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Abstract. Object detection systems are increasingly used in long-duration
surveillance applications. Continuous video streaming brings about ad-
ditional technical issues with respect to conventional, image-based ap-
proaches. Frame-level metrics such as mean Average Precision (mAP)
and Intersection over Union (IoU) often fail to characterize temporal
consistency across extended recordings, where fragmented detections and
unstable activation patterns may affect reliability.
The paper presents a consensus-based temporal evaluation framework,
which drives the detector behavior through temporal activity patterns
instead of isolated frame predictions. The approach constrcuts a tem-
poral consensus representation by combining detector activity signals
and by extracting shared temporal segments. Building upon this repre-
sentation, we introduce a Binary Temporal Quality Score (BTQS) that
integrates temporal overlap, spatial agreement, boundary stability, and
computational efficiency. The framework is designed to capture those
temporal characteristics that might elude conventional, frame-wise eval-
uation methods.
Experiments involving YOLO11, Faster R-CNN, RT-DETR, and Reti-
naNet show that the proposed framework provides a more informa-
tive characterization of detector behavior than conventional evaluation
strategies.

Keywords: Object Detection · Video Analytics · Temporal-Spatial Eval-
uation · Consensus-Based Assessment · Deep Learning

1 Introduction

Modern surveillance systems generate massive amounts of video data continu-
ously, and therefore bring about substantial challenges for manual inspection and
forensic analysis. Human operators cannot efficiently inspect hours of recordings
acquired from public spaces, transportation infrastructures, industrial environ-
ments, or security systems. Consequently, automatic object detection has become
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a basic component for extracting relevant information from long video streams
and alleviating the burden associated with manual monitoring.

Recent advances in deep learning significantly improved object detection per-
formances. One-stage detectors such as YOLO prioritize real-time performance
and computational efficiency by directly predicting object locations and cate-
gories in a single forward pass [9]. Two-stage approaches such as Faster R-CNN
separate the generation and classification stages, thus improving localization ac-
curacy [4]. Recent transformer-based architectures (e.g., RT-DETR) apply global
attention mechanisms, which can model long-range dependencies and reduce
heuristic design assumptions [30]. RetinaNet addresses class-imbalance problems
by means of focal loss formulations [21]. These approaches yield remarkable per-
formances on standard image benchmarks such as COCO [32]; in those cases,
detector quality is typically evaluated using metrics that include mean Average
Precision (mAP) and spatial Intersection over Union (IoU).

Despite their widespread adoption, image-based metrics exhibit significant
drawbacks when deploying detectors in long-duration surveillance scenarios. In
practical applications, the objective is not only identifying objects in isolated
frames but also ensuring stable temporal behavior throughout continuous video
streams. Small variations in confidence scores may generate fragmented detec-
tions, temporal instability, or inconsistent activation patterns across adjacent
frames. Consequently, two models exhibiting similar frame-level performance
may exhibit substantial discrepancies when operating on long video sequences.

Several works have highlighted the importance of temporal consistency in
video analysis and object detection applications, where temporal aggregation and
contextual information can improve robustness across consecutive frames [27].
Most evaluation methodologies strongly depend on frame-wise measurements,
and often require manually annotated temporal ground truth.

Constructing precise temporal annotations for long surveillance videos is ex-
pensive and time-consuming. Moreover, temporal boundaries frequently intro-
duce ambiguity and subjectivity, especially in forensic applications involving
complex scenes and extended recording durations. Datasets such as UCF-Crime
provide temporal annotations for anomalous events [38]; however, they were orig-
inally designed for anomaly recognition rather than systematic detector bench-
marking.

To address these limitations, the paper introduces a consensus-based tem-
poral evaluation framework, which characterizes the object-detector’s behavior
through temporal activity patterns rather than isolated frame-level detections.
Instead of independently evaluating predictions, each detector generates a tem-
poral activation signal indicating the presence of relevant objects over time.
These activity signals integrate into a consensus strategy to generate reference
temporal segments representing regions of agreement among multiple detectors.

