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ABSTRACT Occlusion remains one of the main failure points in traffic-scene perception, and the
errors it causes do not follow a single, predictable pattern. In a still frame, a camera may capture
only a pedestrian’s head or upper torso. In video, a tracker can lose that person for several frames
and assign a different identity when the person reappears. Cyclists and riders create a related problem
because the body parts that remain visible may overlap visually with cars, trucks, or nearby road
users. This review examines how image- and video-based methods handle such incomplete observations.
The review covers 96 studies published between 2009 and 2025. These studies investigate visible-to-
full-body localization, interactions among neighboring instances, feature completion, transformer-based
detection, RGB-thermal fusion, tracking, and the less frequently studied problem of inferring fully hidden
pedestrians. Because these tasks produce different outputs, we did not combine their results. Pedestrian and
crowd detection, multispectral detection, hidden-target prediction, and multi-object tracking are discussed
under their original evaluation protocols. CityPersons miss rate measures frame-level detection; MOT17
HOTA includes association across frames; hidden-pedestrian F1 measures prediction quality. We also
recorded runtime, hardware constraints, model size, and sensor requirements when the source papers
provided those details. The published evidence is strongest for pedestrians who remain partly visible.
Much less evidence is available for cyclists, riders, and fully hidden targets. Many deployment claims are
also difficult to assess because the papers do not report results for specific occlusion levels or provide
enough detail about computational cost.

INDEX TERMS Applied computer vision, occlusion-aware visual perception, vulnerable road user
detection, image and video analysis, pedestrian detection, object tracking, multimodal fusion, deployment
challenges

I. INTRODUCTION

TRANSPORT and infrastructure systems now rely rou-
tinely on image and video streams, as do robotics and

surveillance applications. Traffic scenes expose a particular
weakness of these systems: vulnerable road users may
occupy only a few pixels, change appearance with pose,
overlap, or be reduced to a fragment [1]–[4]. In some
frames, the camera records little more than a head, an
upper torso, part of a wheel, or a handlebar. Even so, the
perception stack must decide that a road user is present and
maintain a useful state estimate over time.

Average benchmark accuracy can conceal the failure that
matters in an occluded scene. If the legs or torso are hidden,
the detector loses localization cues; if two people overlap,
pixels from one person enter the region assigned to the

other. A brief disappearance in video can split one trajectory
or cause the returning person to receive a new identity.
Performance on a mixed validation set does not reveal how
often these failures occur in the heavily occluded subset.
Interpreting a result consequently requires the visibility
range and box convention, as well as the runtime setting
and the operational cost of a false warning.

Recent image and video systems draw on convolutional
backbones, feature pyramids, anchor-free detection, trans-
formers, multispectral fusion, segmentation cues, and end-
to-end tracking [5]–[11]. Their occlusion results, however,
come from protocols that ask different questions. CityPer-
sons and Caltech stratify pedestrian detection by visibility
[12]–[14]; CrowdHuman stresses overlapping people [15];
KAIST-style evaluation adds a thermal stream [16]–[18];
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and MOT benchmarks use IDF1, HOTA, and related mea-
sures to test identity continuity [19]–[24]. These results
all inform applied computer vision, but they are not inter-
changeable evidence.

Existing surveys provide useful background on generic
object detection, pedestrian detection, autonomous-driving
perception, occlusion handling, VRU safety, and multi-
object tracking [1]–[7], [25]–[31]. They do not yet provide
a single account that follows an occlusion mechanism from
the available visual evidence, through the benchmark used
to test it, to the constraints of a deployed system. Instead,
studies are commonly arranged by task, architecture, or
application, with occlusion discussed inside each group.
That organization makes two practical questions hard to
answer: which mechanisms have evidence at each visibility
level, and which published results are sufficiently specified
to support a deployment claim?

This review is guided by five research questions:
1) What occlusion mechanisms degrade visual evidence

for pedestrian and VRU perception in image and video
systems?

2) Which mechanisms have been evaluated at partial,
heavy, near-full, and full occlusion?

3) What conclusions about occlusion robustness are ac-
tually supported by current datasets, annotations, and
metrics, and where do those protocols stop being infor-
mative?

4) When detection, segmentation-assisted methods, track-
ing, multimodal fusion, and hidden-target inference use
different protocols, on what basis can their results be
compared?

