipelines toward adaptive and risk-
aware decision support, where reinforcement learning,
Bayesian optimization, or other adaptive weighting
mechanisms are able to dynamically adjust priorities based
on changing environments or data distributions. Third, it
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invites dialogue between the computer vision and
operations research communities, suggesting that
interdisciplinary collaboration can produce tools that are
both methodologically rigorous and practically relevant.

Overall, the findings reaffirm the central thesis of this
research: that effective object detection requires not only
ongoing advances in model architecture, but also
structured evaluation frameworks that translate technical
results into context-aware recommendations. By closing
this circle, the study underscores the value of linking
theoretical innovation with practical utility, paving the
way for future work on adaptive, domain-specific, and
risk-sensitive decision support systems in computer vision.

Although the current evaluation focused on four
representative detectors, the framework is model-agnostic
and can be extended to newer architectures as long as
measurable metrics are available. This generalizability
opens opportunities to evaluate emerging paradigms such
as the YOLOvVS series for edge Al and DETR-based
transformer  architectures  for  complex  scene
understanding. Future work will prioritize incorporating
these architectures to further verify the scalability and
long-term relevance of the framework, and will also
integrate empirical latency and computational cost
measurements to enhance its practicality for deployment
in real-time and edge-Al environments.
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