Based on this representation, we introduce the Binary Temporal Quality
Score (BTQS), a metric designed to jointly evaluate temporal agreement, detec-
tion consistency, localization stability, and computational efficiency. The frame-
work integrates segment-level temporal Intersection over Union (tIoU), precision-
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recall behavior, temporal boundary jitter penalties, spatial overlap consistency,
and computational cost. Unlike traditional frame-based evaluation strategies,
the approach explicitly captures properties that become particularly relevant in
long-duration video analysis systems.

The method experimental evaluation included a spectrum of heterogeneous
detection architectures: YOLO11, Faster R-CNN, RT-DETR, and RetinaNet.
These models span distinct design paradigms, including one-stage, two-stage,
and transformer-based approaches, enabling a broad comparison of temporal
behaviors under realistic surveillance conditions.

In the following, Section 2 analyze the major features points of the presented
research, in terms of methodology and performance evaluation, with respect to
the existing literature. The actual framework is presented in Section 3, whereas
Section 4 analyzes the basic features of the framework in an empirical context.
Section 5 illustrates the experimental evaluation of the overall method. Sections
6 and 7 summarize the main features of the presented research, by considering
the current limitations and discussing extensions and current lines of research.

2 Design Aspects

Object detection architectures and their evaluation frameworks constitute the
two pillars underpinning this work. Section 2.1 surveys the principal architec-
tural paradigms; Section 2.2 reviews benchmarking methodologies and their lim-
itations.

2.1 Object Detection Architectures

Deep-learning-based object detectors can be broadly grouped into four families.
Two-stage approaches, originating from R-CNN [1] and progressively refined
through Fast R-CNN [3] and Faster R-CNN [4], separate region proposal and
classification to improve localization accuracy. Subsequent developments, includ-
ing R-FCN [5], Cascade R-CNN [6], Mask R-CNN [7], and DetectoRS [8], further
improved localization precision and multi-scale representation.

One-stage detectors perform detection in a single forward pass. Representa-
tive examples include the YOLO family [9–11, 13–16], SSD and MobileNet-based
variants [17–19], EfficientDet [20], and RetinaNet [21], the latter leveraging Fo-
cal Loss and Feature Pyramid Networks [12] to address class imbalance and
multi-scale detection.

Anchor-free methods, such as CornerNet [22], CenterNet [23], and FCOS
[24], eliminate predefined anchor configurations by reformulating detection as
keypoint- or pixel-based regression. More recently, transformer-based architec-
tures, including DETR [25], Deformable DETR [26], DINO [28] with Swin-L [29],
and RT-DETR [30], introduced global attention mechanisms for object detection.
Lightweight variants, including Tiny-YOLO [13], DSOD [31], and EfficientDet-
Lite [20], further target resource-constrained deployment scenarios.
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2.2 Benchmarking and Comparative Evaluation

Standardized benchmarks provide the reference evaluation protocol for detec-
tion research. PASCAL VOC [2] established mAP@0.5 as the early standard;
MS COCO [32] raised the bar with 80 categories and a stricter mAP@[0.5:0.95]
criterion that penalizes imprecise localizations. Domain-specific benchmarks ex-
tend coverage to specialized challenges: VisDrone [33] targets UAV imagery with
objects approximately 14× smaller than COCO counterparts, while WiderPer-
son [34] addresses dense pedestrian scenarios with explicit occlusion annotations.