5) Which 2023-2025 advances are most relevant for real-
time and resource-constrained visual perception sys-
tems?

The review therefore contributes in four respects.
• It develops a mechanism-based taxonomy for occlusion-

aware image and video perception, linking visible-
region modelling, part/full-body localization, attention,
context, feature completion, transformer detection, mul-
timodal fusion, temporal reasoning, and hidden-target
inference.

• For every numerical result, we retain the evaluation
setting in which it was obtained. Benchmark subsets and
label definitions are stated explicitly, and we avoid di-
rect comparisons when changes in the metric, backbone,
or computing platform would distort the interpretation.

• Detection, segmentation cues, tracking, multimodal
sensing, and hidden-target prediction are compared by
the evidence each task retains, while their incompatible
metrics remain separate.

• Practical evidence is examined separately from accu-
racy. We check whether runtime, FLOPs, parameter
count, memory, input resolution, sensor setup, uncer-

tainty, and false-warning cost are reported before treat-
ing a method as deployable.

II. LITERATURE SEARCH AND REVIEW
METHODOLOGY
The evidence base is limited to deep learning studies that
process images or video from traffic scenes and address
pedestrians or other VRUs under occlusion. Detection,
tracking, and hidden-target inference are included because
all three operate on incomplete visual observations. Trans-
portation policy and non-visual warning systems fall outside
the review, except when a system description is needed to
interpret deployment requirements.

Searches were run in IEEE Xplore, ACM Digital Library,
ScienceDirect, SpringerLink, Web of Science, Scopus, the
MDPI database, and Google Scholar. An occlusion expres-
sion (for example, occluded pedestrian, visible box, full-
body detection, or hidden pedestrian) was paired with a
road-user or task expression. The second group included
pedestrian, cyclist, rider, VRU, crowded detection, multi-
spectral detection, and tracking. After the database search,
we followed references from benchmark papers and reviews
and used citation searches to check the methods retained for
analysis.

The review window runs from 2009 to 2025. We se-
lected 2009 because Caltech-USA Pedestrian and the bench-
mark work that followed established much of the modern
pedestrian-detection evaluation practice [44], [45]. Work
predating 2009 appears only when a later comparison de-
pends on its dataset, metric, or baseline. Searches for 2023-
2025 work focused on context-aware detection, transformer
tracking, feature completion, hidden-target reasoning, RGB-
thermal transformers, occlusion-aware association, and real-
time detectors [32]–[39], [46]–[48].

A paper entered the corpus when occlusion was part of
either the method or the evaluation. This covered visual
detection of pedestrians, cyclists, riders, and related VRUs;
dense-scene pedestrian detection; visible-region or full-body
annotation; compensation for weak RGB evidence with
another modality; and inference of a target that was partly or
fully hidden. Video work was retained when disappearance
and reappearance were evaluated. For tracking and re-
identification papers, we required an explicit connection to
missed observations, identity switches, or track fragmenta-
tion rather than a generic MOT result.

Studies were left out when occlusion was incidental
to a generic detector, or when the work concerned non-
visual traffic systems, communication-only warnings, policy,
or a perception task unrelated to detection, segmentation,
tracking, or hidden-target reasoning. Generic detectors and
foundation models are mentioned only when they explain an
architecture, pretraining route, or deployment baseline used
by an occlusion-aware method.

Title and abstract screening, followed by full-text review,
left 96 studies in the final corpus. We did not attempt a statis-
tical meta-analysis because the papers differed substantially

VOL. 15, NO. 3, AUGUST 202611102



J. Feng et al.

in dataset, split, backbone, input resolution, metric, sensing
modality, and hardware. Numerical results are juxtaposed
only when these conditions are reasonably aligned; other-
wise, we discuss the evidence qualitatively and state the
protocol mismatch.

Most numerical evidence comes from pedestrian bench-
marks, principally Caltech, CityPersons, CrowdHuman, and
pedestrian tracks in MOT datasets [12], [44], [15], [19]–
[21]. Although this review uses VRU to include cyclists and
riders, those groups are poorly represented in the reported
occlusion results. We include category-specific results when
they exist and do not extrapolate pedestrian scores to other
road users. This asymmetry sets a clear limit on the review's
conclusions.