Systematic comparative surveys — Zou et al. [35], Liu et al. [36], and Zhao
et al. [37] — have established consistent empirical patterns: two-stage detectors
dominate high-IoU accuracy, YOLO-family models lead in real-time through-
put, and transformer-based architectures scale more favorably with model size
and data. However, cross-paper comparisons remain problematic due to hetero-
geneous hardware configurations and measurement protocols, making within-
study controlled evaluations essential [35]. Furthermore, scalar aggregate met-
rics such as mAP obscure per-category, per-scale, and per-occlusion performance
variation. As discussed by Padilla et al. [39], existing evaluation metrics primar-
ily focus on spatial localization accuracy and classification performance, while
providing limited insight into temporal consistency over long video sequences.
The present work addresses this gap through the Binary Temporal Quality
Score (BTQS), a consensus-based, model-agnostic framework enabling princi-
pled multi-model comparisons across heterogeneous detection scenarios.

3 Methodology

The framework aims to evaluate the temporal reliability of object detection mod-
els in long-duration video analysis scenarios, with a focus on forensic, security,
and video surveillance applications. In those contexts, detection accuracy perse
might be a poor measure of the practical quality of a model, since temporal
consistency, stable event localization, and reliable performances over extended
video sequences are of paramount importance.

The framework combines multiple object detection models, and analyzes their
temporal behaviors by comparing their outputs at the video level. Each detec-
tor independently processes the input video and generates a dedicated analysis
report containing temporal detection information. The comparison stage only
proceeds after all analyses are completed, allowing the framework to evaluate
the consistency of model behavior without interfering with the inference process
itself.

For each frame t, a detector is considered ’active’ whenever at least one
object of interest has been detected. This allows to associate each detector with a
binary temporal-activity signal, describing the presence or absence of detections
over time. These individual activity signals subsequently aggregate to generate
a consensus signal, driving the overall temporal decision of the ensemble.

The consensus signal then identifies temporal detection segments, corre-
sponding to contiguous intervals in which the consensus remains active. The
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resulting representation upgrades the analysis from isolated frame-level detec-
tions to higher-level temporal events. This allows to evaluate the consistency of
different models at identifying the same temporal phenomena.

For each detector, the temporal overlap with the consensus is analyzed to-
gether with the alignment of individual temporal events and the stability of
temporal boundaries. This design allows the framework to capture not only
whether a model detects an event, but also how coherently and stably the event
is localized over time.

To quantify these aspects, we introduce the Binary Temporal Quality Score
(BTQS), a metric specifically designed for temporal and spatial evaluation in
unsupervised video analysis settings. The BTQS combines complementary com-
ponents:

– the global temporal overlap between model detections and the consensus,
– the segment-level alignment of temporal events,
– the spatial agreement between detector boxes and the consensus boxes,
– the temporal stability of segment boundaries,
– the computational cost of the detector.

The metric is defined as:

BTQSi = α · tIoUi + α′ · sIoUi + β · F1i − γ · Ji − δ · Ci

where:

– the segment-level temporal Intersection over Union (tIoU) measures the
alignment of individual temporal events;

– the spatial Intersection over Union (sIoU) evaluates how consistently the
detected object is localized within the frame with respect to the consensus;

– the F1 score measures the global temporal agreement with the consensus
segmentation;

– the jitter term J penalizes unstable temporal boundaries.

To account for operational feasibility, the metric includes a computational
cost term, Ci, defined as the ratio between the running time of the i-th de-
tector and the duration of the analyzed video. This component penalizes the
models that privilege temporal quality at the cost of excessive processing time,
and might prove relevant in forensic, security, and video surveillance applica-
tions. The weight parameters α, α′, β, γ, δ ≥ 0 balance the contributions of each
component to the final score.

As opposed to conventional evaluation metrics for object-detection, the above
formulation takes into account temporal reliability explicitly. This makes the
overall approach suitable for surveillance and forensic scenarios, where unstable
detections, fragmented events, or temporally inconsistent outputs may signifi-
cantly reduce the practical usability of a detector. The consensus segmentation
acts as a sort of ground truth, enabling unsupervised evaluation of temporal
detection quality without requiring manually annotated temporal labels.