III. BACKGROUND: OCCLUSION IN APPLIED IMAGE
AND VIDEO PERCEPTION
We tell apart four situations based on what the camera still
manages to show. First, some portion of the target stays
visible. Second, adjacent instances start to overlap each
other. Third, the target you saw a bit earlier goes missing for
a few video frames. Fourth, the system goes on predicting
a road user even though no current target pixels are present.
The first pair are mostly detection problems, the third one
is the third one introduces association, and the fourth is
more correctly handled as prediction. Any of these can
delay or spoil a warning for a pedestrian or cyclist. Figure
1 connects the observation states to the failure modes and
method families we look at next below.

A. VRU CATEGORIES AND EVIDENCE BOUNDARIES
The benchmark record is kinda dominated by pedestrians,
as in, that’s what shows up the most. Caltech, CityPersons,
CrowdHuman, and MOTChallenge give established evalua-
tion for that category [12], [44], [15], [19]–[21]. Cyclists
together with riders appear in Tsinghua-Daimler Cyclist,
EuroCity Persons, BDD100K, nuScenes and Waymo [49]–
[55], however these datasets seldom release standardized
slices for cyclist or rider occlusion, so it’s not really con-
sistent.

Evidence from CityPersons or CrowdHuman concerns
people, mostly pedestrians, under each dataset's own an-
notation rules. It is not evidence of cyclist performance.
Conversely, a driving dataset that contains riders but lacks
visibility labels can test transfer to traffic imagery, yet it
cannot isolate robustness at a defined occlusion level. The
tables keep those two types of evidence separate.

B. OCCLUSION TYPES AND SEVERITY LEVELS
Occlusion can be described by occluder source, visibility
loss, and temporal behavior. We use inter-class for a road
user blocked by a vehicle or by infrastructure such as a
pole, tree, sign, or building. Intra-class refers to pedestrians,
cyclists, or riders blocking one another. Dynamic occlusion
is caused by moving agents; static occlusion is caused by

stationary objects; mutual occlusion is common in crowds
and mixed traffic.

Because visibility categories differ across datasets, Table
I uses a review-level descriptive scale. It is a common
vocabulary for discussing how methods may behave as less
of the target remains visible, not a replacement for the
benchmark definitions. Every numerical result is still read
using the source dataset's thresholds and subset rules.

C. FAILURE MECHANISMS UNDER OCCLUSION
Occlusion changes both the visual input and the detector's
decisions. A pedestrian may lose visible legs or a cyclist
may lose visible wheels and handlebars; at the same time,
the crop can contain features from the object in front. The
visible extent then, differs from the annotated full-body
box , which kind of makes localization ambiguous. In a
crowd, the detector might put out two decent hypotheses
and lose one, only later during matching or NMS [56]–[61].
In video, a streak of missed observations often shows up in
the evaluation as a fragmented trajectory or even an identity
switch [62], [19]–[21], [63].

What the useful mechanism is, really depends on what
evidence still remains. Visible-part models, and attention,
can still work when a recognizable fragment is there. But
with fewer target pixels, a prediction leans more heavily
on body priors, nearby objects, or a second sensor. And
at zero current visibility, there is no observed region for
a conventional detector, to localize. So the output then
comes from temporal memory or scene context and should
be treated as an uncertain prediction, including those false
warnings.

IV. DATASETS, ANNOTATIONS, AND METRICS
The benchmark picked for assessment sorta sets the edge
of the final claim. In some datasets you can clearly see
full body boxes, others lean on heavy overlap or identity
continuity and yeah, multispectral datasets add a whole extra
sensor stream. These kinds of evidence, they usually do not
show up together in one single benchmark. So, Table II ends
up listing what questions each dataset can answer, and also
which questions its own protocol just cannot resolve.

The clearest occlusion labels in Table II come from
CityPersons, Caltech and CrowdHuman, all centered on
pedestrians, or people i guess. Datasets that have more road
user categories make the scenes in which a method can be
checked a bit wider, but their cyclist and rider instances are
rarely separated into typical visibility groups. So they bring
more category variety without really giving the severity
controlled, kind of evidence that you get for pedestrians.