Appendix A gives the complete mathematical formulation of the framework
and metric.
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4 Empirical Diagnosis: Signal Saturation and Threshold
Sensitivity

4.1 Saturation of the Binary Detection Signal

The presented architecture models each detector as a binary activity signal,
ai(t) (as per Appendix A). Such a reduction is only informative if ai(t) varies
over time: if a detector fires on nearly every frame, the temporal overlap tIoUi

and the agreement F1i saturate, and the metric might lose a discriminative
effectiveness. To take into account this issue and tune parameters accordingly, we
first characterized the activity regime of the four detectors on the full UCF-Crime
corpus [38] (1,800 videos, 13,265,472 frames analysed) at the global confidence
threshold τ = 0.1.

Table 1 reports, for each detector, the fraction of frames containing at least
one detection. Two signals are distinguished: the raw multi-class signal (any of
the 13 logged COCO classes) and the person-only signal, on which the present
instantiation of BTQS operates.

Table 1. Person-class saturation as a function of the confidence threshold τ on UCF-
Crime. Saturation is defined as the fraction of the 13,265,472 frames containing at least
one person detection with confidence above τ .

Detector τ = 0.10 τ = 0.25 τ = 0.50 τ = 0.75

YOLO11 70.86% 62.54% 53.17% 32.07%
Faster R-CNN R50 87.54% 80.66% 73.55% 66.81%
RT-DETR 89.87% 75.09% 63.13% 49.88%
RetinaNet 92.76% 75.61% 59.99% 35.07%

At τ = 0.1 the raw multi-class signal is heavily saturated, ranging from
88.96% (YOLO11) to 98.50% (RT-DETR). Restricting to the person class low-
ers saturation for every detector, to the range 70.86%–92.76%, and widens the
inter-detector spread from 9.54 to 21.90 percentage points. The single-class re-
striction therefore both reduces saturation and increases the discriminative sepa-
ration between detectors. It does not, however, eliminate saturation for the three
detectors with the most permissive operating point (Faster R-CNN, RT-DETR,
and RetinaNet remain above 87%), for which the negative class covers only
7%–12% of frames. This residual saturation motivates the threshold analysis of
Section 4.3.

4.2 Single-Class Scope and Multi-Class Logging

We restrict the present BTQS instantiation to the person class, the most foren-
sically salient category in surveillance footage. Under a single-class regime the
binary reduction ai(t) ∈ {0, 1} discards no class information, a property that
would not hold in a multi-class setting; the multi class extension is left to future
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Fig. 1. Person-class saturation as a function of the confidence threshold τ for the four
evaluated detectors on UCF-Crime (13,265,472 frames). Saturation is computed as the
fraction of frames containing at least one valid person detection above the selected
confidence threshold. The curves exhibit distinct desaturation profiles and different
saturation regimes, indicating substantial differences in confidence calibration across
detector architectures.

work. To keep that extension feasible without re-running inference—an operation
whose aggregate cost on our hardware exceeded 650 GPU-hours across the four
detectors—the inference logs retain all 13 forensically-relevant COCO classes,
ensuring that non-person evidence remains accessible for subsequent analyses.

4.3 Threshold Non-Comparability and Sensitivity

The 21.90-point spread observed at a single global threshold is direct evidence
that the four detectors operate at non-comparable points. Their confidence scores
arise from different mechanisms– softmax over region proposals (Faster R-CNN),
objectness × class confidence (YOLO11), focal-loss sigmoid deliberately shifted
toward low values (RetinaNet [21]), and Hungarian-matched sigmoid logits con-
centrated near the extremes (RT-DETR [25, 30])—and are therefore not directly
comparable on a common probabilistic scale. A single global τ thus places the
detectors in different operating regimes.