A. VISIBLE-REGION, FULL-BODY, AND TRACKING
ANNOTATIONS
Occluded-person datasets mostly depend on two kinds of
box definitions. On one hand there is the visible box which
sticks to only the observed pixels, on the other hand there
is the full-body box that somehow goes behind the occluder
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Fig. 1. From traffic-scene occlusion to system error. The diagram relates occluder sources and visibility states to common perception failures, the
measurements used to observe them, and the method families intended to reduce them. The links organize the review and do not represent measured

causal effects.

TABLE I. Review-level conceptual definition of occlusion severity. The visibility ranges are approximate; quantitative claims retain the definitions used
by Caltech, CityPersons, CrowdHuman, KAIST, or the relevant source benchmark.

to reach an estimated body boundary [12], [13], [15]. These
labels end up supervising slightly different tasks: the first
one points to evidence that is actually there, while the
second one tells the model to guess a span that is not directly
seen, and that guess gets more vague the more the person is
blocked . CrowdHuman also includes a head box. That extra
annotation can split neighboring people in crowded scenes,
yet it does not retrieve the hidden body extent [15].

Frame-level labels kind of say not much about identity
when theres a disappearance. Track annotations do the real
work, they show if one pedestrian gets sort of split into a
few short trajectories, or picks up a new identity when they
reappear, or even gets wrongly linked to someone else inside
a crowd [19]–[21] [22]–[24]. These differences matter quite
a lot, especially when motion or even intention is inferred
from a whole trajectory instead of just a single box.

B. METRICS AND PROTOCOL LIMITS
Pedestrian-detection studies often report log-average miss
rate, reflecting the importance of missed detections in safety-
related settings [44], [45]. General and crowded-scene de-
tectors more commonly use AP, while CrowdHuman also
reports the Jaccard Index to expose duplicate and merged
predictions [15]. Video benchmarks add an association di-

mension: MOTA, IDF1, HOTA, AssA, and identity-switch
counts evaluate temporal continuity rather than treating
every frame independently [22]–[24].

A single composite score would blur the distinctions
among these metrics. CityPersons MR, CrowdHuman AP/JI,
KAIST multispectral MR, and MOT HOTA evaluate differ-
ent outputs and failure modes. Accordingly, we interpret
each reported value together with its dataset, split, target
definition, backbone, image scale, metric, and hardware
rather than placing all values in one overall ranking.

V. MECHANISM-BASED TAXONOMY FOR APPLIED
OCCLUSION-AWARE VISUAL PERCEPTION
Section 5 groups methods by the evidence used when
the target observation is incomplete or unreliable. Fig. 2
presents the taxonomy, while Fig. 3 shows representative
mechanisms. Table III is the corresponding comparison
matrix.

A. VISIBLE-PART AND BODY-STRUCTURE MODELING
This family presumes that a recognizable body fragment
survives the occlusion. DeepParts models parts explicitly,
whereas OR-CNN, Bi-box regression, V2F-Net, and PR-
Net++ combine visible-region cues with full-body localiza-
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TABLE II. Occlusion-related evidence available from pedestrian and VRU image/video datasets. “Evidence strength” refers only to the occlusion claim
listed in the table; it is not a judgment of a dataset's overall quality.

Fig. 2. Taxonomy used in this review. The branches follow the information or prior available under occlusion, not the publication date of a paper. A
system may occupy more than one branch; the diagram identifies its mechanisms rather than assigning it a unique historical category.

tion [13], [68], [69]–[71]. The supporting evidence therefore
comes mainly from partial and heavy occlusion, where

the head, torso, or another meaningful fragment remains
visible. Caltech, CityPersons, and CrowdHuman provide the
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Fig. 3. Representative inputs and cues used across the taxonomy. The panels show visible and full-body boxes, attention on an observed region,
neighboring instances, feature completion, earlier video observations, and a paired sensor stream. The crops illustrate the input conditions; the overlaid

boxes and arrows explain the mechanism and are not presented as dataset annotations.

TABLE III. Mechanism-based taxonomy for applied occlusion-aware visual perception, with evidence and deployment implications. Rows may overlap
because a modern system can combine several of the listed mechanisms.

principal evaluations.
The same dependence on remaining pixels defines the

boundary of the approach. Near-full or full occlusion leaves
body-structure priors weakly constrained, and several meth-
ods also require visible-region labels or an additional re-
gression head. The extra computation is often moderate, but
older two-stage designs may exceed an edge-device latency
budget without further optimization.

B. ATTENTION AND VISIBLE-REGION WEIGHTING
Attention-based designs attempt to distinguish target evi-
dence from features contributed by the occluder or back-
ground. MGAN uses a visibility mask to guide one branch

[14]; DAGN changes the sampled locations through de-
formable attention for heavily occluded pedestrians [73];
and AGFEN enhances features in crowded scenes [46]. Pub-
lished gains are concentrated in partial and heavy occlusion,
where the module still has some target pixels to emphasize.

Most evaluations use CityPersons, Caltech, EuroCity
Persons, or CrowdHuman. Feature weighting can suppress
contamination and strengthen a surviving cue, but it cannot
create evidence when the target contributes no pixels. Full
occlusion therefore lies outside the usual scope of these
methods. Their computational cost is also hard to compare
because FPS, parameter count, FLOPs, and measurement
hardware are not reported consistently.
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C. CONTEXT AND RELATIONAL REASONING
Relational approaches compensate for a weak target crop
by considering nearby instances or scene context. Repulsion
Loss changes the training interaction between neighboring
pedestrian boxes [56]; Adaptive NMS adjusts suppression
according to local crowd density [57]; and CrowdDet
permits several person hypotheses to arise from a single
proposal [58]. VLPD draws on a different contextual signal
by adding vision-language self-supervision [32].

Dense mutual occlusion is the main setting in which
relational cues have been tested. Their benefit can reverse
after a change of city, viewpoint, or traffic layout if the
learned scene prior no longer holds. The risk is sharper for
hidden-target inference: a plausible context can trigger a
pedestrian prediction even when the scene contains none.
Deployment cost ranges from low post-processing changes
to heavier relation or language-guided modules.

D. FEATURE COMPLETION AND GENERATIVE
RECONSTRUCTION
Imagine the Unseen reconstructs pedestrian traits that were
lost to occlusion [37] kinda, like not fully but enough to
be tricky. The visible-to-full regression, and the occluded-
person re-identification, end up yielding different outputs.
Still, both try to extend the estimate beyond what you
can actually see, that observed fragment [70], [74]. As the
visible area gets smaller, the learned prior starts to matter
a lot more, while the actual image evidence contributes
less. Under near-full occlusion, there is basically little direct
evidence left to verify if the filled in representation is
correct.

A done feature can help out when the guessed content
matches the hidden target, not the other way around. The
same branch can also build a wrong body representation,
or even just further entrench a target that is actually absent.
For traffic scenes, detection accuracy alone is, consequently,
not enough ; you still need uncertainty and false-positive
behavior in order to reveal where it went wrong. The extra
objective or generative branch may also raise the training
AND inference cost, so that cost needs to be measured, not
merely assumed.

E. ANCHOR-FREE AND TRANSFORMER-BASED
DETECTION
CSP and Bi-Center try to dodge anchor matching, via formu-
lations that are more center oriented [75], [76]. Deformable
DETR keeps the attention within a small bunch of sampled
spatial spots [77], and OBhunter comes with a transformer
representation, meant more for occluded things [78]. So
these architectural tweaks shift how matching happens,
and how features get gathered, but they do not, on their
own, prove anything about robustness to occlusion. The
whole conclusion still needs an evaluation that is built for
occlusion, using a specific protocol.

Evidence is most convincing for partial and heavy oc-
clusion because some target pixels remain available to

context modules or alternative matching strategies. Many
studies, however, report only generic detection scores. A
strong COCO result is useful as a baseline, but it does not
establish occlusion robustness. Such a claim needs visibility-
stratified evaluation, visible/full-body localization analysis,
dense-scene error measures, or identity continuity across
video.

F. MULTIMODAL AND SIMULATION-ASSISTED
PERCEPTION
Multimodal methods supplement unreliable RGB imagery
with non-RGB observations. The RGB-thermal literature
has progressed from the KAIST baselines to cross-modal
representation learning, weak-alignment methods, modality-
imbalance correction, HAFNet, and MS-DETR [16]–[18],
[80], [47], [83]–[86]. STCrowd extends this direction to
crowded multispectral pedestrian perception [79]. These
methods are especially relevant at night, under low contrast,
during partial occlusion, and in other situations where RGB
evidence is weak.