Figure 1 (and Table 1) reports person-class saturation as τ is swept. At τ =
0.1 the values reproduce the person-only column of Table 1. As τ increases the
curves cross: RetinaNet, the most saturated detector at τ = 0.1 (92.76%), falls
below both RT-DETR and Faster R-CNN by τ = 0.5 and reaches 35.07% at τ =
0.75, consistent with its focal-loss sigmoid being concentrated at low confidence
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values [21]. Faster R-CNN de-saturates the least (87.54%→66.81%), indicating
a confidence distribution concentrated at high values, whereas YOLO11 remains
the least saturated at every threshold. This non-monotone re-ordering of the
detectors across τ is direct empirical evidence that a single global threshold
is not a common operating point, motivating the per-detector calibration τ⋆i
adopted below.

To address this, rather than relying on a single global threshold, we select
a per-detector operating point τ⋆i directly from the person-saturation curves of
Fig. 1, choosing for each detector the threshold that brings it from its satu-
rated low-confidence regime into a comparable activity band (Section 5.1); this
is an unsupervised criterion that requires no manual annotation. The spatial
component sIoUi (Appendix A) and the temporal components are evaluated
at τ⋆i . Because every detection down to confidence 0.1 is retained in the logs,
all analyses are computed by post-processing, without re-running inference. A
systematic sensitivity analysis of the induced detector ranking across a thresh-
old grid, together with formal significance testing via the Friedman test with
Nemenyi post-hoc analysis [40], is left to future work.

5 Experimental Results

This section presents the experimental evaluation of the proposed consensus-
based temporal assessment framework on the UCF-Crime dataset [38]. The
analysis was performed on a large-scale corpus comprising approximately 1,800
surveillance videos and over 13 million frames. Four object detectors with dif-
ferent architectural paradigms were considered: YOLO11 [42], Faster RCNN [4],
RT-DETR [30], and RetinaNet [21].

As discussed in Section 4, detector outputs were restricted to the person
class in order to reduce semantic noise and improve temporal consistency across
models. Moreover, rather than applying a uniform confidence threshold to all
detectors, model-specific operating points were selected through the saturation
analysis of Section 4.3, compensating for differences in confidence distributions
across architectures and ensuring a more equitable comparison.

The experimental analysis is organized progressively. We first describe the
per-detector operating points (Section 5.1). Subsequently, we analyze tempo-
ral agreement properties and examine the contribution of the individual BTQS
components — temporal overlap, temporal consistency and stability, spatial co-
herence, and computational cost. Finally, a global ranking based on the proposed
metric is presented.

5.1 Detector Operating Regimes via Saturation Analysis

Because the four detectors exhibit different confidence distributions, a common
confidence threshold does not correspond to equivalent operating conditions. We
therefore select detector-specific operating points τ⋆i from the person-saturation
curves of Fig. 1, choosing the onset of the saturation regime for each model.
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The selected thresholds place all detectors within a comparable activity
range, with person saturation between approximately 57% and 68%, reducing
the inter-detector spread from 21.90 percentage points at τ = 0.1 to about 11
points. The resulting operating points are reported in Table 2.

Table 2. Detector-specific operating points τ⋆
i obtained from the person-saturation

analysis.

Detector Operating point τ⋆
i

YOLO11 0.4
Faster-RCNN 0.7
RT-DETR 0.6
RetinaNet 0.5

All subsequent experiments use these operating points. Since the thresholds
are derived from an unsupervised saturation criterion rather than ground-truth
calibration, their validation on externally annotated datasets such as WiderPer-
son [34] is left for future work.

5.2 Consensus-based Temporal-Spatial Results

Table 3 reports the final BTQS results obtained using a temporal gap of 0.30 s,
a consensus threshold of 2/4 detectors, and the calibrated detector-specific oper-
ating points τ⋆i introduced in Section 4.3. The BTQS weights were set to α = 0.4
(temporal tIoU), α′ = 0.4 (spatial sIoU), β = 0.2 (temporal F1), γ = 0.5 (jit-
ter penalty), and δ = 0.3 (cost penalty), consistent with the formulation of
Appendix A.