Those gains assume a more demanding sensing setup.
Both devices must be available, their streams synchronized,
and their calibration maintained as weather and operating
domains change. Consequently, a result on KAIST cannot
be transferred directly to a low-cost monocular roadside
camera. Deployment-oriented reporting should specify the
sensor arrangement, alignment assumptions, hardware, run-
time, and performance when one modality is absent.

G. TEMPORAL TRACKING AND IDENTITY
PRESERVATION
Temporal methods assume that short-term disappearance can
be handled by motion, appearance, memory, or association.
The evidence ranges from SORT, DeepSORT, Tracktor,
CenterTrack, and FairMOT to ByteTrack and OC-SORT.
Query-based and memory-based alternatives include MOTR,
MOTRv2, MeMOTR, StrongSORT, and OccluTrack [62],
[63], [87-91, 81], [92, 82, 93]. Tracking is not a secondary
issue for VRU image/video perception because warning and
prediction depend on stable trajectories.

Tracking methods are most useful when a target reap-
pears after a short dynamic occlusion. ByteTrack retains
low-confidence detections for association; OC-SORT re-
vises motion-based matching; transformer trackers propa-
gate track queries; and memory modules preserve a longer
history. None of these mechanisms can bridge an extended,
complete occlusion if the detector supplies no credible
observation. Detection and tracking metrics must therefore
be reported together, because an improvement in one does
not imply an improvement in the other.

VI. PROTOCOL-AWARE COMPARATIVE ANALYSIS FOR
APPLIED VISUAL SYSTEMS
A. RELATION TO EXISTING SURVEYS
Table IV clarifies how this review differs from prior reviews.
The goal is not to claim that earlier surveys are weak; rather,
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it is to specify why they do not fully address occlusion-
aware pedestrian and VRU detection in image/video traffic
scenes.

B. PROTOCOL-AWARE DETECTION COMPARISON
UNDER PEDESTRIAN AND CROWDED OCCLUSION
BENCHMARKS
Table V separates single-frame pedestrian and crowded-
scene detection from multimodal reasoning and tracking.
These rows should be interpreted within their own bench-
mark protocols and not as a single leaderboard. For com-
pactness in Tables V-VII, NR means that hardware or FPS
was not reported in the source paper or was not summarized
in the table.

The strongest detection evidence concerns occluded
pedestrians, not all VRUs. CityPersons supports par-
tial/heavy pedestrian occlusion; CrowdHuman supports
dense mutual occlusion; Caltech provides historical driving-
scene continuity. None of these fully resolves cyclist or rider
occlusion.

C. MULTIMODAL IMAGE/VIDEO FUSION AND
HIDDEN-TARGET REASONING EVIDENCE
Multimodal and hidden-target methods address a different
problem from ordinary visible-box detection. They should
therefore be separated from Table V.

Table VI is not an extension of the RGB-only detector
ranking. An RGB-thermal system observes an extra signal
and entails a second sensor installation. A hidden-target
method may output a risk estimate even when no visible
box exists, so both the output and the cost of error change.
Putting either result on a visible-box leaderboard would
obscure those differences.

D. TRACKING AND IDENTITY PRESERVATION UNDER
OCCLUSION
Table VII , is about identities not so much isolated detec-
tions. Like the main question i guess is whether a target
stays the same target after a spell of disappearance. So the
tracking outputs are deliberately kept separate , from the
frame level comparisons, sort of like different boxes.

Tracking evidence is a bit operational, like it helps in
practice but ,doesn’t really answer the same question as
occlusion-aware detection. A tracker might reconnect an
identity after a short gap you know ,and it may still “work”,
but the result really hangs on detector recall and also on how
solid those remaining observations are.

E. SEVERITY-AWARE AND DEPLOYMENT-ORIENTED
IMAGE/VIDEO SYNTHESIS
The evidence you can use is not spread evenly across the vis-
ibility levels, it kind of depends. Partial occlusion is handled
most thoroughly, mainly because visible body cues stay, and
several benchmarks spell out visibility subsets too. Heavy
occlusion, on the other hand, has drawn more attention,
with body-structure models, crowd reasoning, contextual

hints, and multimodal sensing all showing up. Near-full and
full occlusion are way less standardized though. For those
settings, hidden target prediction, uncertainty modeling, and
false warning analysis tend to be a better fit, rather than AP
or MR by itself. Figure 4 pulls together selected results
inside their original protocols, but Figures 5-7 go further,
basically they merge robustness, deployment constraints,
failure coverage and benchmark support.

Runtime comparisons get, kind of weakened because the
reporting is not fully there. Like, a FPS number is hard to
repeat or verify unless the input resolution, the hardware,
and the whole software stack are stated. Also FLOPs and
parameter counts, they really say little about memory be-
havior or sensor related overhead. And the resource limits
themselves differ a lot between roadside servers, inside the
vehicle processors, and those small edge devices. So any
claim of “real time” should be taken mostly as true only
within the exact conditions where it was measured, not as
a general promise.

VII. RECENT TRENDS IN DEPLOYMENT-AWARE
OCCLUSION-ROBUST VISION
Table VIII is kinda centered on how the evidence changes
for a system, not just publication year, period. The rows,
they separate the semantic context stuff, memory that spans
across frames, extra sensing additions, hidden-target fore-
casting, and lower detector latency. Figure 8 then lines up
these more technical turns on a 2023–2025 timeline so it
feels like, well, a rough ordering.

A. CONTEXT, LANGUAGE, AND FOUNDATION-MODEL
CUES
Recent context-aware work suggests that local appearance
is insufficient when a VRU is heavily occluded. VLPD uses
vision-language semantic self-supervision to improve pedes-
trian detection through contextual semantics [32]. SAM,
Grounding DINO, YOLO-World, and other foundation or
open-vocabulary models add region-level and language-
conditioned cues [40]–[43]. In this problem, their most plau-
sible uses are pseudo-label generation, weakly supervised
scene analysis, open-set handling of VRU categories, and
context-aware pretraining.

That potential should not be confused with direct evidence
on occluded VRUs. Segmenting the visible fragment of a
pedestrian does not show that a generic foundation model
can recover the full-body extent, maintain an identity, or in-
fer a fully hidden road user. Calling such a model occlusion-
aware requires evaluation on visibility subsets and on traffic
protocols for pedestrians, cyclists, or riders.

B. FROM VISIBLE ENHANCEMENT TO HIDDEN-TARGET
PREDICTION
Most detector families still want at least some kind of visible
fragment. Feature completion kind of reduces that reliance,
even so its reconstruction stays tied to what we can actually
observe, those cues. [37]. OccluRoads handles a different
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TABLE IV. Comparison with representative prior reviews. The last column records the part of occlusion-aware traffic-scene VRU detection that remains
outside each review's main scope.

TABLE V. Protocol-aware detection comparison under pedestrian and crowded occlusion benchmarks. Results are not directly comparable across
datasets, splits, backbones, and metrics.

circumstance , by leaning on contextual relations, it helps
infer a pedestrian who could be entirely hidden. [38].When
the current frame contains no target pixels, the output is
better interpreted as a risk estimate than as conventional
detection. Uncertainty and false alarms therefore become
part of the primary evaluation.

C. TEMPORAL AND MULTIMODAL REASONING
Video provides evidence that is unavailable in a single
frame. When a VRU passes behind a vehicle, a tracker
can preserve its previous state and compare the returning
detection with that history [33], [34], [63], [48]. IDF1,

HOTA, and identity-switch counts reflect this continuity;
AP and MR do not. RGB-thermal methods compensate for
weak visible imagery through a paired thermal or infrared
observation [16]–[18], [80], [47]. The two solutions incur
different costs: temporal memory adds association state,
whereas multispectral fusion adds a sensor and its calibra-
tion.

D. DEPLOYMENT-AWARE DETECTION
YOLOv10, D-FINE, RT-DETR, YOLOX, and YOLOv7
are relevant real-time detector baselines [35], [36], [39],
[94]–[96]. Their speed-accuracy results make them possible
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TABLE VI. Multimodal image/video fusion and hidden-target reasoning evidence. These rows are not directly comparable with RGB-only pedestrian
detection because modalities, tasks, and metrics differ.

TABLE VII. Video tracking and identity-preservation evidence under occlusion. Tracking evidence should be interpreted with detection quality and
association protocol.