Table 3. Final BTQS scores obtained with calibrated detector-specific confidence
thresholds and a 2/4 consensus rule. Higher values indicate better temporal-spatial
agreement with the consensus while accounting for boundary stability and computa-
tional cost.

Detector Mean Median P25 GMean WMeandur Global

YOLO11 0.6207 0.6350 0.5135 0.2216 0.5566 0.5018
Faster-RCNN 0.4978 0.5075 0.3815 0.1183 0.4838 0.1700
RT-DETR 0.5042 0.5318 0.4011 0.1168 0.4595 0.2124
RetinaNet 0.4773 0.4953 0.3569 0.1407 0.4500 0.1358

YOLO11 achieves the highest score under all aggregation strategies, obtain-
ing a mean BTQS of 0.6207 and a global score of 0.5018. This result indicates
the best overall balance between temporal agreement with the consensus, spatial
consistency, boundary stability, and computational efficiency. RT-DETR ranks
second according to the global BTQS score (0.2124), while Faster R-CNN and
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RetinaNet obtain lower overall rankings despite exhibiting competitive temporal-
spatial alignment metrics.

Table 4. Mean values of the main BTQS components. Higher values are better for
tIoU, F1 and sIoU, whereas lower values are preferred for jitter and computational
cost.

Detector tIoU F1 sIoU Jitter Cost

YOLO11 0.5396 0.8651 0.6522 0.0309 0.1887
Faster-RCNN 0.5779 0.8772 0.6998 0.0200 0.7139
RT-DETR 0.5767 0.8660 0.6571 0.0246 0.6401
RetinaNet 0.5777 0.8697 0.6629 0.0226 0.7432

To better understand these results, Table 4 reports the mean values of the
principal BTQS components. Faster R-CNN achieves the highest temporal IoU
(0.5779), F1 score (0.8772), spatial IoU (0.6998), and the lowest jitter (0.0200),
demonstrating strong agreement with the consensus both temporally and spa-
tially. RetinaNet and RT-DETR exhibit similar temporal and spatial behaviour,
with comparable tIoU, F1, and sIoU values. However, all three detectors incur
substantially higher normalized computational costs than YOLO11. In particu-
lar, YOLO11 achieves a normalized computational cost of only 0.1887, compared
with 0.6401 for RT-DETR, 0.7139 for Faster R-CNN, and 0.7432 for RetinaNet.

These results highlight the importance of jointly considering detection qual-
ity and computational efficiency. While Faster R-CNN achieves the strongest
temporal-spatial agreement with the consensus, its substantially higher compu-
tational cost reduces its final BTQS. Conversely, YOLO11 combines competi-
tive temporal and spatial performance with the lowest computational burden,
resulting in the highest overall score and the most favourable trade-off among
the evaluated detectors.

6 Limitations and Future Directions

Four aspects of the proposed framework define an agenda for future work. First,
the consensus segmentation inherits any biases shared across detectors in the
ensemble: external validation on annotated datasets such as WiderPerson [34]
will allow inter-model coherence to be disentangled from absolute accuracy. Sec-
ond, the saturation-based calibration of Section 4.3 ensures comparable oper-
ating regimes but does not yield probabilities calibrated in the classical sense;
a systematic comparison with supervised calibration on an annotated subset
will quantify the discrepancy. Third, the enclosing-box formulation of the sIoU
component (Appendix A) is exact for the single-person case but becomes con-
servative in crowded scenes: integrating a per-instance Hungarian matching in
the spirit of HOTA [41] will extend the framework to densely populated con-
texts. Fourth, a quantitative sensitivity analysis of the detector ranking across
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confidence thresholds, supported by Friedman–Nemenyi significance testing [40],
together with the multi-class extension of BTQS (already supported by the re-
tained inference logs), completes the agenda.