TABLE VIII. Recent technical trends in occlusion-aware pedestrian and VRU image/video perception. The table highlights what changed technically,
not just which papers were published.

backbones for a traffic system, but do not demonstrate an
occlusion solution. Evidence for that stronger claim would

need visibility-stratified results and, from the same imple-
mentation, FPS, input size, hardware, FLOPs, parameter
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Fig. 4. Protocol-aware quantitative evidence from representative benchmarks. The panels summarize selected protocol-specific results for pedestrian
occlusion subsets, dense human detection, and MOT identity-continuity evaluation. The CrowdHuman panel uses unconnected points because the

methods are categorical rather than temporally ordered. The figure is not a unified leaderboard.

Fig. 5. Qualitative robustness-deployment map of method families for applied visual systems. The map summarizes conceptual tendencies derived from
Tables V-VII. Positions are qualitative and should not be interpreted as measured coordinates.

count, and memory.
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Fig. 6. Failure-mode coverage by method family. The heatmap indicates which method families conceptually address feature loss, feature contamination,
localization ambiguity, NMS or assignment failure, full hidden targets, and identity switches. It is a qualitative synthesis, not a benchmark ranking.

VIII. LIMITATIONS OF THIS REVIEW
The paper's VRU scope is wider than its quantitative
evidence base. Caltech, CityPersons, CrowdHuman, and
MOTChallenge provide relatively strong results for pedes-
trians, but cyclists and riders seldom appear in dedicated
occlusion subsets. Claims about those categories must there-
fore remain cautious, and comparable visibility annotations
are still unavailable.

Cross-paper comparison is constrained by changes in
backbone, input size, training data, and evaluation split. The
metrics also refer to different outputs. CityPersons MR and
CrowdHuman AP/JI score detections; KAIST MR is ob-
tained with paired sensing; OccluRoads F1 concerns hidden-
target inference; and MOT HOTA includes association. The
corresponding results remain in separate protocol groups
rather than a common leaderboard. Values are taken from
the source papers because the code, training configuration,
and evaluation environment needed for a unified rerun were
not consistently available.

Evidence about computational cost is notably sparse. An
accuracy table may omit memory use, input resolution,
hardware, or even the software stack used to obtain an
FPS value. The omission is consequential because feature-
completion branches, transformers, memory-based trackers,
and multispectral systems add cost at different points in the

pipeline.
Visible-box detection and hidden-target prediction are not

the same task. A detector localizes a currently observed
region, and a tracker associates such regions over time.
By contrast, a hidden-target model estimates risk when
no current target pixels are available. Near-full and full-
occlusion benchmarks need to state which output is expected
and evaluate uncertainty and false warnings as well as recall.
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Fig. 7. Evidence supplied by the benchmarks used in this review. The map marks whether a dataset supports analysis of visible/full-body boxes, dense
overlap, temporal identity, paired sensing, hidden-target inference, or non-pedestrian VRUs. It describes dataset suitability, not method performance.

Fig. 8. Recent technical shifts in occlusion-aware pedestrian and VRU image/video perception. The timeline groups 2023-2025 representative studies by
technical direction, including context-aware detection, part-guided transformers, multispectral fusion, transformer tracking, hidden-pedestrian reasoning,

feature completion, and deployment-aware real-time detection.

IX. CONCLUSION
Tables V-VII are complementary evidence summaries rather
than a unified ranking. A low miss rate on a reasonable

pedestrian subset does not resolve behavior under dense,
heavy overlap. Likewise, strong frame-level detection may
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coexist with identity failure after reappearance, and an RGB-
thermal improvement presumes hardware absent from a
monocular roadside installation. AP and MR are informative
only when read with the visibility definition, task protocol,
and sensing configuration that produced them.

For a detector, the informative combination is a stated
visible/full-body annotation rule, an occlusion subset, and
the runtime conditions. A tracking study must additionally
show whether identity survives disappearance. If the system
infers a fully hidden pedestrian, its uncertainty and false-
warning cost are more appropriate than the evaluation lan-
guage of visible-box detection. Existing benchmarks permit
these analyses far more often for pedestrians than for cyclists
or riders.

Recent studies obtain more evidence than the current
RGB crop alone can provide. They kind of draw from scene
context , earlier frames, or maybe even a second sensor;
while completion and hidden-target methods also estimate
content that the camera can’t really observe directly. In
our view the immediate benchmark gap is not just another
overall ranking. It’s more like a clearly specified image or
video protocol, that separates visibility regimes and then
reports enough computational detail so you can actually
identify the hardware where a method is practical.
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