7 Conclusions

This work introduced the Binary Temporal Quality Score (BTQS), a consensus-
based framework for evaluating object detectors on long-duration surveillance
video in the absence of manual temporal annotations. The framework reduces
each detector to a binary temporal activity signal, aggregates the signals through
majority voting into a consensus pseudo-ground-truth, and quantifies detector
behavior along five complementary axes: segment-level temporal alignment, spa-
tial agreement under a leave-one-out construction, global temporal F1, boundary
stability, and computational cost. An empirical diagnosis of confidence satura-
tion motivated a per-detector calibration of operating points, addressing the
non-comparability of raw confidence scores across heterogeneous architectures.
Experiments on the UCF-Crime corpus (1,800 videos, 13,265,472 frames) showed
that YOLO11, Faster R-CNN, RT-DETR, and RetinaNet excel along different
BTQS components, and that the composite score integrates these trade-offs into
a single ranking informative for forensic and surveillance deployment.
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Appendix

A Mathematical Formulation of the BTQS Framework

Let ai(t) ∈ {0, 1} denote the binary activity signal of detector i at frame t:

ai(t) =

{
1 if at least one target object is detected

0 otherwise

The detector signals are aggregated through a consensus function:

C(t) = f(a1(t), a2(t), . . . , aN (t)),

where f(·) is implemented as majority voting in all experiments. The con-
sensus is active whenever at least ⌈N/2⌉ detectors are active.

Consensus segments are defined as maximal contiguous intervals where C(t) =
1:

sk = [tstartk , tendk ], Scons = {s1, . . . , sK}.

For each detector i, temporal agreement with the consensus is evaluated
through overlap, extra, and miss regions. Precision and recall are:

Precisioni =
|Si ∩ Scons|t

|Si|t
, Recalli =

|Si ∩ Scons|t
|Scons|t

,

where | · |t denotes temporal duration. The temporal F1-score is:

F1i =
2 · Precisioni ·Recalli
Precisioni +Recalli

.

To evaluate segment-level temporal alignment, we define the temporal Inter-
section over Union:

tIoU(sa, sb) =
|sa ∩ sb|
|sa ∪ sb|

.

The detector-level temporal overlap is computed as:

tIoUi =
1

|Si|
∑

sa∈Si

max
sb∈Scons

tIoU(sa, sb).

To capture spatial consistency, let Di(t) be the set of person detections pro-
duced by detector i at frame t, and let bi(t) denote the enclosing bounding box
of Di(t). The leave-one-out consensus reference is:

B(−i)
cons(t) = enc ({bj(t) : j ∈ C(t), j ̸= i}) ,

where enc(·) denotes the enclosing axis-aligned box. Spatial agreement is
measured through:
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sIoUi(t) =
|bi(t) ∩B

(−i)
cons(t)|

|bi(t) ∪B
(−i)
cons(t)|

.

The detector-level spatial consistency is:

sIoUi =
1

|T+
i |

∑
t∈T+

i

sIoUi(t),

where:

T+
i = {t : ai(t) = 1 ∧ C(t) = 1 ∧B(−i)

cons(t) ̸= ∅}.

Temporal stability is evaluated through boundary jitter. Let Bi and Bcons

denote the detector and consensus boundary sets. For each boundary:

d(b, Bcons) = min
b′∈Bcons

|b− b′|.

The normalized jitter term is:

J̃i =
1

T |Bi|
∑
b∈Bi

d(b, Bcons),

where T is the video duration.
Computational cost is defined as:

Craw
i =

T analysis
i

T video
,

where T analysis
i denotes the detector processing time and T video is the video

duration.
To ensure comparability across detectors, the cost term is normalized with

respect to the maximum computational cost observed across the evaluated mod-
els:

Ci =
Craw

i

maxj Craw
j

.

The final Binary Temporal Quality Score is:

BTQSi = α · tIoUi + α′ · sIoUi + β · F1i − γ · J̃i − δ · Ci,

where α, α′, β, γ, δ ≥ 0 control the contribution of each component.


